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About 97 % of the total amount of water on Earth is found in the oceans and 2 % is stored

in the Greenland and Antarctic ice sheets. It is only the remaining 1 % that is the amount of

water available for the biospheric processes and for all human needs. This fresh water

component is stored in both surface and subsurface reservoirs. On the surface, the storage

volumes consist of rivers, lakes, man-made reservoirs, wetlands and inundated areas.

Subsurface reservoirs include root zones (the uppermost few metres of the soil), as well as

confined and unconfined aquifers and other geological formations. Except for the deep

aquifers that evolve on thousand-year timescales, terrestrial waters are continuously

exchanged with the atmosphere and oceans through vertical and horizontal mass fluxes (i.e.

precipitation, evaporation, transpiration of the vegetation and surface and underground

runoff). These exchanges as well as the associated storage of water in the different

components of the climate system characterize the global water cycle.

On land, changes in the global water storage result from climate variations, from direct

human interventions in the water cycle and from human modifications of the physical

characteristics of the land surface. Climate variations (which are due to both natural and
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anthropogenic causes) produce changes in the land water balance, leading to either an

increase or a decrease in water storage. For example, cold and wet climatic conditions have

the tendency to increase water storage, while a warm and dry climate has the opposite

effect. Many human activities directly affect land water storage; examples are groundwater

pumping in aquifers, the construction of dams on rivers to form artificial man-made

reservoirs and irrigation for improved agricultural production. Anthropogenic changes in

land surfaces such as urbanization, agriculture and deforestation also lead to water storage

changes.

Being an integral part of the climate system, terrestrial waters have important links to,

and feedbacks with and from, the atmosphere and oceans via energy and moisture fluxes.

Gaining a better understanding of the global hydrological cycle, in particular its terrestrial

component, is thus a key issue in climate research today. It is also of significant importance

for creating an inventory of water resources and for managing them.

In the last two to three decades, global estimates of the spatio-temporal changes in land

water storage (surface, soil and underground waters, as well as snow packs) have relied on

hydrological models, either coupled with atmosphere–ocean global circulation models or

forced by meteorological observations. However, hydrological phenomena are so complex

that it is very difficult to represent the hydrological system in such a simple way. What is

needed is the acquisition of a huge amount of observations and their assimilation into

complex models.

In situ gauging networks have been installed for several decades in many lakes and river

basins. However, they are distributed non-uniformly throughout the world, and they often

suffer from intermittent operation. In situ measurements provide time series of water levels

and discharge rates, which are used for studies of regional climate variability, as well as for

socio-economic applications (e.g., water resources inventory, navigation, land use, plan-

ning infrastructures, hydroelectric energy, flood hazards) and environmental studies (rivers,

lakes, wetlands and floodplains hydroecology). However, for more than two decades,

ground-based gauge networks have declined in many regions (Alsdorf and Lettenmaier

2003), because of economic pressures or for political reasons. For example, over 20 % of

the freshwater discharge to the Arctic Ocean is ungauged; surface water across much of

Africa and portions of the Arctic is either not measured at all or has experienced the loss of

over two-thirds of the gauges (Shiklomanov et al. 2002). The physical removal of gauges

from many lakes and river basins is, unfortunately, a common situation in many parts of

the world. Besides, the distribution of collected data is often restricted, because water-

related data are often considered to be sensitive national information. Therefore, to

accurately measure, monitor and forecast global supplies of fresh water using in situ

methods is almost impossible because of the lack of access to an adequate amount of in situ

measurements worldwide.

For the past 10–15 years, remote sensing techniques have demonstrated their excellent

capability to monitor several components of the water balance of large rivers, lakes and

reservoirs, on timescales ranging from months to decades (e.g., Alsdorf and Lettenmaier

2003; Alsdorf et al. 2007; Famiglietti et al. 2015). For example, radar and laser satellite

altimetry are routinely used for systematic monitoring of the water levels of large rivers,

lakes, reservoirs and floodplains. If combined with satellite imagery, satellite altimeter

observations also enable the variations of surface water volumes to be estimated. Passive

and active microwave sensors offer important information on soil moisture (e.g., the

SMOS mission) as well as on wetlands and snowpacks. Space gravity missions (in par-

ticular the GRACE mission) directly measure the spatio-temporal variations of vertically

integrated terrestrial water storage. When combined with hydrological model estimates or

192 Surv Geophys (2016) 37:191–194
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other observations of surface waters and soil moisture made from space (e.g., from satellite

altimetry and SMOS), satellite gravity data can be used to study groundwater storage

variations. Synthetic Aperture Radar Interferometry (InSAR) can be also used to estimate

river flow.

In the very near future, the Surface Water Ocean Topography (SWOT) mission will

provide frequently updated two-dimensional maps of surface water levels and river dis-

charges, with global coverage and with unprecedented resolution (*100 m globally on

land). All these observations, as well as those planned in the near future (e.g., the European

Sentinel missions), will become increasingly important in improving our understanding of

hydrological processes at work in large river basins and their links with climate variability

and socio-economic activities. Significant new information can be expected by combining

models and surface observations with space observations, which offer global geographical

coverage, good spatio-temporal sampling, continuously repeated monitoring and the

capability of measuring water mass changes occurring at or below the Earth’s surface.

The scientific papers presented in this volume represent the outcome of a workshop on

‘Remote Sensing and Water Resources’ held in October 2014, in Bern, Switzerland, as part

of the International Space Science Institute (ISSI) Earth Observation Programme. The

objective of the workshop was to bring together leading scientists involved in the global

water cycle, land hydrology and water resources research, either processing observations or

running hydrological models or combining both. Two main issues were addressed during

the workshop: (1) promoting the synergistic use of space observations for monitoring water

storage changes in river basins worldwide, and (2) using the space data in hydrological

models either by data assimilation or as external constraints. Participants in the workshop

were experts in different disciplines, including remote sensing, hydrological modelling,

meteorology, geophysics and climate science.

The first two articles address hydrological modelling, at the global scale (‘Modelling

fresh water resources at the global scale; challenges and prospects’ by Döll et al.) and at the

regional scale in a river basin that has been highly modified by human activities (‘Hy-

drological modelling in highly anthropized river basins; example from the Garonne Basin’

by Martin et al.). The paper by Zhang et al. ‘On creating global gridded terrestrial water

budget estimates from satellite remote sensing’ investigates the reliability of global remote

sensing products in closing estimates of the global water budget.

Three papers deal with the use of satellite altimetry and other remote sensing techniques

to study surface waters. The paper by Crétaux et al. is an overview of lake monitoring from

space. Biancamaria et al. demonstrate the high potential of the future SWOT mission to

study surface waters with a precision, spatial resolution and temporal sampling that was

previously unavailable. The issue of monitoring wetlands is addressed by Prigent et al. in

an overview article entitled ‘Towards high resolution monitoring of continental surface

water extent and dynamics at global scale; from GIEMS (Global Inundation Extent from

Multi-Satellites) to SWOT’.

The next three papers deal with the GRACE-based space gravimetry technique and its

capability to measure total terrestrial water storage, accessing groundwater storage by

removing model-predicted surface water storage change. The paper by Humphrey et al.

‘Assessing global water storage variability from GRACE: trends, seasonal cycle, intra-

annual anomalies and extremes’ focuses on short-term water storage anomalies, as well as

on extreme events such as droughts. The recovery of estimates of groundwater depletion in

aquifers from GRACE measurements is discussed by Chen et al. in a paper entitled

‘Groundwater storage changes: present status from GRACE observations’. The paper by

Wada et al. ‘Modelling global groundwater depletion: present state and future prospects’

Surv Geophys (2016) 37:191–194 193

123Reprinted from the journal 3



evaluates the recent advances which modelling approaches bring to enable groundwater

depletion to be estimated at a global scale.

The capability of future space gravity missions with new on-board interferometric laser

systems to improve both the precision and resolution of water storage measurements is

evaluated in Flechtner et al. ‘What can we expect from the GRACE-FO Laser ranging

interferometer for Earth sciences applications?’. The next paper by Lopez et al. ‘Subsur-

face hydrology in the Lake Chad Basin from space-based and hydrogeological data’

investigates how space radiometry combined with hydrogeological data and modelling can

provide constraints on groundwater circulation in semi-arid regions. Finally, an overview

of the significant issue of the provision for human beings of ‘Water and Food in the 21st

century’ is given by de Marsily and Abarca Del Rio.

This Special Issue includes the majority of the lectures presented at the workshop, in

some instances grouped into a single article in order to reflect a broader view of the subject.

This volume focuses on terrestrial waters and, as such, complements the book published as

the outcome of a previous ISSI workshop which was mostly devoted to the atmospheric

water cycle (Bengtsson et al. 2014).

Clearly, studying the global water cycle is a very complex problem as many Earth

processes are at play, and we recognize that several other volumes would be necessary to

fully cover the ongoing research in this domain. However, we hope that the present issue

will contribute to

1. fostering the interests of the science community around future spaceborne missions,

2. supporting the exploitation of past, present and future invaluable spaceborne

measurements, and

3. gathering multidisciplinary teams working together on satellite observations, in situ

data, modelling and data assimilation techniques.

We thank ISSI and the European Space Agency for providing an inspiring framework

which made such a fruitful workshop possible.

References

Alsdorf DE, Lettenmaier DP (2003) Tracking fresh water from space. Science 301:1492–1494
Alsdorf D, Fu LL, Mognard N, Cazenave A, Rodriguez E, Chelton D, Lettemaier D (2007) Measuring

global oceans and terrestrial fresh water from space. EOS Trans AGU 88(24):253
Bengtsson L, Bonnet R-M, Calisto M, Destouni G, Gurney R, Johannessen J, Kerr Y, Lahoz WA, Rast M

(eds) (2014) The Earth’s hydrological cycle. Space sciences series of ISSI vol 46. ISBN 978-94-017-
8788-8

Famiglietti J, Cazenave A, Eicker A, Reager JT, Rodell M, Velicogna I (2015) Satellites provide the ‘big
picture’ for global hydrology. Science 349(6249):684–685

Shiklomanov AI et al (2002) Widespread decline in hydrological monitoring threatens Pan-Arctic research.
EOS Trans AGU 83:13–16

194 Surv Geophys (2016) 37:191–194

123 Reprinted from the journal4



Modelling Freshwater Resources at the Global Scale:
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Abstract Quantification of spatially and temporally resolved water flows and water

storage variations for all land areas of the globe is required to assess water resources, water

scarcity and flood hazards, and to understand the Earth system. This quantification is done

with the help of global hydrological models (GHMs). What are the challenges and pro-

spects in the development and application of GHMs? Seven important challenges are

presented. (1) Data scarcity makes quantification of human water use difficult even though

significant progress has been achieved in the last decade. (2) Uncertainty of meteorological

input data strongly affects model outputs. (3) The reaction of vegetation to changing

climate and CO2 concentrations is uncertain and not taken into account in most GHMs that

serve to estimate climate change impacts. (4) Reasons for discrepant responses of GHMs to

changing climate have yet to be identified. (5) More accurate estimates of monthly time

& Petra Döll
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series of water availability and use are needed to provide good indicators of water scarcity.

(6) Integration of gradient-based groundwater modelling into GHMs is necessary for a

better simulation of groundwater–surface water interactions and capillary rise. (7)

Detection and attribution of human interference with freshwater systems by using GHMs

are constrained by data of insufficient quality but also GHM uncertainty itself. Regarding

prospects for progress, we propose to decrease the uncertainty of GHM output by making

better use of in situ and remotely sensed observations of output variables such as river

discharge or total water storage variations by multi-criteria validation, calibration or data

assimilation. Finally, we present an initiative that works towards the vision of hyperres-

olution global hydrological modelling where GHM outputs would be provided at a 1-km

resolution with reasonable accuracy.

Keywords Global hydrological model � Climate data � Water abstraction � Model

uncertainty � Calibration � Remote sensing data

1 Introduction

Water flows as well as water storage at and below the land surface of the Earth affect water

availability for humans and ecosystems, result in hazards such as floods and affect

atmospheric processes, sea level and global biogeochemical cycles. They have been

increasingly altered by human actions including emissions of greenhouse gases, land use,

water abstractions and the construction of dams and dykes (e.g., Vörösmarty and Sahagian

2000; Sterling et al. 2013). Ecosystems suffer from these alterations and, in many regions,

human development is constrained by water scarcity. Freshwater systems including their

natural and human components need to be characterized regarding both water quantity and

quality to support a sustainable land and water management and a better understanding of

the Earth system. Global-scale quantification of water flows and storage in freshwater

systems under current and future conditions is of particular interest in a globalized world

and can support the wise development of global-scale water management and governance

(Vörösmarty et al. 2015).

Quantification is best achieved by combining in situ and remote sensing data with

physical modelling. Global hydrological modelling serves to estimate water flows on the

land areas of the globe such as evapotranspiration, river discharge or groundwater recharge

as well as water storage (or only water storage variations) in different compartments, e.g.,

in soil or in groundwater and surface water bodies. It uses data on precipitation and other

climate variables over land areas as input and computes water flows from the land areas to

the oceans (or into internal sinks on the continents), thus covering the terrestrial part of the

global water cycle. While global hydrological modelling has been refined and extended

with respect to modelled processes (in particular regarding human impacts on natural water

flows and storages) and computed indicators in the last decade, modelling uncertainties

have not become less albeit better known. These uncertainties are generally categorized

into uncertainties due to model inputs (e.g., climate variables or soil properties), parameter

values and model structure, but uncertainty of observations used for model validation or

calibration also has to be considered (Sood and Smakhtin 2015). Different models compute

contradictory estimates of, for example, mean annual evapotranspiration and low, mean

and high flows in river basins (Gudmundsson et al. 2012) or groundwater depletion (Döll

196 Surv Geophys (2016) 37:195–221
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et al. 2014a). They result in strongly varying projected impacts of climate change on river

discharge (Schewe et al. 2014) or irrigation water requirements (Wada et al. 2013). Even

global mean annual evaporation estimates as derived from global hydrological modelling

(or satellite observations) differ by almost a factor of 2 (Jiménez et al. 2011), which is an

important obstacle for the detection and attribution of changes in evapotranspiration due to

global warming (Douville et al. 2012). Reasons for the discrepant model output have not

been sufficiently analysed.

With this paper, the authors wish to share their perspectives on important challenges of

and prospects for modelling continental water flows and storages at the global scale. In the

next section, we briefly present existing modelling approaches. In Sect. 3, we discuss seven

challenges and illustrate them with results of two global hydrological models (GHMs),

WaterGAP (Döll et al. 2003; Müller Schmied et al. 2014) and PCR-GLOBWB (Wada et al.

2014). In Sect. 4, we present three advancements that may help to better characterize

freshwater flows and storages at the global scale in the future. Finally, we draw our

conclusions.

2 Approaches for Modelling Global Hydrology

To understand and quantify natural and human-induced water flows and storage changes

across large scales, a number of models that simulate the continental part of the hydro-

logical cycle on a regional to global scale have been developed in recent decades. Models

developed to simulate global hydrology can be roughly classified into GHMs, land surface

models (LSMs) and dynamic global vegetation models (DGVMs). Most DGVMs, how-

ever, do not include lateral water flows or surface water bodies, and can therefore only be

used to assess runoff but not discharge. GHMs focus on simulation of water resources; they

have a comprehensive representation of continental hydrological processes and often take

into account human water use as well as man-made reservoirs. LSMs serve as a module of

global climate models (GCMs) and therefore model both water and energy balances at the

land surface. Due to this, they often represent the soil with a higher vertical resolution than

GHMs and represent evapotranspiration and snow melt in a less conceptual manner than

GHMs. LSMs often lack a groundwater reservoir, lateral routing or consideration of sur-

face water bodies, and in most cases, they do not model the impact of human water use or

man-made reservoirs. Finally, some LSMs are able to also model vegetation dynamics, or

DGVMs have been extended to simulate global hydrology including not only vertical but

lateral water flows as well as human water use and man-made reservoirs. In addition,

simulation of irrigation water use is not only done by some GHMs, LSMs and DGVMs but

also by global crop models (e.g., Elliott et al. 2014).

In the following, we do not distinguish between GHMs, LSMs and DVGMs but sum-

marily refer to all of them as GHMs (like Schewe et al. 2014 or Hagemann et al. 2013 did)

because existing models cannot be strictly classified into the three categories and because

we focus on their ability to simulate terrestrial water flows and storages. GHMs typically

simulate the dynamics of soil moisture storage due to precipitation and evapotranspiration,

the generation of runoff and the discharge through the river network. The majority of these

models are based on the water balance concept and track the transfer of water through a

number of storage compartments with time steps ranging from a month to less than 1 day.

Conceptual models are chosen as they are deemed to be more robust than empirical models

and more parsimonious in their data requirements than fully physically based models,

Surv Geophys (2016) 37:195–221 197
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while they maintain the ability to translate the effects of global change on water flows and

storages in a consistent manner. Over time process descriptions have become more

physically based. Few models simulate human water use that is essential to quantify river

discharge, water availability and water stress, and even fewer models represent ground-

water including groundwater recharge and abstractions, which is crucial to assess

groundwater resources. Sood and Smakhtin (2015) presented an overview over 12 GHMs,

and Bierkens et al. (2015) provided a table that describes the main features of GHMs and

regional-scale hydrological models.

3 Challenges

Aiming at an improved representation of freshwater systems at the global scale, global

hydrological modelling faces diverse challenges. We select some of the most important

challenges that have been identified by the scientific community, i.e. constraints that lead

to uncertain model output and thus limit the usefulness of global hydrological modelling

for understanding freshwater systems.

3.1 Modelling Human Water Use

Human water use leads to anthropogenic water flows in the form of water abstractions from

and return flows to surface water or groundwater bodies (Döll et al. 2012; Wada et al.

2011). Quantification of these flows is important for two reasons. On the one hand, water

abstractions, consumptive water use (the part of the withdrawn water that evapotranspires

during use) or net water abstractions (water abstractions minus return flows) are used in

combination with estimates of water availability to compute indicators of water stress (or

water scarcity). On the other hand, these anthropogenic water flows alter natural

groundwater and surface water flows and storages (Döll et al. 2014a, b; Wada et al. 2012).

It was estimated that around the year 2000, mean annual river discharge had been

decreased due to water abstractions and man-made reservoirs by more than 10 % on one-

sixth of the global land area (excluding Greenland and Antarctica), as compared to natural

discharge (Döll et al. 2009). The strongest alterations, with, e.g., both decreases and

increases of mean annual water storage (Döll et al. 2012), are found in semi-arid and arid

areas of the globe, where irrigation is the dominant water use and alterations of river flow

regimes by water abstractions are more important than alterations due to man-made

reservoirs (Döll et al. 2009).

In global hydrological modelling, water abstractions and return flows are mostly esti-

mated at a spatial resolution of 0.5� by 0.5� (55 km by 55 km at the equator) or 50 by 50

(9 km by 9 km). While water use for domestic and industrial purposes is assumed to vary

negligibly throughout the year, monthly estimates of irrigation water use are required due

to the often high seasonal variation of irrigation requirements. Modelling of water use for

households and manufacturing strongly relies on statistical water abstraction data provided

by countries, but data generally exist for a few years only. To derive annual time series by

country, abstractions are modelled taking into account structural and technological change

(Flörke et al. 2013). In addition, downscaling to the grid cell level is required and is mainly

done based on urban and rural population in grid cells (Flörke et al. 2013; Vassolo and Döll

2005). Cooling water requirements for thermoelectric power plants are computed for each
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power plant as a function of power plant type and cooling system, as well as values of

national thermal electricity production (Flörke et al. 2013).

Unlike domestic and industrial water abstractions, irrigation water abstractions are very

rarely measured, and statistical data for countries are generally based on either modelling

or rough assumptions on per hectare irrigation water use. Consumptive irrigation water use

in a grid cell is modelled as a function of irrigated area, crops and climate (e.g., Döll and

Siebert 2002; Rost et al. 2008). Estimation of areas equipped for irrigation and even more

estimation of areas actually irrigated are prone to large uncertainties as quality of statistical

information is very heterogeneous (comp. information of map quality of the Global Map of

Irrigation Areas GMIA v5.0, http://www.fao.org/nr/water/aquastat/irrigationmap/index40.

stm). Assumed cropping patterns describing crop-specific growing periods throughout the

year strongly impact the seasonality of estimated irrigation water demands (Zhou et al.

2015) and to a lesser degree annual values. Global consumptive irrigation water use as

computed by six state-of-the-art global water use models varies between 1000 and

1500 km3/year (Zhou et al. 2015, Siebert and Döll 2010), but this range may underestimate

total uncertainty as all models used the same map of irrigated areas (GMIA). Estimated

consumptive use strongly depends on the algorithm to compute potential (or reference

crop) evapotranspiration, with global values ranging from 1180 to 1450 km3/year just due

to using three different equally plausible algorithms (FAO Penman–Monteith and two

versions of Priestley–Taylor; Siebert and Döll 2010). To estimate water abstractions for

irrigation, irrigation water use efficiencies (water consumption-to-abstraction ratios) need

to be defined, e.g., for individual world regions (Döll and Siebert 2002), or simulated

depending on the crop (in particular paddy rice; Wisser et al. 2008) or type of irrigation

system (surface, sprinkler and drip; Jägermeyr et al. 2015). By modelling water flows in the

three irrigation systems in a processed-based manner for different crops, Jägermeyr et al.

(2015) computed grid cell-specific irrigation water use efficiencies as well as beneficial

consumptive use due to transpiration. They estimated that global abstractions for irrigation

are twice as high as the global consumptive irrigation water use of 1260 km3/year, while

52 % of consumptive use is beneficial.

Irrigation water use is normally computed under the assumption that the crops receive

enough irrigation water to allow actual evapotranspiration to become equal to the potential

evapotranspiration value. However, it is likely that farmers irrigate less in case of water

scarcity. Backed by independent information on worldwide groundwater depletion,

application of a GHM indicated that in areas with groundwater depletion, farmers irrigated

with only 70 % of the optimal water volume (Döll et al. 2014a).

An important uncertainty in human water use modelling relates to the distinction

between the groundwater and surface water abstractions, and also to which degree return

flows caused by irrigation recharge groundwater. Currently, the distinction of the source of

water abstraction appears to more uncertain in the domestic and manufacturing sector than

in the irrigation sector (Döll et al. 2012). Table 1 summarizes major uncertainties in

modelling sectoral human water use at the global scale.

3.2 Uncertain Climate Input

A number of studies have shown the very strong dependence of computed continental

water flows on applied climate input (Biemans et al. 2009; Döll and Fiedler 2008; Guo

et al. 2006; Müller Schmied et al. 2014; Nasonova et al. 2011). Not only precipitation, but

also radiation data are strong drivers of water flows and storages around the globe, while

temperature data have the strongest impact in case of snow and ice. However, both historic
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and future climate information are prone to multiple types of uncertainty which represents

a major challenge for providing reliable GHM output.

3.2.1 Uncertainties in Historic Climate Information and Their Impact on Simulating
Water Resources

Historic climate information applicable for global-scale studies suffers mainly from

insufficient density of high-quality observations but also from observation errors. The

effect of incomplete knowledge about the spatio-temporal distribution of climate variables

during historic periods on global sums of water flows and storage changes is illustrated in

Table 2 where simulation results of the GHM WaterGAP 2.2 (Müller Schmied et al. 2014)

are listed. The considered model output encompasses global mean annual river discharge

into oceans and inlands sinks (equal to renewable water resources in the case of model runs

Table 1 Major challenges in modelling sectoral human water use at the global scale (livestock water use is
neglected)

Water use sector Challenges

Irrigation Areas equipped for irrigation and areas actually irrigated; irrigated crop
calendars; degree of deficit irrigation; climate input; equation for computing
potential evapotranspiration; fraction of return flows to groundwater and
surface water

Domestic Downscaling to grid cells

Manufacturing For many countries, only data on sum of water use for manufacturing and
thermal power plant cooling available; downscaling to grid cells

Thermal power plant
cooling, TP

Temporal development of cooling systems

All sectors Technological change rates leading to water saving; water consumption-to-
abstraction ratio (except TP); differentiation between groundwater and surface
water abstractions (except TP)

Table 2 Mean annual (2000–2009) water flows (precipitation P, discharge into oceans and inland
sinks/total water resources Q, actual evapotranspiration AET, consumptive water use WCa) and change in
total water storage (dTWS) calculated for different WaterGAP 2.2 model variants, in km3/year

1 2 3 4 5 6 7 8

P 111,819 113,215 111,819 113,215 104,768 111,819 111,819 111,819

Q 39,799 42,470 45,743 49,998 41,405 46,908 51,567 44,031

AET 70,948 69,791 64,884 62,154 63,405 64,937 60,282 67,808

WCa 1326 1184 1368 1208 0 0 0 0

dTWS -246 -220 -167 -135 -34 -18 -22 -12

1: STANDARD, 2: CLIMATE, 3: STANDARD NoCal, 4: CLIMATE NoCal, 5: PRINCETON NoCal
NoUse, 6: STANDARD NoCal NoUse, 7: STANDARD NoCal NoUse -20 % net radiation, 8: STAN-
DARD NoCal NoUse ?20 % net radiation

NoCal: model version without calibration, NoUse: model version assuming no human water use (for details
on model variants, refer to Müller Schmied et al. 2014)
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that neglect human water abstractions), actual evapotranspiration, consumptive water use

by humans and water storage changes for the time period 2000–2009. Three different

climate data sets were used to generate the table, all of which are available at the spatial

resolution of WaterGAP (0.5� grids). For the STANDARD model runs, the WFDEI data

were used that combine observational data with ERA-Interim reanalysis data for the years

1979–2009, resulting in climate input with a daily resolution (Weedon et al. 2014). In

variant CLIMATE, the monthly data set CRU TS 3.2 (Harris et al. 2014) was used, but

monthly precipitation totals were replaced by the GPCC v6 precipitation monitoring

product (Schneider et al. 2014) because it includes more observation stations. Downscaling

to daily values was done within WaterGAP, in case of precipitation based on the number of

wet days in each month. Precipitation input used to drive both STANDARD and CLI-

MATE variants is based on monthly precipitation data from GPCC, but correction of

precipitation error and the GPCC product version differ, leading to small differences in

global precipitation (Table 2). Further details on climate input for the two model variants

can be found in Müller Schmied et al. (2014). The PRINCETON model variant is forced by

the ‘‘Global Meteorological Forcing Dataset for land surface modelling v2’’ from Princeton

University which is a combination of global observation-based datasets and the NCEP-

NCAR reanalysis (Sheffield et al. 2006) and is available at http://hydrology.princeton.edu/

data.pgf.php.

WaterGAP 2.2 is calibrated against observed mean annual river discharge at 1319

stations worldwide, by adjusting 1–3 parameters in the basin cells. Table 2 shows that this

calibration reduces the impact of uncertain climate variables on global river discharge into

oceans and inland sinks Q, actual evapotranspiration AET, actual consumptive water use

WCa and change in total water storage dTWS (comp. differences between columns 1 and 2

to differences between columns 3 and 4 in Table 2). While the difference in global pre-

cipitation between CLIMATE and STANDARD of 1396 km3/year is increased to a dif-

ference in Q of 4255 km3/year without calibration, this difference, i.e. sensitivity to

climate input, is reduced by calibration to 2671 km3/year. The difference is still appre-

ciable even in the calibrated model version due to areas without observed river discharge.

Global AET reacts much less sensitive to the different climate inputs. This is also seen

when comparing the results of two uncalibrated model runs (no human water abstractions

assumed) that are driven by either the Princeton or WFDEI climate data (columns 5 and 6).

The Princeton climate data, with global precipitation estimated to be 7051 km3/year less

than in case of the WFDEI data, result in global total water resources that are 5503 km3/

year less than with the WFDEI data.

To perform a first sensitivity analysis regarding uncertain radiation data, daily net

radiation in the uncalibrated STANDARD variant of WaterGAP 2.2 (without human water

abstractions, column 6 in Table 2) was decreased or increased by 20 % in each grid cell

(columns 7 and 8 in Table 2). At least at the scale of 0.5� grid cells, an uncertainty of 20 %

for net radiation is not exaggerated. In case of -20 % net radiation, global actual evap-

otranspiration decreases by 7.2 %, while with ?20 % net radiation, it increases by only

4.4 %. The asymmetry is due to water availability limiting actual evapotranspiration;

radiation-limited areas become water limited when net radiation is increased. With a 20 %

lower global net radiation on the continents, renewable water resources (i.e. runoff) would

increase by 9.9 %, while with a 20 % higher global net radiation, it would decrease by

6.1 %. Figure 1 shows the spatial distribution of the changes in renewable water resources

that are computed by WaterGAP 2.2 to result from a 20 % decrease or increase in net

radiation (average for 2000–2009), in addition to a global map of the baseline net radiation

computed by WaterGAP 2.2. While renewable water resources decrease in most grid cells
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by less than 10 % in case of ?20 % net radiation, they increase by more than 10 % in

many regions of the globe in case of -20 % net radiation. Changes in per cent of water

resources are highest in radiation-limited areas, i.e. in many grid cells with surface water

bodies (e.g., in Tibet) but also in tropical and cold regions (even without surface water

bodies). In water-limited areas, simulated water resources vary less (Fig. 1).

3.2.2 Uncertainties in Global and Regional Climate Projections and Their Impact
on Simulating Future Water Resources

Land and water management as well as assessment of climate change impacts in support of

climate change mitigation require quantitative climate projections from seasonal to multi-

decadal timescales that can be used as input to GHMs. These projections are subject to

uncertainties that are different from the uncertainties of historic climate. The first uncer-

tainty is related to future scenarios of anthropogenic perturbations including emissions of

greenhouse gases and sulphate aerosols, land use change and water management itself all

of which affect future climate at least on multi-decadal timescales. The second uncertainty,

which is related to model deficiencies as illustrated by the different GCM responses to

identical radiative forcings, is important at all timescales. Model uncertainty is generally

Fig. 1 Sensitivity of renewable water resources RWR during 2000–2009 to a decrease or increase in daily
net radiation by 20 % as simulated by WaterGAP 2.2 (Müller Schmied et al. 2014). RWR, i.e. net cell
runoff, as computed with uncalibrated model variant STANDARD (a) and the related net radiation (b), and
RWR changes relative to STANDARD in case of decreased (c) and increased (d) net radiation. nc: Per cent
change cannot be meaningfully computed in case of zero or negative values of renewable water resources
for STANDARD NoCal NoUse and where the value changes the sign. Negative RWR values occur in cells
with lakes or wetlands if evapotranspiration of water flowing in from upstream cells exceeds precipitation
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higher for precipitation than for temperature and arises partly from the limited spatial

resolution of GCMs and the need to parameterize unresolved processes within atmosphere

and ocean and at the land surface. Higher-resolution regional climate models still show

significant biases when driven by atmospheric reanalyses and still require bias correction

based on observations for use in impact studies. While there is hope to narrow model

uncertainty by further increasing model resolution down to a few kilometres, at least for

resolving explicitly atmospheric convective processes, the need of ensemble simulations at

both seasonal and multi-decadal timescales will remain a major obstacle for at least a

decade and raises the issue of both climate model formulation (structural model uncer-

tainty) and model calibration (parameter uncertainty).

The need of large ensembles is related to the third source of uncertainty: the internal

variability of the climate system, that is, the natural fluctuations that arise in the absence of

any anthropogenic forcing (and any natural radiative forcing such as solar activity or

volcanic eruptions). Appreciation of these fluctuations is an important matter for decision

makers because they have the potential to reverse—for a decade or so—the longer-term

trends that are associated with anthropogenic climate change (e.g., Douville et al. 2015).

While they have been recognized as a fundamental limit to predictability from the early

beginning of seasonal forecasting, their relevance in climate scenarios has been empha-

sized more recently and is probably still underestimated in most impact studies which often

use a single realization of a given GCM for driving the impact model.

The relative importance of the three sources of uncertainty varies with prediction lead

time and with spatial and temporal averaging scale, but is also variable dependent.

Focusing on seasonal precipitation at the regional scale from the CMIP3 archive, Hawkins

and Sutton (2011) showed that internal variability contributes 50–90 % of the total

uncertainty for all regions for precipitation projections of the next decade and is the most

important uncertainty for many regions for lead times up to 30 years. Model uncertainty is

generally dominant thereafter. Scenario uncertainty was found to be small or over land

areas. This is different for other climate inputs such as surface air temperature or surface

radiation, and hydrological impacts of climate change differ appreciably between low and

high emissions scenarios in the second half of the twenty-first century (Jiménez Cisneros

et al. 2014).

The fourth source of uncertainty is related to the statistical bias correction of GCM

outputs (e.g., Hagemann et al. 2011). Such techniques are sometimes included in statistical

downscaling tools but, again, must be also implemented on top of dynamical downscaling

tools. Statistical bias correction is commonly applied in climate impact modelling to

correct GCM output for systematic deviations of the simulated historical data from

observations. It has been found that evapotranspiration and river discharge as computed by

GHMs that are driven by GCM output differ significantly for historic time periods if

climate model output is not bias corrected; bias correction of precipitation and temperature

is more important than bias correction of radiation, humidity and wind speed (Haddeland

et al. 2012). Bias correction methods are generally based on transfer functions generated to

map the distribution of the simulated historical GCM output to that of the observations.

Those are subsequently applied to correct the future projections, thus making the

assumption that GCM biases are constant over time. While such an assumption is not

necessarily true, especially for precipitation biases (Chen et al. 2015), there are other

challenging assumptions in most bias correction techniques.
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3.3 Quantification of the Role of Active Vegetation Under Changing Climate
and CO2 Concentrations

When climate and atmospheric CO2 concentrations change due to anthropogenic climate

change, vegetation changes too. Therefore, evapotranspiration and runoff are not only

affected directly by changes in climatic variables but in addition by the vegetation reaction

to changes in climatic variables and CO2 concentration. Rising CO2 concentration causes

two counteracting effects (Gerten et al. 2014). On the one hand, the physiological effect

reduces opening of leaf stomata, as less water is required to assimilate carbon in case of

higher CO2 concentration; this decreases transpiration for the same climatic conditions. On

the other hand, CO2 fertilization may cause increased plant growth leading to increased

transpiration per unit area (structural effect). Current quantification of these effects is

highly uncertain, due to diverse observational evidence but also algorithms in DGVMs

(Gerten et al. 2014). This is true not only for natural vegetation but also for crops (Elliott

et al. 2014). In addition, the changing climate itself affects the vegetation, e.g., altering

biomass production or vegetation cover or even leading of a biome shift.

It is uncertain how vegetation responses to increasing CO2 and changing climate will

affect water flows, which adds uncertainty to the response of water flows to climate

change. Effects may be large, in particular where the type of vegetation changes. A

modelling study with a DGVM indicated that until the end of the twenty-first century the

active vegetation may cause a relative increase in runoff in response to increased atmo-

spheric CO2 concentration (physiological effect dominant), except in areas where grass-

land changes to deep-rooted vegetation in a warmer climate (Murray et al. 2012). In case of

4 �C global warming, the high temperatures lead to decreased vegetation cover, such that

runoff as a ratio of precipitation is projected to increase worldwide (Murray et al. 2012).

Large uncertainties also surround the response of vegetation to persistent droughts in both

present-day and future climates, especially over the Amazon rainforest (Joetzjer et al.

2014).

Most GHMs, like most basin-scale hydrological models, do not model vegetation

responses to changes in climate and atmospheric CO2 concentrations. Thus, if, for

example, the physiological effect were dominant, those GHM would underestimate future

runoff and thus renewable water resources. Neglecting the reaction of crops to increased

CO2 may lead to an overestimation of future irrigation water demand (Wada et al. 2013;

Elliott et al. 2014; Gerten et al. 2014). In the multi-model study of Wada et al. (2013), the

only model that considered CO2 effects on crop photosynthesis and transpiration shows a

decreasing trend in future irrigation water demand (about 10 % by the end of this century)

and increasing yields, while model runs without CO2 effect indicated pronounced increases

in future irrigation water demand ([20 % by the end of this century).

Unfortunately, models that simulate vegetation responses strongly disagree among each

other on the effect of active vegetation on evapotranspiration and runoff. In a multi-model

study on projected runoff changes between 1981–2010 and 2070–2099, two DGVMs

computed higher runoff, and two computed lower runoff compared to GHMs with passive

vegetation (Fig. 2; Davie et al. 2013). Comparing the runs of the four models with elevated

CO2 to runs with constant CO2, they found that modelling the CO2 effect on vegetation

contributes to an increased spread in runoff projections. The challenge is to (1) improve

modelling of climatic and CO2 effects on vegetation with respect to evapotranspiration and

runoff and (2) to include the effect of the active vegetation on evapotranspiration and

runoff also in the majority of GHMs that do not model vegetation dynamics.
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3.4 Understanding of Why GHMs (Including Global Irrigation Models)
Respond Differently to Changed Climate Input

Traditionally, GCMs have been considered as a major source of the uncertainty in future

hydrological assessments. Therefore, hydrological studies on the impact of climate change

applied not only the output of one but multiple GCMs as input to the hydrological model

(Jiménez Cisneros et al. 2014). However, recent model intercomparison projects (Water-

MIP and ISI-MIP) where various GHMs were driven by either standard historic climate

data or the bias-corrected output of multiple GCMs showed that differences among GHMs

are also a major source of uncertainty regarding evapotranspiration, runoff and discharge

(Dankers et al. 2014; Davie et al. 2013; Gosling et al. 2011; Haddeland et al. 2011, 2014;

Hagemann et al. 2011, 2013; Schewe et al. 2014) and irrigation water demand (Wada et al.

2013; Elliott et al. 2014). The uncertainty can be larger than that arising from GCMs,

depending on the region and the output variable. Considering eight GHMs but only three

GCMs, Hagemann et al. (2013) found that the spread in projected changes of actual

evapotranspiration dominantly caused by the different GHMs in most areas of the world,

while the spread in projected runoff was dominantly caused either by the GCM or by the

greenhouse gas emissions scenario (considering changes until the end of the twenty-first

century). However, the small number of applied GCMs and bias correction of GCM output

has limited the spread of GCM output. Applying eleven GHMs driven by five bias-

corrected GCMs, Schewe et al. (2014) determined that GHMs were responsible for a larger

spread in river discharge than the GCMs on most of the global land area. This can be

explained by the fact that they compared model results not for a specific time period but for

Fig. 2 Uncertain impact of vegetation response on runoff changes under future anthropogenic climate
change: scatterplot of runoff change against precipitation change between 1981–2010 and 2070–2099 in
mm/day for world regions as computed by global hydrological models not taking into account active
vegetation (blue) and global vegetation models that do (green). All models are forced with HadGEM2-ES
RCP8.5 climate. Figure by Davie et al. (2013)
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a specific global warming for which the GCM outputs are more similar. Projections of the

impact of climate change on optimal irrigation water abstractions as computed by seven

GHMs driven the same GCMs were dominated by GHM uncertainty throughout the

twenty-first century (Wada et al. 2014). With these studies, it has become state-of-the-art

that an ensemble of model runs that has been generated by driving multiple GHMs with the

output of multiple GCMs should be evaluated in water-related climate change impact

studies. Analysis of such multi-model ensembles should not be restricted to the ensemble

mean but also consider results of individual models that would imply a high risk, i.e.

results that may have strong negative impacts due to high vulnerability (Döll et al. 2015).

Why do the responses of GHMs (and hydrological models in general) to climate change

projections vary so widely? Possible reasons include (1) different model algorithms for the

computation of potential and actual evapotranspiration as well as runoff generation, (2)

modelling (or not) of energy balance in addition to water balance, (3) modelling irrigation

water requirements based on soil water deficits as derived from soil water balances or as

the difference between optimal evapotranspiration and available water, (4) different

physiographic input parameters such as soil properties and land use and (5) different

simulation of vegetation, including the CO2 effect on crops and other vegetation. The latter

aspect has already been discussed in the previous section.

None of the multi-model studies has been able to analyse in depth the reasons for the

discrepant results of the individual GHMs. Hagemann et al. (2013) concluded that large

differences in projected changes between the GHMs may be attributed to different model

formulations of evapotranspiration but provide no further detail. Different methods for

computing potential evapotranspiration (e.g., taking into account only temperature, or also

radiation or humidity and wind speed) may explain the disagreement not only in energy-

limited regions (Haddeland et al. 2012). Among eleven hydrological models applied for the

ISI-MIP project, a few models used temperature-based methods for simulating potential

evapotranspiration (Schewe et al. 2014), which has likely contributed to the spread.

Haddeland et al. (2011) analysed differences among eleven GHMs driven by the same

historic climate input, discussing the impact of energy balance-based snow algorithms as

compared to degree day-based snow algorithms (affecting seasonal flows) and the impact

of differing parameter values. They found that regarding ‘‘the interannual variation in

runoff and evapotranspiration, no major differences have been found between the models

run at daily or subdaily time steps or between models using different evapotranspiration or

runoff schemes’’ (Haddeland et al. 2011, p. 882).

Model intercomparison studies should go beyond the identification of the spread of the

model ensemble but also try to understand reasons for the spread and identify routes

towards model improvement. However, the challenge of understanding why a large

number of complex GHMs with a high spatial and temporal resolution react differently to a

spatially and temporally heterogeneous change in input variables may appear over-

whelming. A step towards progress could be to devise feasible intercomparison strategies

that aim at understanding the major drivers of the spread. Another step would be to assess

the capability of the GHMs to simulate hydrological effects of past climate variability,

under the assumption that a model that does a good job in simulating hydrological

responses to, e.g., inter-annual climate variability is also able to better simulate impacts of

climate change. Hydrologists should study lessons learnt in model intercomparison of

climate (e.g., Knutti and Sedlacek 2013) or dynamic vegetation models (Sitch et al. 2008;

Warszawski et al. 2013). Regarding GCMs, Knutti and Sedlacek (2013) found that model

spread regarding future temperature change has not decreased in the new CMIP5 model

ensemble as compared to the CMIP3 ensemble, i.e. after about than 6 years of massive
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efforts in model improvements. They argue that GCMs have improved and now represent

more processes in greater detail, which implies greater confidence in projections even if

model spread, which is often called model uncertainty, has not decreased. A decreased

spread might even misleading if caused only by using more similar model input or more

similar algorithms that become to be considered ‘‘state-of-the-art’’ within the scientific

community even without firm scientific support. Regarding DGVMs, the study of Sitch

et al. (2008. p. 2035) showed ‘‘the ability of models to satisfy contemporary global carbon

cycle constraints, while future projections diverge markedly’’, as many different parameter

combinations allow recreating the historical record but lead to divergent future projections.

3.5 Modelling of Monthly Time Series of River Discharge and Human Water
Use to Support More Meaningful Indicators of Water Stress for Both
Humans and Ecosystems

Currently, indicators of water stress are mostly defined based on mean annual values of

water availability and use (e.g., Kiguchi et al. 2015, Arnell and Lloyd-Hughes 2014).

Water stress for humans and freshwater ecosystems as well as environmental flow

requirements could be defined more meaningfully at the monthly timescale (Hoekstra and

Mekonnen 2011) as use of mean annual values masks differences in seasonality and

interannual variability. Consideration of mean annual values only leads to an underesti-

mation of water stress in highly seasonal flow regimes, e.g., in monsoon regions, as well as

in regions with high interannual flow variability, e.g., in semi-arid and arid regions.

However, WaterGAP and most likely all other GHMs are not capable of satisfactorily

simulating monthly time series or even mean monthly values of river discharge and human

water use. Müller Schmied et al. (2014) found that even for most of the 1319 gauging

stations used for model calibration (that considers only mean annual river discharge),

monthly (their Figs. 6 and 7, and Table 4) or mean monthly river discharge (their Fig. 5)

was not well simulated. In case of the best model version (STANDARD), only 28 % of the

basins showed a modelling efficiency (Nash–Sutcliffe coefficient) of more than 0.7, while

46 % of the basins had a value of less than 0.5. Simulation of seasonality of irrigation

water use is known to be highly uncertain as cropping patterns and calendars are not well

known (Portmann et al. 2010). Besides, cropping patterns and calendars would ideally be

simulated as a function of climate. Therefore, we believe that it is currently not reasonable

to compute, in global-scale studies, water stress indicators based on monthly water

availability and use. The challenge is to improve both GHMs and their input data such that

reliable monthly time series of river discharge and human water use are computed.

An alternative to indicators based on monthly discharge values is to consider statistical

monthly low and high flows, e.g., Q90 and Q10, the river discharge that is exceeded in 9 out

of 10 months and 1 out of 10 months, respectively. These statistical low and high flows

include seasonal and inter-annual variability of monthly river discharge, which is partic-

ularly high in the dry regions of the globe, and are ecologically relevant indicators of the

flow regime. They can be computed reasonably well by the GHMs WaterGAP and PCR-

GLOBWB, at least for the gauging stations whose mean annual discharge was used for

calibrating WaterGAP (Fig. 3). Simulation of high flows is better than simulation of low

flows. In case of observed Q90 values of less than 1 km3/month or 10 mm/month, Q90 as

simulated by WaterGAP simulations may differ very strongly from the observed value

even though WaterGAP was calibrated against mean annual river discharge of these sta-

tions (Fig. 3 top). WaterGAP tends to overestimate Q90 (with 592 of the simulated 821

values being larger than the observed ones) and to underestimate Q10 (with 608 of the
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simulated 821 values being smaller than the observed ones). PCR-GLOBWB shows the

same behaviour but to a much lesser extent (Q90: 497 of the simulated 821 values are larger

than the observed ones; Q10: 449 of the simulated 821 values are smaller than the observed

ones). However, model results of PCR-GLOBWB show a lower fit to observed low and

high flow values as the model is not calibrated against mean annual discharge at the

depicted gauging stations. Water stress indicators based on monthly Q90, where water use

is often taken to be mean annual consumptive water use instead of mean annual water

abstraction, were applied, e.g., by Alcamo et al. (2007) and Hanasaki et al. (2008).

3.6 Simulation of Groundwater–Surface Water Interaction and Capillary
Rise by Gradient-Based Groundwater Modelling

Groundwater is the largest store of freshwater available for human use. It is replenished by

precipitation in the form of diffuse groundwater recharge through the soil and sometimes

by concentrated recharge from surface water bodies (Taylor et al. 2013). Groundwater

flows along gradients of hydraulic head, but this is not represented yet in GHMs. In

particular, groundwater flow between grid cells is not simulated. If at all, groundwater is

represented in GHMs mainly as a linear storage compartments that discharge groundwater

as baseflow into surface water bodies, baseflow being a function of groundwater storage.

With a linear groundwater store, the relative temporal changes of groundwater storage can

be computed, also as affected by groundwater abstractions (Döll et al. 2014a, b).

Groundwater storage changes can be translated to variations of groundwater table eleva-

tions, but there is no information of the absolute elevation of the groundwater table or

depth to groundwater table. An approach for taking into account groundwater in climate

models by Niu et al. (2007) allows to compute depth to groundwater table and capillary

rise but does not simulate lateral groundwater flow (nor groundwater recharge from surface

water bodies).

Fig. 3 Validation of monthly low and high flows Q90 (left) and Q10 (right) as simulated by the global
hydrological models WaterGAP 2.2 (Müller Schmied et al. 2014) (top) and PCR-GLOBWB (Wada et al.
2014) (bottom) against observations at 821 of the 1319 WaterGAP calibration stations with at least 15 years
of data and basin area of at least 20,000 km2. Note that different from WaterGAP, PCR-GLOBWB is not
calibrated to mean annual observed discharge at the depicted gauging stations
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Without dynamic modelling of the elevation of the groundwater table, groundwater

recharge from surface water bodies, which is particularly important in dry regions, cannot

be represented well. Döll et al. (2014a) used a very rough estimate of groundwater recharge

from lakes and wetland in semi-arid and arid regions of the globe to avoid underestimation

of groundwater recharge and thus overestimation of groundwater depletion. Equally,

capillary rise from groundwater to the soil cannot be represented well if the distance of the

groundwater table to the land surface is not simulated. Thus, for a simulation of ground-

water–surface water interaction and capillary rise, it is necessary to estimate the temporally

changing elevation of the groundwater table well; this can only be achieved if lateral

groundwater flow driven by gradients of hydraulic head (or groundwater table) is computed

(Fan et al. 2007; Jones et al. 2008; Kollet and Maxwell 2008; Krakauer et al. 2014;

Maxwell et al. 2007; Maxwell et al. 2015). Lateral groundwater flow is described by a

partial differential equation the solution of which is computationally more involved than

solving the ordinary differential equation that is used to describe groundwater storage and

outflow in typical hydrological models. However, the main reason for not including gra-

dient-based groundwater flow modelling in GHMs may be the extreme lack of information

on groundwater that is available for global-scale studies (Taylor et al. 2013; de Graaf et al.

2015).

For North America, Miguez-Macho et al. (2007) linked a land surface scheme with a

two-dimensional gradient-based groundwater model and computed, with a daily time step,

gradient-based groundwater flow, water table elevation, groundwater–surface water

interaction and capillary rise, using a spatial resolution of 12.5 km. One challenge was the

determination of the river conductance that affects the degree of groundwater–surface

water interaction. Capillary rise was computed using the Richards’ equation for a soil

column reaching down to the groundwater table by soil layers of variable thickness; the

model appears to overestimate capillary rise that is computed to dominate in all flat regions

during May–October. Vergnes et al. (2012, 2014) established a gradient-based ground-

water model applicable for global-scale modelling and applied it to France with spatial

resolutions of 0.5� and 5 arc-min. The transient model simulates two-dimensional

groundwater flow dynamics and also accounts for groundwater–river exchange and cap-

illary rise. It is currently being implemented in the GHM of CNMR (Centre National de

Recherches Météorologiques, France). Fan et al. (2013) developed a high-resolution

(30 arc-s) steady-state global groundwater flow model driven by diffuse groundwater

recharge, taking into account land surface elevation. The results indicated that patterns in

water table depth explain patterns in wetlands at the global scale and vegetation gradients

at regional and local scales. This study was an important step towards simulating

groundwater dynamics globally. However, in the chosen approach, neither the important

hydraulic connection between rivers, surface water bodies and groundwater nor spatially

distributed hydrogeological information was taken into account. A subsequent study by de

Graaf et al. (2015) presented an alternative global-scale steady-state groundwater flow

model of a shallow aquifer (spatial resolution 6 arc-min), estimating aquifer depths and

using a global lithological map (Hartmann and Moosdorf 2012) in combination with

estimates of lithology-specific hydraulic conductivity (Gleeson et al. 2014). The results

showed the importance of lateral groundwater flows over catchment boundaries as inter-

basin flow paths. Both models are likely to overestimate the depth to groundwater. They

are not dynamic and are not coupled to a model that dynamically models groundwater

recharge and surface water levels. Therefore, the simulation of groundwater–surface water

interactions is very limited, and neither capillary rise nor groundwater pumping or

groundwater recharge by irrigation return flows is considered.
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At a continental scale, Maxwell et al. (2015) showed the possibility of setting up an

integrated hydrological model that simulates surface and subsurface flow at a high spatial

resolution (1 km). The model solves surface and subsurface flow simultaneously and is

constructed entirely of available datasets including topography, soil texture and hydro-

geology. However, the steady-state simulation did not take into consideration runoff

generation, transient dynamics or human activities such as groundwater pumping that

affect the quantity of surface water fluxes and groundwater recharge (Döll et al. 2014a, b).

Maxwell et al. (2015) concluded that these limitations can be addressed within the current

modelling framework but require additional computational resources. Advanced soil–

groundwater–surface water modelling systems such HydroGeoSphere (Brunner and Sim-

mons 2012) that are widely applied at local scales would require not only faster computers

and better calibration strategies but also good quality data to be applicable at the global

scale.

Given the poor knowledge on the three-dimensional shape and distribution of aquifer

bodies as well as restricted computational resources, gradient-based groundwater mod-

elling cannot aim, in the near future, at modelling groundwater flows in three dimensions

or at supporting the sustainable management of specific aquifers. The focus is on better

representing groundwater–surface water interactions and capillary rise. Here, the major

challenge is to achieve a reasonable representation even with relatively large grid sizes

such that it is computationally feasible to perform transient groundwater flow simulations

that are coupled to soil water and surface water dynamics.

3.7 Detection and Attribution of Observed Changes in Freshwater Systems

Detection is the process of demonstrating that an observed change cannot be explained by

internal climate variability only. Attribution of a change to anthropogenic influence

requires the additional demonstration that the detected change is consistent with the change

simulated in response to a combination of external forcings. While detection is generally

done using statistical methods, attribution almost always requires the use of models. Most

often in hydrology, detected change, e.g., of river discharge, is attributed to observed

changes in climate or CO2 concentrations (Jiménez Cisneros et al. 2014). Attribution of

hydrological changes to human climate-altering activities is seldom attempted because it

requires the application of climate models. An exception is the study of Pall et al. (2011)

where citizens allowed the researchers to perform a very large ensemble of climate model

runs on their computers such that it could be shown that increased greenhouse gas con-

centrations increased the likelihood of a specific historic flood event in the UK by

approximately a factor of 2–3.

Detection of changes of water flows and storages is limited by availability of, e.g., river

discharge data or data on groundwater recharge. In the case of river discharge, available

data are inhomogeneous as records of many stations end in the 1990s or even earlier, and

there are a large number of ungauged basins around the world so that there is no good

global coverage of river discharge by gauging stations. In case of the important variable

groundwater recharge, there are no measured time series at all. In addition, the strong

spatio-temporal variability of hydrological variables makes it hard to detect changes, e.g.,

changes in flood frequency. Attribution of detected changes of river discharge is chal-

lenging because river discharge is affected not only by climatic (and CO2) changes but also

by changes in land use and water abstractions (Jiménez Cisneros et al. 2014).

There are studies that tried to attribute changes in river discharge to changes in climate,

CO2 and land use (Gedney et al. 2006) and, more recently, to the radiative effect of
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anthropogenic aerosols (Gedney et al. 2014). Such studies were based on the comparison

between annual river discharge derived from offline land surface simulations on the one

hand and from observed river discharges on the other hand. The river basins with sig-

nificant irrigation were ignored so that the role of human water use was considered as

negligible. Yet, the conclusions of Gedney et al. (2006) that CO2 increase played a large

role in causing increased global river discharge were challenged. They are highly uncertain

not only due to the specific model assumptions on physiological versus structural effects on

evapotranspiration but also because the applied precipitation data set is not suitable for

evaluating trends as it is based on a temporally varying number of precipitation gauging

stations, and because a more recent compilation of observed river discharge resulted in a

decrease in global river discharge over time (Gerten et al. 2014). Alkama et al. (2011) were

successful in simulating recent river discharge trends without accounting for physiological

effects and emphasized the possible relevance of permafrost thawing for capturing the

discharge trends of northern high-latitude rivers.

As far as evapotranspiration (ET) is concerned, changes at the continental to global

scale are even more difficult to analyse due to lack of direct measurements. Only relatively

few monitoring sites operate around the world and the period of record is quite short. Two

studies (Jung et al. 2010, Wang et al. 2010) have used such in situ measurements for tuning

global empirical ET schemes based on remote sensing and standard meteorological data.

They agreed on a global increase in annual mean ET by about 7 mm per year per decade

from 1982 to the late 1990s. These results were compared with ET outputs of process-

oriented land surface models and were found to be relatively robust (Jung et al. 2010). The

1982–2008 period was, however, too short for a formal detection and attribution. More

recently, Douville et al. (2012) used several global ET reconstructions based on two land

surface models driven by two precipitation forcings and attributed the reconstructed multi-

decadal variations of annual mean ET in three latitudinal belts to anthropogenic climate

change. The ET reconstructions neither accounted for direct CO2 effects on ET nor

accounted for changes in land or water use, thereby allowing a fair comparison with GCM

outputs and a more robust attribution of the effect of anthropogenic climate change. Yet,

this strategy did not allow the authors to assess the possible impacts of other human

activities on ET, such as water abstractions.

4 Prospects

The role of global hydrological modelling is to combine large amounts of diverse and

mostly spatially and temporally resolved data in order to estimate continental water flows

and storages and resulting policy-relevant indicators of the water situation worldwide. To

decrease the uncertainty of the computed estimates, it will be fruitful to generate and

utilize improved GHM input data such as climate data but also to make better use of

observations of GHM output variables such as river discharge or total water storage

variations. This can be done by multi-criteria validation, calibration or data assimilation. A

higher spatial resolution of GHM models beyond the current 0.5� resolution

(55 km 9 55 km at the equator) will increase the policy relevance of GHM output, e.g.,

for supporting integrated water resources management at the scale of river basins.
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4.1 Multi-criteria Validation Against River Discharge and Geodetic/Remote
Sensing Observations

Observations of river discharge are ideally suited for validating macro-scale hydrological

models because the point observation integrates over processes in the whole upstream

basin of the gauging station. Besides, river discharge is a flow that can be related quite

easily to water availability which is the focus of many assessments. Finally, long time

series of observational data exist for many stations around the globe and some of them are

compiled by the Global Runoff Data Centre (GRDC). When validating model output

against observed river discharge, measurement errors should be taken into account, ideally

in a station- and discharge-specific manner. None of the 500 UK gauging stations has a

discharge observation uncertainty of less than 10 % (for individual measurements at mean

flow conditions) due to uncertain stage–discharge relationships, while 83 % of the stations

for which uncertainty could be determined has an uncertainty of less than 40 % (Coxon

et al. 2015).

Observational data of other components of the water cycle in addition to river discharge

are needed to validate hydrological models due to the well-known equifinality problem

(Beven and Freer 2001); more than one parameter combination (or model) can lead to a

good fit between discharge observations and simulations, while other water flows or

storages would be projected very differently by model variants that result in equally good

simulations of the river discharge. Therefore, a multi-criteria validation that considers

other observed flows or water storage variations or any other observation that are related to

flows and storages can be expected to be highly informative.

As an example, total water storage (TWS) variations as modelled by GHMs can be

validated against satellite-based geodetic observations of monthly gravity variations of the

GRACE satellites (Tapley et al. 2004), at least if all important storage compartments like

the groundwater and large surface water bodies are taken into account in the GHM.

Simulated TWS variations can also be validated by continuous GPS observations at more

than 200 network stations worldwide because water storage variations cause crustal

deformations which lead to displacements of the GPS reference point (Döll et al. 2014b).

Comparing simulated TWS variations against both GRACE and GPS, Döll et al. (2014b)

identified regions where the WaterGAP GHM underestimates seasonal variability of TWS

and found that maximum TWS occurs 1 month too early in WaterGAP for most land areas

(based on GRACE only). Validating groundwater depletion as computed by WaterGAP

against both in situ well observations and GRACE TWS allowed the conclusion that

farmers in groundwater depletion area irrigate with only 70 % of the optimal value (Döll

et al. 2014a). In the future, combined validation of GHM model output against river

discharge and TWS (e.g., Alkama et al. 2010) should be intensified, and time series of lake

or river water tables as measured by radar altimetry should serve as additional observa-

tional data sets.

4.2 Multi-criteria Calibration and Data Assimilation

Multi-criteria calibration and data assimilation goes beyond multi-criteria model valida-

tion. In model calibration, model parameters are adjusted in a way that simulated water

flux or storage (state) variables optimally match historic observations with respect to one or

more performance criteria. A primary goal of calibration is to obtain a model (including

parameter values) that allows simulations for periods without observation data, such as for
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simulations of the global water resources for the time period 1971–2000 or of future

climate change impacts. GHMs have rarely been calibrated, with few exceptions such as

WaterGAP (Döll et al. 2003; Hunger and Döll 2008) and WASMOD-M (Widén-Nilsson

et al. 2007) for which one or more parameters were adjusted by evaluating simulation

results against observed river discharge. Without basin-specific calibration, even mean

annual simulated river discharge may differ strongly from the observed value (Müller

Schmied et al. 2014; Haddeland et al. 2011).

Model calibration is usually hampered by parameter equifinality (see Sect. 4.1), and

calibration against more than one observable and performance criterion has long been

recognized as an option to allow adjustment of a larger number of model parameters and to

constrain the number of plausible model realizations (e.g., Gupta et al. 1999). For conti-

nental to global-scale modelling, however, there is not yet much experience with multi-

criteria calibration, presumably because adequate satellite-based observation data with

sufficient spatial and temporal extent and resolution have become available only recently.

While considerable uncertainties of remote sensing data products may still limit their value

in a multi-criteria calibration strategy (Livneh and Lettenmaier 2012), large-scale cali-

bration examples demonstrated the benefit of using, in addition to river discharge, satellite-

based monitoring data, such as near-surface soil moisture from Envisat (Milzow et al.

2011), MODIS-based evapotranspiration (Livneh and Lettenmaier 2012), altimetry-based

water levels (Milzow et al. 2011), MODIS-based snow cover (Parajka and Blöschl 2008) or

total water storage (TWS) variations from GRACE (Werth et al. 2009, Xie et al. 2012).

GRACE TWS and river discharge were incorporated into a multi-criteria calibration

scheme for WaterGAP by Werth and Güntner (2010) by adjusting the most sensitive 6–8

parameters in the 28 largest river basins worldwide. Improved simulations of TWS vari-

ations and river discharge were achieved for most basins after calibration, but calibrated

mean annual discharge was still poor compared to the observed values in some basins, and

a better fit to GRACE TWS did not necessarily lead to a better fit of simulated discharge to

observed discharge. In the study of Xie et al. (2012), model parameters appear to be less

sensitive to TWS than to river discharge. While large trade-offs in model performance for

different objective functions leave the model with considerable uncertainties, they can help

to unravel deficiencies of the model structure (e.g., Duethmann et al. 2014).

Direct multi-criteria calibration for the essential terms of the continental water balance

(river discharge and TWS changes, and evapotranspiration if monitoring data were

available) is particularly appealing if one strives for a closed water balance model of the

continental areas. Nevertheless, the particular nature of GRACE TWS data based on the

Earth’s time-variable gravity field requires specific consideration of the storage compart-

ments considered, data filtering and error terms to make the calibration scheme consistent

between model and observations (Güntner 2008). Multi-criteria calibration should com-

prise more than two observables to further constrain the space of plausible model real-

izations. Besides the types of satellite-based data on states and fluxes mentioned above,

information on water storage in surface water bodies has a high potential as a large-scale

calibration constraint, based on currently available multi-sensor combination data (for

example, Papa et al. 2013) and future satellite missions such as SWOT. With the devel-

opment of multi-scale modelling and parameterization concepts (Samaniego et al. 2010),

even observation data with a small spatial measurement support but a global coverage such

as evapotranspiration from Fluxnet eddy-covariance sites (Jung et al. 2011) or near-surface

soil moisture based on GNSS reflectometry (Larson et al. 2008), for instance, may inform

parameter adjustment in global models within a multi-criteria calibration approach.
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For observing systems that require complex operators to transform the sensor signal into

a hydrological variable simulated by a GHM, an inverse strategy can be promising. In this

case, the state or flux variable of the hydrological model is forward-transformed to a

quantity at the sensor level and, thus, parameter adjustment is done by measuring the

performance directly relative to the sensor signal. This avoids the need for using an

operator which in turn often is a nonlinear model that is afflicted with uncertainty. An

example is to convert simulated water storage variations of a hydrological model into

K-Band range rate data which is the key observable of GRACE at the level of the twin

satellites, i.e. the inter-satellite distance changes as determined by a K-Band Ranging

(KBR) System between the two GRACE satellites (Krogh 2011). Parameters in the

hydrological model are then adjusted by minimizing the difference between modelled and

observed range rate data.

Data assimilation, i.e. an integration strategy of models and data that primarily adjust

state variables of the model, and possibly also parameters, may allow for an optimal

quantification of the system status for a period where observations are available, and if the

respective errors can be adequately specified. With early developments of data assimilation

for large-scale applications being tailored towards appropriate initial conditions in land

surface schemes of weather forecasting systems, there are now numerous examples for

continental to global-scale assimilation of a variety of data types into LSMs with the

general aim of hydrological forecasting and provide land surface hydrological states that

are superior to satellite observations or model estimates alone (see, e.g., overviews in Li

et al. 2012; Reichle et al. 2014; Lahoz and de Lannoy 2014). However, there are only very

few examples of data assimilation for large-scale water cycle modelling and operational

water resources assessment so far (Renzullo et al. 2014), presumably because of limited

availability of usable data at this scale, but also because of the complexity and compu-

tational costs of these techniques (van Dijk et al. 2014). The most widely adopted tech-

nique is the ensemble Kalman filter (EnKF) or Smoother, where the otherwise unknown

error characteristics of the model are estimated by a Monte Carlo-based ensemble approach

to determine the error covariance matrix of the model. First assimilation studies using

GRACE TWS show its value for informing simulated subsurface water storage (Zaitchik

et al. 2008; Li et al. 2012; Houborg et al. 2012). Eicker et al. (2014) presented an EnKF

approach for assimilating GRACE TWS into WaterGAP with combined state and

parameter updating and a full error propagation from the monthly GRACE spherical

harmonic coefficients. They showed that GRACE data inform the model even at higher

spatial resolution than resolved by the GRACE data themselves, with varying gains in

time, space and among the different storage compartments. Some of the major challenges

for the further development of data assimilation techniques include strategies for con-

serving mass during the assimilation process, error characterization of model and obser-

vation data, and adequate mapping functions between observed and simulated variables.

Data assimilation or fusion techniques can also be applied in an offline mode to provide

consistent water balance estimates of continental hydrology. A global water cycle

reanalysis product has recently been presented by van Dijk et al. (2014), merging prior

estimates of monthly water storage changes based on an ensemble of several LSM outputs

and complementary data with GRACE TWS data in a sequential data assimilation

framework.
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4.3 Hyperresolution Global Hydrological Modelling

There is the vision that one day it may be feasible to perform global-scale hydrological

modelling with an acceptable accuracy at a much higher resolution than today, with grid

cells of 100 m to 1 km instead of the current 50 km (Wood et al. 2011). Then, global-scale

modelling would allow improved global assessment of, e.g., food security and could

support river basin management everywhere. This has particular relevance in developing

countries where basin models are not yet available or a poorly constrained because of lack

of local data; in these cases, information about water resources derived from GHMs that

can exploit non-local remote sensing data would be a great asset if it is locally relevant

(Bierkens et al. 2015). In addition, highly resolved global-scale information on water flows

and storages would be very beneficial for freshwater ecosystem management and for

assessing global biogeochemical cycles.

The HyperHydro initiative (www.hyperhydro.org) aims at advancing hyperresolution

global hydrological modelling. It is a network of scientists that is open to the broader

scientific community and invites anyone who wishes to cooperate. Current efforts include

the establishment of testbeds, overcoming of computational challenges and the compilation

of input data sets. For further information on motivation, challenges and prospects of

hyperresolution global hydrological modelling, please refer to Wood et al. (2011) (in-

cluding a comment of Beven and Cloke 2012 and the reply of Wood et al. 2012) and

Bierkens et al. (2015). Beven et al. (2015) provide valuable critical comments on hyper-

resolution modelling of water on the land areas of the globe, pointing out that unknown

heterogeneities in the subsurface and ignorance about subsurface processes result in a

lower gain of accuracy by increased resolution than is the case in atmosphere and ocean

modelling. However, a prospect of hyperresolution modelling is that its output can be

evaluated more meaningfully than current GHM output by local experts and stakeholders

who can help identify model deficiencies.

5 Conclusions

The capabilities and the sheer number of GHMs have increased significantly over the last

decade such that global-scale quantification of water resources has improved and uncer-

tainties are better known. We conclude that major challenges remain until GHMs can serve

as reliable tools for characterizing current and potential future water resources worldwide.

We hope that our presentation of selected challenges informs not only on the state-of-the-

art of global hydrological modelling but also indicates fruitful research directions. As

outlined in the previous section, we believe that major advancements will be possible if

in situ and remotely sensed observational data of model output variables are utilized more

efficiently in global hydrological modelling and if spatially more resolved model output

can be provided with reasonable accuracy.
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Döll P, Siebert S (2002) Global modeling of irrigation water requirements. Water Resour Res 38(4):8-1–8-
10. doi:10.1029/2001WR000355
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François Anctil5 • Sylvain Ferrant3 • Romain Lardy6,7,9 •

Patrick Le Moigne1 • Delphine Leenhardt6,7 •

Vincent Rivalland3 • José-Miguel Sánchez Pérez4 •
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Abstract Natural and anthropogenic forcing factors and their changes significantly

impact water resources in many river basins around the world. Information on such

changes can be derived from fine scale in situ and satellite observations, used in combi-

nation with hydrological models. The latter need to account for hydrological changes

caused by human activities to correctly estimate the actual water resource. In this study, we

consider the catchment area of the Garonne river (in France) to investigate the capabilities

of space-based observations and up-to-date hydrological modeling in estimating water

resources of a river basin modified by human activities and a changing climate. Using the
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ISBA–MODCOU and SWAT hydrological models, we find that the water resources of the

Garonne basin display a negative climate trend since 1960. The snow component of the

two models is validated using the moderate-resolution imaging spectroradiometer snow

cover extent climatology. Crop sowing dates based on remote sensing studies are also

considered in the validation procedure. Use of this dataset improves the simulated evap-

otranspiration and river discharge amounts when compared to conventional data. Finally,

we investigate the benefit of using the MAELIA multi-agent model that accounts for a

realistic agricultural and management scenario. Among other results, we find that changes

in crop systems have significant impacts on water uptake for agriculture. This work con-

stitutes a basis for the construction of a future modeling framework of the sociological and

hydrological system of the Garonne river region.

Keywords Modeling � Hydrology � Agriculture � Anthropogenic changes � Sociological
and hydrological system � Remote sensing

1 Introduction

Human-induced land use changes are now widespread over the planet. The primary

objectives of land use are to satisfy immediate human needs (Foley et al. 2005). Agri-

culture and urbanization are important drivers of these changes. The hydrological cycle has

been transformed in many places to provide freshwater for irrigation, domestic uses and

industry (Vörösmarty et al. 2000). The number of dams along rivers and associated

reservoirs has rapidly increased over recent decades (Lehner et al. 2011). Groundwater

resources are being extensively used in regions with large aquifers and frequent water

stresses (Wada et al. 2010). As a consequence, water fluxes, including evapotranspiration,

are modified in many regions of the world (Asokan and Destouni 2014). Depending on the

region and the hydrological variable considered, the signal can be dominated by climatic

variability and trends or human activities (Vörösmarty et al. 2000; Moss et al. 2010). In

south India, for instance, irrigation relies totally on groundwater extraction. The imbalance

between recharge and extraction leads to local groundwater depletion and hence water

scarcity episodes that depend on local settings, e.g., small surface reservoir capacity

maintained by farmers to catch monsoon runoff, aquifer capacity to store this recharge, and

irrigated area extent that conditions the water demand (Perrin et al. 2012).

These water scarcity episodes are expected to increase due to dry climatic extremes

projected for the Garonne region in the future (Ferrant et al. 2014b). In the Upper Mis-

sissippi basin, climate change is the dominant driver of runoff changes over the twentieth

century, while land use changes (e.g., in forested areas, grasslands and croplands) can

influence the river runoff locally (Frans et al. 2013). The impact of irrigation on local

climate varies according to climatic zones and the degree of anthropization (Lobell et al.

2009; Destouni et al. 2013). For example, Grouillet et al. (2015) found that, by 2050, in

two Mediterranean catchments (Herault in France and Ebro in Spain) anthropogenic

impacts on water demand will dominate the impacts due to climate change.

Explicitly taking into account direct human forcing in hydrological modeling is now a

recognized need in order to correctly simulate hydrological evolution of highly anthropized

basins. Some models already attempt to do this as is the case, for example, of the global-

scale WaterGAP model (Alcamo et al. 2003). This consists of the WaterGAP Global
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Hydrology Model (Döll et al. 2003) and five water use models for irrigation, livestock,

household, manufacturing and cooling of thermal power plants. This type of model is

highly relevant for simulating large scale hydrological patterns, e.g., groundwater deple-

tion (Döll et al. 2014). This type of approach is also implemented at the scale of individual

catchments smaller than the typical catchments simulated by WaterGAP (Grouillet et al.

2015). The main limitations for small scale applications are the level of details needed to

reproduce human processes and the availability of databases.

Nowadays there is a growing interest to better account for the coevolutionary dynamics of

coupled water–human systems. Sivapalan et al. (2012) introduced the concept of socio-

hydrology, a new science coupling people and water resources, to highlight the need to study

the coupled human–water system using an interdisciplinary approach. Preliminary attempts

in this direction have been able to explain the multiples changes that occurred over the

Murrumbidgee river basin in Australia during the twentieth century (Kandasamy et al. 2014).

In this example, the underlying modeling framework (van Emmerik et al. 2014) is composed

of five subsystems (hydrology, population, irrigation, ecology and environmental awareness)

that non-linearly interact and have two external drivers—climate and socioeconomic. The

model results highlight the competition between human productive and environmental

restorative forces that lead to a so-called pendulum swing between agricultural development

and environmental health. Due to oversimplifications, the model cannot describe the precise

evolution of the system, but contains enough key elements to describe it. Another approach to

describe a socio-hydrology system is to use agent-based models able to handle multiple

interactions between numerous agents (Gaudou et al. 2014; Therond et al. 2014). The main

advantage of this new approach is a greater flexibility in simulating individual processes and

their interactions. However, it is quite complex and sensitive to small variations in the

parameterization of the interaction rules between agents.

Accounting for both climatic and anthropogenic changes remains a challenge for

hydrological models. While in situ and space-based hydrological measurements are able to

provide information on human-induced changes, a large number of hydrological models do

not simulate all the components of these changes and only account for the corresponding

processes indirectly.

Satellite observations are able to document fine scale processes with a high spa-

tiotemporal resolution. For example, Formosat-2, launched in 2004, is able to observe

vegetation development at a high spatial resolution (*10 m) with a frequent revisit time

(few days). This allows the detection of biophysical variables such as the leaf area index

(LAI) for selected areas (Courault et al. 2010; Claverie 2012). The Sentinel-2 mission

provides similar observations at the global scale. The Surface Water and Ocean Topog-

raphy (SWOT) mission (whose launch is planned for 2020) is a swath-mapping radar

interferometer designed to measure temporal changes in surface water elevation (lakes,

reservoirs and river channels) with a quasi-global coverage between 78�S and 78�N
(Durand et al. 2014; Biancamaria et al. 2015, see also https://swot.jpl.nasa.gov). Con-

cerning rivers, the basic SWOT measurements will consist of river water surface elevation,

slope and width at a very fine scale. It is anticipated that rivers wider than 100 m and lake

or reservoir areas larger than 250 9 250 m will be observed with good accuracy. The

SWOT revisit time depends on longitude: It is about 4 days at midlatitudes. In anthropized

basins, river gauges’ networks are usually relatively dense, but SWOT may be used to

estimate flows between gauges or measure the water volumes of man-made reservoirs.

Such data are usually not easily available, unless in situ networks depend on public bodies.

On themodeling side, several human processes need to be taken into account. Large alpine

dams modify water regimes; other dams may be used to sustain low flows. In general, only a
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small number of large reservoirs are involved and the associated processes may be taken into

account relatively easily, if data are available. Irrigation is a critical process. Models should

be able to account for the balance between cropwater demand and resource availability (from

groundwater, reservoirs and rivers, Döll et al. 2012; Perrin et al. 2012; Ferrant et al. 2014b).

For instance, twomajor opposing effects of irrigation on aquifer dynamics may be identified:

groundwater depletion in regions with primarily groundwater-fed irrigation and groundwater

accumulation in regions dominated by return flows from irrigation fed by surface water

(Goderniaux et al. 2009; Holman et al. 2009; Scibeck and Allen 2006; Jyrkama and Sykes

2007; Döll 2009; Gurdak and Roe 2010; Kovalevskii 2007; Green et al. 2007). The main

difficulty is to account for water management practices that depend on the basin, as well as on

local and national governance (Mazzega et al. 2014). The simulation of human processes

requires integrated modeling tools, able to simulate spatiotemporal interactions (including

feedbacks) within and between socio-ecological systems, at relevant scale, and accounting

for water management and associated agricultural practices (Therond et al. 2014). Another

important parameter is land use change that can lead to threshold effects (e.g., change from

agriculture to forest, Donohue et al. 2007; Qiu et al. 2011;Murgue et al. 2015) ormore diffuse

variations (e.g., crop rotation, Parajuli et al. 2013).

The objective of this paper is to discuss some challenges in estimating the water budget

of a highly anthropized basin subject to climate change. We take advantage of recent

studies dedicated to the Garonne basin (a river basin that is highly modified by human

activities, in France, with complex irrigation systems and frequent water management

problems) to discuss how the combination of modeling, and space-based observations can

be used to improve the water budget estimate. Section 2 describes the Garonne basin and

its current hydrological behavior. Section 3 shows how fine scale satellite observations of

snow cover and vegetation can be used to validate and calibrate the hydrological models.

Section 4 presents an example of the use of a multi-agent platform developed for the

Garonne basin to assess realistic crop rotation scenarios.

2 The Water Balance at the Scale of the Entire Garonne Basin

2.1 Climate and Physical Properties

The Garonne river basin (56,000 km2 in total—50,000 km2 at the Tonneins station—see

Fig. 1) is located in southwestern France. It drains water from the northern slopes of the

Pyrenees Mountains (along the French border with Spain) and the southern slopes of

the Massif Central. The mean annual discharge based on 103 years of in situ data at the

Tonneins gauging station is estimated to be 600 m3 s-1. The main tributaries of the

Garonne river are the Ariège (flowing from the Pyrénées), and the Tarn and Lot (flowing

from the Massif Central). The broad range of altitudes and slopes within the Garonne

watershed leads to a diversity of hydrological behaviors that can be associated with three

geographic zones: the Pyrenees to the south, the Massif Central to the north east and the

plain between them (Probst 1983). The Pyrenean portion of the watershed (i.e., elevated

mountains—with some peaks exceeding 3000 m—above a large plain where the topog-

raphy does not exceed a few hundred meters) largely influences the hydrological regime.

The watershed altitudes range from 150 to 3145 m, with 44 % of the watershed below

500 m and 20 % above 1500 m.

The basin climate is influenced by oceanic conditions in its western part. It is charac-

terized by heavy rainfall events during winter and relatively warm weather during summer.
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There is an important precipitation gradient from west to east, ranging from approximately

1200 mm year-1 in the Atlantic coastal region to about 600 mm year-1 300 km to the east

in the plain area. The upper Garonne and the Ariège river regimes are marked by spring

snowmelt in the Pyrenees (Caballero et al. 2007), while summer flows are very low due to

relatively dry conditions then.

From a geological point of view, the basin was marked by several marine invasions

during the Jurassic and Cretaceous eras that led to the formation of limestone aquifers

(some being heavily karstified) toward the north and the east. Some of these aquifers are

exploited. More recently, the erosion of the Pyrenees, Massif Central and the Montagne

Noire has led to the accumulation of a high amount of molasse substratum in the center of

the basin. The hydrographic network, marked by the recent succession of glaciation and

deglaciation, is composed of alluvial terraces. If the river is not deeply incised, the alluvial

aquifer feeds the river during most of the time, while water is transferred to the aquifer

during flooding periods. If the river is deeply incised, the aquifer only feeds the river; these

aquifers are also exploited. According to the FAO soil classification on the European Soils

Database map (ESDB 2006), the soil composition is dominated by different types of

cambisols (65 % of the catchment).

The Garonne river flows into the Atlantic Ocean through the Gironde estuary, one of the

most important estuaries in Western Europe. Due to this geographic arrangement, the

hydrological influence of tides can be measured relatively far upstream. For this reason, the

model domain is limited to the catchment area at the Tonneins gauge station, where there is

no tidal effect.

2.2 Anthropization, Environmental Change due to Human Actions

Land use analyses from the Corine Land Cover (CLC2000) reveal that the plain is dom-

inated by crops and pastures (Fig. 2). Agricultural activities cover 49 % of the watershed,

Fig. 1 Map of the Garonne river basin, showing the main rivers and discharge stations mentioned in the
paper
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while the hillsides of the Pyrenees (35 % of the watershed) are covered with forests. For

altitudes above 2500 m, the vegetation is composed of alpine grassland and shrub covers.

The influence of human activities is high in the basin (irrigated agriculture). The irrigated

surface area became five times larger between the 1970s and the 1990s and has now

stabilized at 160,000 ha (Sauquet et al. 2009). About 60 % of the irrigated surface is

devoted to maize, the second main irrigated crops being sunflower and wheat. Water

uptake for irrigation represents about 70 % of the total during low-flow period. Uptake

comes primarily from surface waters (more that 80 %), reservoirs (8 %) and groundwater

(9 %). In some areas, e.g., the plain near the confluence of the Tarn and the Garonne,

groundwater uptake can reach 23 %.

At the basin scale, Sauquet et al. (2009) estimated that the total water uptake for

agriculture, industry and drinking water amounted to 7 % of the discharge. Agricultural

usage is dominant, especially during the summer months. Compared to other river basins in

France, the Garonne basin has the largest deficit between supply and demand. Hence,

regulation and management plans are implemented at the basin (or sub-basin) and

departmental (administrative district) levels (Mazzega et al. 2014). At the basin level, the

Master Scheme for Water Planning and Management (Mazzega et al. 2014) defines the

general orientation for the management of water resources and water demands. It fixes (for

Fig. 2 Map of the land use of the Garonne river basin. Subclassification with numbers corresponds to the
Corine Land Cover classification http://www.eea.europa.eu/publications/COR0-landcover
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41 river gauges located in the Garonne catchment) two regulation rules: the ‘‘objective

low-water flow’’ corresponding to the minimum flow that ensures a good functioning of the

aquatic environment (and should be respected 8 years out of 10), and the ‘‘crisis flow,’’

corresponding to the level under which the drinking water supply and the survival of

aquatic species are in danger.

Low-water management plans define medium-term strategies and public policies to

manage the imbalance between supply and demand. At the administrative level, depart-

mental state services enforce water use restriction rules when they are required. Drought

commissions are established when a crisis is foreseen in order to evaluate the most relevant

strategy. The input data to the commission can be observations (flow, water level in

reservoirs or in aquifers) or model results. In order to evaluate how much water can be

withdrawn from the aquifers, hydrodynamic models of alluvial aquifers of the upper

Garonne, Tarn and lower Aveyron were developed in 2009 by the French Geological

Survey (BRGM) (Bardeau and Bouardaa 2010); these have been in continuous use since

this date.

2.3 Hydrological Regime of the Garonne Basin: Trends and Variability

The mean annual air surface temperature over the basin increased by 1.1 �C from 1901 to

2000, while over this time span the precipitation decreased (with a negative trend that is

barely significant, however) (Moisselin et al. 2002). Discharge trends are clearly negative,

especially since the mid 1990s. Figure 3 shows the observed rainfall and snowfall based on

meteorological data analyzed by the Safran system (Vidal et al. 2010), the observed

discharge and the estimated pseudo-natural discharge. The pseudo-natural discharges

Fig. 3 Variation in the main components of the water balance over the period 1960–2013 for the Garonne
at Tonneins, as estimated by the Safran analysis system (precipitation) and the ISBA–MODCOU and SWAT
models (evapotranspiration, discharge, snowfall)
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estimated by Sauquet et al. (2009) over the period 1995–2005 have been extended back to

1990 (the epoch when the irrigated surface area stabilized).

Evaporation is evaluated using two hydrological models. The first model is the ISBA–

MODCOU model developed at Meteo-France (SIM, Habets et al. 2008; Decharme et al.

2013). It has two components: the land surface model Interaction Soil–Biosphere–Atmo-

sphere (ISBA) and the distributed hydrological model MODélisation COUplée (MOD-

COU). The mesh size is 8 km over the basin for the land surface model and varies between

0.25 and 2 km for the hydrological model. The land surface model transfers runoff from

the surface and to the bottom of the hydrological model. Aquifers are only taken into

account implicitly through conceptual transfer reservoirs (Artinyan et al. 2008).

The second model considered in this study is the SWAT model (Soil and Water

Assessment Tool, Arnold et al. 1993), a comprehensive, physically based, semi-distributed

and watershed-scale hydrological model that allows the simulation of a large number of

hydrology-related physical processes (Douglas-Mankin et al. 2010; Gassman et al. 2007).

In SWAT, the basin is discretized into sub-watersheds, which thereafter are divided into

hydrological response units (HRUs), based on homogeneous soil, land use and slope. The

HRUs are then used to compute a water balance, considering four reservoirs: snowpack,

soil, shallow aquifer and deep aquifer. Hydrological processes connecting those reservoirs

include infiltration, runoff, evapotranspiration, lateral flow and percolation. Computation is

performed at the HRU level, aggregated at the sub-basin level and routed through reaches

toward the catchment outlet. SWAT was applied to the upper part of the Garonne basin by

Grusson et al. (2015). It must be noted that originally the two models had different

objectives. SIM aims to simulate the coupled energy and mass balance of continental

surfaces, while SWAT is a hydro-agro-environmental model, able to simulate the impact of

climate, land use and agricultural practices on hydrology. We use both as they offer

different kinds of information and thus are complementary.

The results for both models presented in this paper include the whole Garonne river

watershed up to Tonneins. The SWAT model has been calibrated at monthly time steps

over the 2000–2010 period using 21 stations spread over the watershed. SIM was not

specifically calibrated for this study; the performance is the same as in Habets et al. (2008).

Figure 3 shows the main components of the water balance at the outlet (Tonneins)

between 1960 and 2013, including analyses, observations and model outputs. The total

precipitation and snowfall come from the Safran reanalysis (Vidal et al. 2010). The small

differences between the two models are due to the spatial interpolation of the original 8 km

Safran grid used by SIM that have been re-interpolated at the sub-watershed scale for

SWAT (150 sub-watersheds and 3156 HRUs from the minimum surface of 0.0174 km2

and maximum 316 km2). The mean total precipitation over the period is 966 mm, but there

is a marked negative trend since the middle of the 1990s. The linear trend over the common

period of the two models (1960–2011) is small but significant (-0.38 mm year-1 for SIM,

-0.36 mm year-1 for SWAT, 99 % confidence using a Monte Carlo nonparametric test).

During the same period, the evapotranspiration calculated by the two models presents a

significant positive trend of ?1.55 mm year-1 for SIM and ?0.76 mm year-1 for SWAT.

Concerning the discharge, the linear trend is -3.82 mm year-1 for SIM,

-3.25 mm year-1 for SWAT and only -2.30 mm year-1 from the observations.

However, it must be noted that the largest differences appear during the first half of the

period, which make an important impact on the computed trends. The reasons for these

differences are many, but it is difficult to determine the main factor: uncertainties in

meteorological forcing, changes in land use, anthropization or model calibration. It must be

noted that anthropogenic forcing factors were not explicitly accounted for in the two
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models but were only indirectly considered in the calibration procedure. Land use and

vegetation characteristics are based on the ECOCLIMAP database (Faroux et al. 2013).

SWAT is calibrated for the period 2000–2010 using the observed discharge, so that it

indirectly accounts for anthropization. In addition to agricultural changes in the plain area,

rapid land cover changes are occurring in the mountainous areas of the Garonne catchment

due to the abandonment of agro-pastoral areas, i.e., due to reforestation. These human-

induced land cover changes also impact some key hydrological processes such as storm

runoff and snow melt in the Garonne river headwaters (Szczypta et al. 2015). Further work

on observation and model errors is needed to explain the larger differences at the beginning

of the period.

Figure 3 shows that the observed or modeled discharge trends at the annual discharge

are mainly linked to climate variability and change, and not to anthropization. The trends

are due to the natural variability [from annual to multi-decadal scales (Boé and Habets

2014)] and the human-induced climate change.

3 Interest of Fine Scale Data to Validate or Constrain Models

At the scale of the entire Garonne basin, uncertainties in the meteorological forcing and

observation errors cause uncertainties in the discharge trend estimates which are larger

than the averaged effects of anthropization. This is not the case for smaller sub-basins or at

the seasonal scale, as irrigation is most prevalent during the summer months, and hydro-

electric power production is dominant in winter, due to the high proportion of electrically

heated houses in France. Discharge variability is also underestimated by the models

because both land use and vegetation cycles are assumed to be constant over the whole

period. In addition to discharge data, there is a need for additional data to either validate or

constrain the models. Satellite data are especially adapted, provided that they have a high

enough resolution. In the remaining part of this section, we provide two examples that

demonstrate the added value of fine scale satellite data for hydrological modeling.

3.1 Snow Cover

The Ariège basin at Foix is one of the major mountainous sub-basins of the Garonne basin.

Its area is 1340 km2 and its mean annual discharge is around 40 m3 s-1. As it contains a

complex network of dams used for hydropower, the observed discharge is not represen-

tative of natural processes (in particular snow melt). Recently, Gascoin et al. (2015) built a

snow cover dataset based on the space-based moderate-resolution imaging spectrora-

diometer (MODIS) products, MOD10A1 and MYD10A1 (Hall and Riggs 2007), for the

Pyrenees. This dataset provides snow cover extent at a daily time step over the region since

2000, with 500 m resolution. The MODIS dataset was validated against in situ and Landsat

data. This dataset complemented the in situ snow cover and discharge observations that are

available for the basin. In addition, Hendrickx and Sauquet (2013) produced a series of

pseudo-natural discharge values for the Ariège river at Foix, based on dam operations.

The snow cover dataset was used to validate the snow cover extent simulated by SIM.

The snow model of SIM is the multilayer model ISBA–ES (Boone and Etchevers 2001).

The snow cover fraction is a function of snow water equivalent. SIM is a distributed model

using an 8 km grid; two versions of the model were considered. The first is the standard

version (ISBA), whereas the second is a version taking into account up to four elevation

bands in mountainous grid cells, characterized by a high sub-grid variability of orography
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(ISBA-M). Figure 4 shows the comparison between snow observations and the two model

versions for two contrasting winters (2008/2009 and 2009/2010). Over the whole period

(from 2000 to 2013), the correlation for daily data is very high (0.96), but the model has a

small negative bias (0.05), which is especially visible during, or immediately after,

snowfalls (e.g., in November 2008). A possible explanation for these temporary biases may

be the very simple relation between snow cover equivalent and the snow fraction imple-

mented in the model. Indeed, in a study of an alpine catchment (the Durance), Magand

et al. (2013) highlighted the fact that the snow cover extent varies faster during winter than

during the ablation season because melting occurs at preferential locations. In our case,

underestimation mainly occurs from December to March. The difference between the

simulations with and without elevation bands is usually low, except at the end of the

season, when the snow cover fractions simulated using elevation bands are higher.

The snow water equivalent produced by ISBA was also compared to the snow water

equivalent simulated by the SWAT model applied to the Garonne basin (Grusson et al.

2015). In this version, the snow module of SWAT used 10 elevation bands over each snow

dominated sub-watershed, where each band covers one-tenth of total sub-watershed ele-

vation. The agreement between the two models is high (Fig. 5), even if the SWAT model

tends to overestimate the snow cover in spring and summer (as also shown by Grusson

et al. 2015, using in situ measurements), the mean bias being less than 13 mm snow water

equivalent (SWE).

Grusson et al. (2015) highlighted the positive impact of elevation bands in SWAT on

the river discharge simulation. Even if the snow cover extents simulated by ISBA and

ISBA-M are very close, the impact on the river discharge is substantial: The monthly

efficiency improved from 0.48 to 0.68 when compared to the operational measurements at

Foix and from 0.63 to 0.85 when compared to the naturalized discharge proposed by

Hendrickx and Sauquet (2013).

Fig. 4 Fractional snow cover extent for the Ariège catchment at Foix: comparison of the snow cover extent
simulated by the standard version of ISBA (ISBA) and the version accounting for elevation bands in
mountain regions (ISBA-M) with the MODIS-derived climatology for two winters
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Logically, it is necessary to pay great attention to the spring season in the evaluation of

the snow cover extent. In our case, the large differences between the simulations appeared

during this period. The use of space-based snow cover extent may be a good alternative for

the validation of snow cover simulations in the absence of natural river discharge

estimates.

3.2 Crop Sowing Date

The water balance of crop areas is highly influenced by the precise timing of operations

such as sowing and harvesting, as well as irrigation for some crops. Hydrology and crop

models have been coupled to take into account the influences of both hydrological settings

and of agricultural practices on the water and nutrient cycles at the agricultural catchment

scale. Most of these applications require spatially distributed models, where information on

soil–crop location within the slopes as well as on hydrological settings (i.e., topography,

groundwater storage, reservoir location or irrigation pumping) is included to provide

spatially explicit information on water uses (Ferrant et al. 2014a; Perrin et al. 2012) and

nutrient transfer and transformation within the catchment (Beaujouan et al. 2002; Ferrant

et al. 2011).

Uncertainties raised by these modeling approaches at the watershed level are mainly

related to the lack of agronomical observations in all soil–climatic situations encountered

within the catchment and to the lack of spatial a priori knowledge on physical processes,

such as soil organic matter transformations, saturated area extent and dynamics after

rainfall events which influence both runoff and crop growth. Senthilkumar et al. (2015)

highlighted the link between sowing, harvesting dates and water scarcity. Hutchings et al.

(2012) demonstrated the importance of the timing of field operations for complex dynamic

carbon and nitrogen models. However, the timing of operations is often derived from rough

regional estimates or from farmers’ enquiries further extrapolated to cover the whole

Fig. 5 Snow water equivalent for the Ariège catchment at Foix: comparison of the snow water equivalent
(mm) simulated by ISBA and SWAT over 2 years
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catchment. The use of high-resolution remotely sensed data is a promising way to improve

our knowledge of some operations, in particular for winter crops.

Ferrant et al. (2014a) have explored the potential of satellite remote sensing to gain

information on the crop sowing date in the cultivated hydrological catchment of Auradé

(320 ha) in the Garonne basin. They used a series of 105 LAI maps derived from high-

resolution Formosat-2 images acquired from 2006 to 2010 to calibrate the sowing date of

sunflower and winter wheat crops at the crop field level in the agro-hydrological model

TNT2 (Beaujouan et al. 2002). This model shares the same modeling objectives as the

SWAT model (a comparison between both models is reported in Ferrant et al. 2011). An

optimization process of the sowing date was done by matching the early variations in

simulated LAI with the LAI derived from Formosat-2 images at crop field scale. The

results showed a large impact on in-stream nitrogen fluxes, but a limited impact on the

mean annual discharge.

However, at shorter time scales, the impact was larger. The optimization process based

on the sowing date significantly improved the temporal growth dynamic simulated for the

winter wheat, whereas that for sunflower was not much impacted. A delay of a few weeks

in the sowing date of winter wheat (from October to November) postponed the emergence

date by a few months (by 3 months in the case of the year 2010), while the emergence date

of sunflower directly followed the sowing dates in spring (indeed in this season the

cumulative daily temperature threshold was reached in a few days). The winter wheat

growth and biomass were then highly impacted by the optimization process, which led to a

modification of the nitrogen and water cycles between a priori and optimized situations.

We provide here the analysis of the water budget at a monthly time step. In Fig. 6, we

represent the differences between both simulations in % for the discharge and the simu-

lated actual evapotranspiration (AET). It appears that the crop growth optimization highly

impacts the monthly AET, from -17 to ?8 %. The differences are bigger in 2010 for

which the use of satellite LAI leads to earlier sowing dates and wheat emergence dates for

most of the fields. An increase in AET fluxes associated with this earlier development is

simulated from March to June, followed by a relative decrease at the end of the growth

period. This decrease is explained by a drop of soil water content due to an earlier root

water uptake during spring. Monthly discharges are decreasing with the increase in AET at

the end of winter and spring and remain lower than a priori simulations because of drier

soils.

This type of approach can be implemented at the scale of the Garonne, with either the

SWAT or SIM models, when the Sentinel-2 data will be available. The optimization

process requires running the model not more than six times. Depending on how fast a

model runs, the process at the crop field level can be considered not to consume too much

computer time. The satellite derived information can be used at the crop field level or at the

Fig. 6 Monthly discharge (blue) and evapotranspiration (red) simulated by the TNT2 model: differences
between ‘‘optimized sowing date’’ and ‘‘a priori sowing dates’’
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finer spatial scale needed by the models, the hydrological response unit (HRU) for SWAT.

This is defined mainly by the land use spatial resolution, which can be either at the crop

field level or at the computation square grid for SIM (8 9 8 km). The need for spatial

aggregation of the satellite information depends also on the agricultural context. In this

example, sunflower and winter wheat crop succession implies that both crops are spatially

mixed in the studied area and should not be aggregated at the sub-basin scale. Indeed, it is

crucial to differentiate between winter and spring crops as the winter crops induce larger

uncertainties in the simulations. The added value of the Formosat-2 high resolution (which

will be provided with Sentinel-2) is that it can explicitly provide spatial information on the

intercrop field heterogeneity, to study its impact on the global water cycle.

4 Explicit Modeling of Human Activities at the Scale of the Basin Using
a Multi-agent Simulation Platform

4.1 MAELIA: A Multi-agent Platform of Social–Ecological Systems

Water resource management problems arise from interactions within socio-hydrology

systems, a particular type of human-nature systems. Classically these systems are con-

ceptualized as being composed of four main core sub-systems (McGinnis and Ostrom

2014): (a) resource systems (e.g., hydrological systems), (b) resource units (e.g., water

volume and flow), (c) governance systems (e.g., which regulate uses and manage water

resources) and (d) users (e.g., individuals and groups who use water). Anderies et al.

(2004) highlighted the role of their infrastructure (e.g., dams, water distribution networks)

in the functioning of these systems.

Therond et al. (2014) developed the Multi-Agent for Environmental Norms Impact

Assessment (MAELIA) platform to perform an integrated assessment of the impacts of

endogenous and exogenous changes on the functioning of socio-hydrology systems.

MAELIA focuses on water deficit issues and was applied in two rivers sub-basins of the

Garonne basin: the Aveyron basin (a sub-basin of the Tarn basin) and the upstream part of

the Garonne basin itself (upstream of the confluence with the Ariège). Originally, it allows

simulating the key interactions between and within the four core sub-systems. Thanks to its

multi-agent architecture, it represents the decision-making process of water users (in-

cluding irrigators), dam managers and state services regarding water use restrictions. In

this platform, hydrology is modeled through the use of formalisms of the Soil and Water

Assessment Tool (SWAT) model (Arnold et al. 1993), which is fully coupled with human

processes such as irrigation. Spatial delineation of farms’ islets (a set of contiguous fields)

and the annual crop pattern of each farm of the investigated river basin are provided by the

French Land Parcel Identification System (LPIS) dataset (Inan et al. 2010). The analysis of

different annual LPIS values allowed the reconstitution of the crop rotations of the dif-

ferent fields of the different farms’ islets (Murgue et al. 2014, 2015). According to local

databases, expert knowledge and geographic information system (GIS) treatments, each

irrigated islet was connected with one or several water resources (river, small dam or

groundwater). Climate data used with MAELIA came from the Safran analysis system on

an 8 9 8 km grid (see Sect. 2.3).

Table 1 shows the main processes represented and the nature of the models used in

MAELIA. All these intertwined processes interact at different spatial levels and at daily

time steps in the platform, including feedbacks. For example, the crop water requirement at
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field level determines the farmer’s decision and thus irrigation water withdrawals in the

different resources. This decision impacts river flows that determine other decisions for

water releases and/or withdrawal restrictions. In return, the resulting hydrology determines

the water available for irrigation and so the farmers’ capacity to irrigate and therefore the

crop growth. Modeling methods for these key processes are briefly described below.

4.1.1 Agricultural Processes

MAELIA simulates the spatiotemporal dynamics of crop management operations and their

impacts on crop growth. The crop model AqYield (Constantin et al. 2015) simulates plant

growth, soil water dynamics, and crop yield in each field. It is a simple empirical model

that proved its robustness under the pedoclimatic (soil temperature and moisture) condi-

tions and the crop irrigation strategies of the Garonne basin (Constantin et al. 2015;

Murgue et al. 2014). AqYield allows the simulation of 17 crops/cultivars, including 12

species that cover 100 % of the irrigated areas of the Garonne basin: sunflower, wheat,

Table 1 Key processes of socio-hydrology systems represented in the MAELIA multi-agent platform

Processes Nature of the model Spatial and temporal
resolutions

Ecological

Hydrology (surface and
groundwater)

Land and routing phases of SWAT (Arnold
et al. 1993)

Reference watershed/day

Crop growth AqYield: empirical generic crop model
(Constantin et al. 2015)

Field/day

Other plant growth Simplified version of SWAT formalisms HRU4/day

Socioeconomic

Land cover change Statistical and probabilistic model based on
the analysis of the Corine Land Cover
database (http://www.eea.europa.eu/data-
and-maps/data/corine-land-cover-2006-
raster-3)

HRU/year

Demography Statistic model based on French national
data

District/year

Domestic consumption Econometric model (Reynaud and Leenhardt
2008)

Withdrawal and reject
points/day

Industrial consumption Statistical model Withdrawal and reject
points/day

Decision-making

Crop allocation (cropping
plan)

Multi-criteria decision based on Dempster–
Shafer belief theory integrated into a
Belief–Desire–Intention architecture
(Taillandier et al. 2013)

Farm/year

Crop management Nested decision rules (IF–THEN–ELSE) Field/day

Dam management Nested decision rules (IF–THEN–ELSE) Dam and supplied river
section/day

Water use restriction Nested decision rules (IF–THEN–ELSE) RESTRICTION ZONE/
DAY

Note that ‘‘Reference watershed’’ in the table corresponds to the finest watershed used by French admin-
istration to manage water. HRU stands for ‘‘hydrological response unit’’ (with homogenous soil, slope and
land cover)
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barley, peas, rapeseed, sorghum, soya, temporary and permanent meadows, apple, plum

and maize. Maize being locally the most intensively irrigated specie, it is considered under

eight crops/cultivars: one for seed, one for forage and six for grain production ranging in

six earliness categories: very late (VL), late (L), semi-late (SL), semi-early (SE), early (E),

very early (VE). AqYield provides soil and plant indicators to the farmer agents and

hydrological information (drainage and runoff) to the MAELIA hydrological module.

The use of MAELIA in a river basin requires the description of crop management

strategies (CMS) by production situation type (e.g., a combination of pedoclimatic con-

ditions and farm type). A CMS must be defined for each crop of each crop rotation

affecting each field. A CMS is coded as a set of decision rules (DRs) using the typical

syntax: ‘‘IF INDICATOR OPERATOR THRESHOLD AND INDICATOR OPERATOR

[…] THEN ACTION (ELSE ACTION).’’ Such a set of DRs should be seen as a pre-

established strategy that defines the conditions to trigger various sequences of technical

operations depending on soil, plant, climate, water resources conditions at field level or

socioeconomic conditions at farm level (e.g., workforce availability). There are about 30

individual rules per CMS (for up to 8 technical operations; Murgue et al. 2014). At the

farm level, farmer agents manage the concurrence between technical operations consid-

ering pre-defined priorities. At the field level, farmer agents decide to withdraw water from

a given resource, according to a priority rule between the various possible resources and

accounting for how full they are.

4.1.2 Hydrological Processes

The hydrological module in MAELIA uses the formalisms of the SWAT model to simulate

hydrological fluxes at the sub-watershed level (25 km2 in average). In MAELIA, the

SWAT algorithms were implemented for both (a) the ‘‘land phase’’ of the hydrological

cycle that controls the water loads to the main channel of each sub-watersheds (snowmelt,

runoff, infiltration, redistribution in soil profile, evapotranspiration for non-crop plants,

lateral subsurface flow and percolation into shallow and deep aquifers) and (b) the ‘‘routing

phase’’ of the hydrological cycle that controls the water flows to the outlet of the watershed

through the channel network (water routing through the channel, transfers to and from the

shallow aquifer, evaporation).

4.1.3 Water Management

Regarding water management, decision-making processes of dam manager and state ser-

vices, respectively, for water releases and withdrawal restrictions, are also coded as a set of

IF–THEN decision rules. These decision rules must be parameterized locally by eliciting

dam managers’ and state services’ current practices. In MAELIA each dam manager agent

seeks to optimize releases according to objectives of sustaining targeted river flows and

specific constraints of its dam(s): (a) reserved flow (minimum water flow at the exit of the

dam), maximum flow due to dam and river characteristics, (b) period of release (e.g., for

tourism), (c) transfer time between the dam and the targeted monitoring points and

(d) emptying curve of the reservoir (statistical curve used to help present releases without

compromising late season ones). When it is not possible or sufficient to sustain water flow

through water releases (no dams in the sub-watershed, no more available water in the dam),

the state services might issue drought decrees that prohibit the withdrawal of water in some

areas and for some days. Three levels of withdrawal restrictions can be launched: 1 or

2 days a week (level 1), 3 or 4 days a week (level 2) or 7 days a week (i.e., permanent
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prohibition, level 3). Each drought decree concerns one or several pre-defined ‘‘drought

zones.’’ For level 1 or 2, these drought zones are divided in sectors (sub areas) so that each

day of the week a different sector is successively concerned with the prohibition. Addi-

tionally, the decision to apply this restriction is constrained by principles regarding the

progressiveness of regulations (i.e., withdrawal restrictions must be progressive) and

down- and upstream solidarity (upstream area of a given drought zone must be in a

restriction level that is greater or equal). Restriction decisions are taken once every week.

The modeling of dams and regulation management is detailed in Mayor et al. (2012).

4.1.4 Other Socioeconomic Processes

Regarding other socioeconomic processes, such as domestic and industrial water demands

and non-agricultural land cover evolutions, MAELIA uses statistical and econometric for-

malisms either tailored (e.g., industrial demand) or existing (e.g., Reynaud and Leenhardt

2008, for an econometric model of domestic demand according to the water price, principal

residence rate, household income, summer maximum temperature and population density).

4.1.5 Calibration of the Model

When applying MAELIA to a river basin, the calibration of the MAELIA platform is

performed module by module, combining quantitative and qualitative approaches. Many

parameters can influence the model outputs, with a high level of interactions. In order to

get an overview of the model behavior and to screen influential parameters, multiple

sensitivity analyses are performed, while considering some subsets of processes or not.

These step-by-step sensitivity analyses enabled the different influences and interactions to

be disentangled and are a preliminary step to the calibration process. The calibration

process is multi-objective (e.g., reproducing water flows and anthropogenic dynamics). It

uses a multi-point approximation method (Lardy et al. 2012). The principle of this method

is to replace the original optimization problem by a succession of simpler and time-

independent problems. This approximation is achieved thanks to meta-models for a limited

part of the parameter space.

4.2 Evaluation and Impact of Changes in the Spatial Allocation of Cropping
Systems in the Aveyron Sub-basin

4.2.1 Studied Area and Methodology

Through a participatory design methodology, Murgue et al. (2015) identified with stake-

holders from the Aveyron sub-basin different types of changes in the socio-hydrology

system that may limit the recurrent water deficits experienced. These deficits correspond to

the annual water quantities necessary to maintain river flows above the regulatory mini-

mum thresholds, i.e., the minimum flow that ensures the proper functioning of aquatic

environment locally (for details see Mazzega et al. 2014). The methodology was imple-

mented on an 800 km2 irrigated landscape located in the lower reaches of the Aveyron sub-

basin. The mean annual volume withdrawn for irrigation is around 18 hm3. Feedstock

cereals and maize cropping dominate the area, with numerous patches of fruit and high-

income seed-production fields. The utilized agricultural area is 40,000 ha. There are about

1150 farms, of which 43 % are irrigated.
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During the design process, agricultural land stakeholders as well as water management

and environment authorities were asked to specify and quantify as precisely as possible the

nature of the changes (e.g., crop rotation, crop management practices) and their location

(e.g., in which soil, farm type or pedoclimatic area), including farm level acceptability

thresholds (e.g., which area in a farm can support changes). The geographic information

system included in MAELIA acted as a hub during the design process, providing infor-

mation to ease the elicitation of participants’ visions and enabling the formalization of the

proposals into spatially explicit alternatives.

Information on the current spatial distribution of cropping systems and the designed

alternatives were used as inputs to the MAELIA platform. It was run on a 10 years climatic

series (2001–2010) to assess effects of alternative spatial allocations of cropping systems

on daily river flows and water management (e.g., dam releases of water).

4.2.2 Evaluation of the MAELIA Instance

As suggested by Bergez et al. (2010) regarding evaluation of integrated modeling tools, we

articulated quantitative and qualitative approaches for the evaluation of the MAELIA

usage in the Aveyron sub-basin. For this, we organized workshops with local agricultural

and water management experts and presented them with outputs of simulations using the

current cropping system spatial distribution, and dams and restriction management

strategies as input. During these workshops, the analyses of the simulations were focused

on key outputs that were representative of the socio-hydrology system behavior; e.g.,

annual irrigation withdrawals, dynamics of crop management operations (per CMS

pedoclimatic conditions) and simulated stream flow for the main rivers. We provided local

experts with the quantitative data when available, mainly the regional water agency data on

annual withdrawal levels (based on farmer annual declarations), daily measurements of the

river flows at river basin outlet, daily dam water releases, etc.

Outcomes of the quantitative and qualitative assessments showed that our use of the

MAELIA platform allowed the current intra- and interannual withdrawal dynamics from

the field to the sub-basin scale to be reproduced (for details see Murgue et al. 2014). Local

experts compared simulation outputs with the data from the regional water agency and

concluded that the simulations were very satisfactory (Fig. 7). They also validated the

simulated dynamics of crop management operations (e.g., sowing dates, first and last

irrigation dates). We also observed that MAELIA reproduced with a good accuracy the

observed flow dynamic during the low-flow season (results not shown here). However,

even if simulated dam water releases and restriction days were considered as being quite

consistent in their patterns, they did not match with the observed daily data. The detailed

analysis of these results with local experts showed that, actually, the decision process of

releasing dam water and setting withdrawal restrictions does not follow the rules deter-

mined by the local authorities. The actual process is the outcome of a social negotiation

where ‘‘the negotiation ingredients may include the development of conflicts among the

stakeholders, breaches of discussions, the game of political influences, issue linking,

electoral considerations and the preservation of the social peace, etc.’’ (Mazzega et al.

2014). Even if the outcomes of such a negotiation process cannot be simulated with a

modeling platform like MAELIA, this method can be used to assess ex ante (based on

forecasts) theoretical impacts of changes in agricultural activities or water resources

management under the ceteris paribus (all other things being equal) hypothesis (Mazzega

et al. 2014).
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4.2.3 Impact Assessment of Crop Rotation Changes

Here, we present the assessment of one key co-designed alternative aiming at reducing the

overall irrigation demand and so reduce the global water deficit of the Aveyron sub-basin.

It corresponds to the replacement of irrigated maize mono-cropping by a maize–wheat

rotation. The wheat crops are irrigated if necessary since they are cropped on fields where

irrigation is possible. When designing this alternative, farmers specified that for economic

reasons the maize–wheat rotation should be only implemented on 40 % of farms’ maize

mono-cropping area (i.e., in a particular year, the wheat crop would replace maize on only

20 % of the maize mono-cropping area). This alternative resulted in changing maize

rotation practices in 100 ha on about 3000 ha of maize mono-cropping. As a test, we also

assessed the potential impact on river flow of this type of alternative if they were imple-

mented on 100 % of the farms’ maize mono-cropping area. These two different simula-

tions are called AltRot40% and AltRot100%, respectively.

Table 2 summarizes the impact on the reduction in annual withdrawals in the study area

and the potential reduction in the estimated deficit during the two driest summers in the

10-year study period. AltRot40% allows for an average 4.2 % reduction in annual

Fig. 7 Annual withdrawal volumes (in million m3) estimated by the regional water agency through
aggregation of annual irrigator declarations (2003–2010, blue) and estimated with the MAELIA modeling
platform through simulation of irrigation management strategies at the field level (2001–2010, red). For the
MAELIA simulations, in 2003, 2004 and 2005, the crop patterns of farms in the sub-basin were estimated
while for the other years observed data from the French Land Parcel Identification System were used. This
may explain the underestimation of water withdrawals by MAELIA for 2003 and 2004

Table 2 Impact of the alternate scenarios AltRot40% (replacement of irrigated maize mono-cropping by a
maize–wheat rotation over 40 % of the present maize fields) and AltRot100% (same as Alt40%, but over
100 % of the irrigated maize mono-cropping) on the water withdrawn and the water deficit, expressed in %

Water withdrawn (%)
2000–2010

Water deficit (%)
2003

Water deficit (%)
2009

AltRot40% -4.2 -11 -14

AltRot100% -10.5 -27 -39
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withdrawals from the watershed. For the years 2003 and 2009 (the two driest summers in

the 10 years climatic series), the change triggers a reduction of about 0.8 and 1.0 hm3,

respectively, 11 and 14 % of the estimated water deficit of the basin. AltRot100% has a

more significant impact, allowing a reduction in the withdrawals by about a half of the

estimated deficit in the driest years.

The analysis of simulated discharges showed that AltRot40% and AltRot100% have

different effects depending on the sub-watershed. In watershed, where river flows are

driven by dam releases (e.g., the Aveyron river), these alternatives have a low impact on

the river flow itself. They allow the saving of water in dams at the beginning of the

irrigation season and therefore to secure the possibility of replenishing the flows with water

releases at the end of the season. In catchments where water releases from the dam have no

(significant) impacts, the simulations showed that the implementation of these alternatives

variously raises and lowers the discharge, through the cropping season, and has a tendency

to reduce the river discharge at the end of the season (Fig. 8). For the Aveyron river,

AltRot100% significantly raises the flow level during the low-flow season. For the Lère

sub-watershed, the impact can be either positive or negative; however, it is always negative

toward the end of the season (October and November).

This occurrence is explained by the fact that replacing maize by wheat, while it reduces

irrigation withdrawals, also induces less drainage and runoff from the fields to the sur-

rounding rivers. Indeed, as wheat evapotranspiration is higher than that for maize in spring,

the soil moisture level is lower: The spring rainfall almost entirely goes into the soil under

wheat and evapotranspirates during May and June. Conversely, in a maize field, with the

later development of the crop, the soil is kept moist and the rainfall is drained to the

aquifers or runs off to the adjacent rivers. As the growing season progresses, the soil

Fig. 8 Difference (in %) in the simulated outflows between AltRot100% and the current situation
[(AltRot - CurSit)/CurSit] for the Aveyron river (strongly supported by water releases from dams) and the
Lère river (with only a few water releases from dams)
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moisture under wheat is lower due to evapotranspiration. As a consequence, the summer

rain has to replace the water in the soil before the adjacent rivers are fed. In contrast, as

maize is intensively irrigated during low-flow season, the soil is kept moist, and the

summer rain is drained or runs off to adjacent water bodies.

In conclusion, neither AltRot40% nor AltRot100% can meet the expectations of local

water managers to suppress the annual water deficits, but, of course, AltRot100% has a

stronger impact than AltRot40%. However, as this alternative is far beyond that designed

by local stakeholders, its acceptability by farmers seems to be difficult. The MAELIA

simulations showed that in situations where water is not available from reservoirs to

replenish the river flow and irrigation water is abstracted directly from the rivers, these

alternatives may have negative effects all through the season, especially at the end of the

growing season. Even if the evaluation of the MAELIA simulations gave satisfactory

results, these scenarios are subject to model errors. The figures provided by MAELIA must

be used with caution; they must be further confirmed by sensitivity studies to individual

processes or by the use of different models.

5 Conclusions

The Garonne river area has been subjected to significant climate change over the past

50 years. Both ISBA–MODCOU and SWAT hydrological models highlight trends toward

less water resources being available from year to year. This negative trend of the Garonne

river flow is mainly due to the increasing simulated evapotranspiration.

There are now more high-resolution space-based data providing useful information on

both natural and anthropogenic processes. Two examples have been considered in this

paper. In the case of snow, MODIS data were successfully used to validate the snow cover

extent of the Ariège at Foix, a mountainous sub-catchment. However, some difficulties

may arise when converting the snow cover extent to snow water equivalent, as the relation

between these two quantities may be complex. The results over the Garonne basin derived

from the ISBA–MODCOU model, which is able to simulate both the snow cover extent

and discharge, are in good agreement with both the MODIS and the natural discharge of

the Ariège river at Foix. The explicit treatment of elevation bands significantly improved

the score of the discharge in ISBA–MODCOU and SWAT (Grusson et al. 2015), while the

differences are small concerning the snow cover extent. The MODIS snow cover extent

validation may then be extended to the whole mountain range, in order to complement

existing in situ snow cover measurements and discharge data.

Concerning the vegetation growth, the use of realistic sowing dates modified the AET

and discharge, with a contrasted impact depending on the year. This pilot study was limited

to a small watershed in the Garonne river basin because (a) the agro-hydrological model

used requires calibration of water cycle using discharge and runs at the spatial resolution of

the high-resolution satellite images (8 m) and (b) these satellite data with a short revisit

time were only available within a narrow swath (Formosat-2). However, a simplified crop

growth modeling approach based on satellite images (Duchemin et al. 2008) can be

adapted to larger study areas, and the upcoming Sentinel satellite missions will provide

similar imagery at the global scale from 2016. In particular, the Sentinel-2 multispectral

imagery (Drusch et al. 2012) will enable LAI maps to be generated at 20 m resolution

every 5 days for all land areas. Such a high spatial resolution is necessary in areas such as

the Garonne river basin because the cultivated fields are often smaller than 10 ha. With
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current midresolution sensors such as MODIS (500 m), there is a risk of mixing the signal

from winter and summer crops which are often cultivated in adjacent fields. Shorter revisit

times (e.g., in comparison with the 16 days for the Landsat mission) are also needed to

capture the crop growth and the date of the harvest. We expect that these remote sensing

data will enable land surface models to be better constrained so that the hydrological

modeling at the catchment scale may be improved. Concerning the impact of human

activities, the multi-agent simulation platform MAELIA is able to simulate the impact of

realistic agricultural scenarios discussed with local stakeholders on the river flows and

water management (i.e., dam releases). The scenario tested in this paper showed that

substantial hydrological impacts may only be caused by very significant changes in the

crops being grown.

The aim of the work described here is to build a coherent framework representing the

socio-hydrology system at the scale of the Garonne catchment. The work must be com-

pleted to cover the whole basin, accounting for additional human processes, such as large

reservoir management for hydropower and agriculture, and develop the validation using

additional data. First, there is a need to develop methods to aggregate the information from

the field to relevant hydrological components (sub-basins, irrigated areas, local aquifers,

administrative areas, etc.). Secondly, present and future high-resolution satellite infor-

mation should be used to calibrate, constrain or validate the modeling. In addition to

information on sowing dates, data from Sentinel-2 will provide information on vegetation

development and proxies for the soil water holding capacity. The SWOT mission (to be

launched in 2020, Biancamaria et al. 2015) is designed to observe the surface water

elevation in rivers wider than 100 m and water bodies (lakes, reservoirs, ponds, continuous

wetlands) with an area greater than 250 m 9 250 m. In the Garonne catchment, it will

provide information on the main rivers and on the actual water storage in the largest

reservoirs. It is hoped that the construction of this modeling framework of the Garonne

socio-hydrology system will provide valuable information for (1) the operational man-

agement of the low-water flow period, (2) the evaluation of scenarios for the development

of agriculture and (3) the adaptation to climate change.
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database (Ministère de l’Ecologie, du Développement durable et de l’Energie, http://www.eaufrance.fr),
which gathers data from many observers. The authors thank Eric Sauquet and Frédérick Hendrickx for
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Abstract The increasing availability and reliability of satellite remote sensing products

[e.g., precipitation (P), evapotranspiration (ET), and the total water storage change

(TWSC)] make it feasible to estimate the global terrestrial water budget at fine spatial

resolution. In this study, we start from a reference water budget dataset that combines all

available data sources, including satellite remote sensing, land surface model (LSM) and

reanalysis, and investigate the roles of different non-satellite remote sensing products in

closing the terrestrial water budget through a sensitivity analysis by removing/replacing

one or more categories of products during the budget estimation. We also study the

differences made by various satellite products for the same budget variable. We find that

the gradual removal of non-satellite data sources will generally worsen the closure errors in

the budget estimates, and remote sensing retrievals of P, ET, and TWSC together with

runoff (R) from LSM give the worst closure errors. The gauge-corrected satellite precip-

itation helps to improve the budget closure (4.2–9 % non-closure errors of annual mean

precipitation) against using the non-gauge-corrected precipitation (7.6–10.4 % non-closure

errors). At last, a data assimilation technique, the constrained Kalman filter, is applied to

enforce the water balance, and it is found that the satellite remote sensing products, though

with worst closure, yield comparable budget estimates in the constrained system to the

reference data. Overall, this study provides a first comparison between the water budget

closure using the satellite remote sensing products and a full combination of remote

sensing, LSM, and reanalysis products on a quasi-global basis. This study showcases the

capability and potential of the satellite remote sensing in closing the terrestrial water

budget at fine spatial resolution if properly constrained.
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1 Introduction

The evolution and shift of the terrestrial water cycle pose a significant impact on the

climate system, the availability of water resources, the occurrence of hydrological

extremes, etc. The global terrestrial water cycle is also key in understanding the complex

interactive feedbacks and mechanisms among the land surface, ocean and the atmosphere.

Better understanding of the global water cycle can be enabled by accurate and reliable

estimation of the global terrestrial water budget that is continuous in time and space from

various data sources such as traditional in situ observations, advanced satellite remote

sensing, land surface model (LSM), and reanalysis. Though in situ observations always

serve as the ‘‘truth’’, their limited spatial fetch and high cost make them less economical.

By contrast, satellite remote sensing, with its mission in observing Earth at a fine spatial

resolution with temporal continuity, makes it possible to estimate the water budget in less

developed regions where the in situ gauge stations are sparse or non-existent. In addition,

satellite remote sensing products are also always used as the forcing (e.g., precipitation) or

the basic setups (e.g., land cover, topography) for land surface, weather, and climate

models, which can also provide water budget estimates such as evapotranspiration and

runoff at large scales that supplement the point scale in situ measurement. However, the

accuracy and reliability of the budget estimates from these models highly depend on

factors like the parameterization, initial condition, forcing, and calibration/validation.

Terrestrial water budget consists of four major components: the precipitation (P),

evapotranspiration (ET), runoff (R), and total water storage change (TWSC), and the mass

balance of water requires that:

TWSC ¼ P�ET�R ð1Þ

With the development and improvement in satellite remote sensing techniques, all the

components of the terrestrial water budget can be estimated from the space-borne remote

sensing, though the accuracy and resolution vary across the different water budget com-

ponents due to varying sensor characteristics. For example, precipitation can be estimated

by merging microwave and infrared information, such as with the Tropical Rainfall

Measuring Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA: Huffman et al.

2007, 2010), the Precipitation Estimation from Remotely Sensed Information using Arti-

ficial Neural Networks-Cloud Classification System (PERSIANN-CCS: Hong et al. 2007),

and the Climate Prediction Center morphing method (CMORPH: Joyce et al. 2004). Global

estimations of evapotranspiration can be derived from satellite surface radiation budget,

surface meteorology, and vegetation cover (e.g., Fisher et al. 2008; Mu et al. 2007;

Vinukollu et al. 2011). Potentially runoff can be retrieved from satellite altimetry. The

Surface Water Ocean Topography (SWOT: Durand et al. 2010) mission, which is expected

to be launched in 2020, will play a leading role in surface hydrological observations by

providing information for major rivers and water bodies at near global coverage with a

repeating period of 21 days. SWOT will use the Ka-band radar and provide sea surface

height and terrestrial water heights at 120-km-wide swath. The radar measurements will

also be processed for measuring rivers with widths larger than 100 meters width and lakes

with areas larger than (250 m)2. SWOT will provide river elevation (with an accuracy of

10 cm), slope (with an accuracy of 1 cm/1 km) and width which can be used in estimating

river discharge (Paiva et al. 2015; Pavelsky et al. 2014). The surface and subsurface total

water storage (TWS) can be measured by the NASA Gravity Recovery And Climate

Experiment (GRACE) twin satellites (Landerer and Swenson 2012; Tapley et al. 2004;
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Wahr et al. 2004), which were launched on March 17, 2002, at the coarse spatial resolution

of *220 km and monthly timescale. Then the measurements of micro-gravity at their

original resolution are processed onto 1� spatial resolution and monthly timescale by three

centers, Geoforschungs Zentrum Potsdam (GFZ), Center for Space Research at University

of Texas, Austin (CSR), and Jet Propulsion Laboratory (JPL), with the gravity anomalies

attributed to changes in total water storage. GRACE has been widely used in water budget

estimation (e.g., Gao et al. 2010; Pan et al. 2012; Sahoo et al. 2011; Sheffield et al. 2009;

Wang et al. 2014) as well as drought analysis (e.g., Famiglietti 2014; Thomas et al. 2014).

As a successor to the original GRACE mission, a GRACE Follow-on (GRACE-FO, http://

grace.jpl.nasa.gov/mission/grace-fo/) is planned for launch in 2017 to continue measuring

the Total Water Storage (TWS).

At regional scales where in situ observations are available, Pan et al. (2012) estimated

the errors in each water budget component against the in situ observations and then merged

those products based on their error information. In addition, earlier studies (Gao et al.

2010; Sahoo et al. 2011; Sheffield et al. 2009; Troy et al. 2011; Vinukollu et al. 2011)

attempted to close the water budget at the basin scale by using satellite remote sensing.

However, the closure cannot be achieved without enforcing the water balance through

approaches such as data assimilation. Sahoo et al. (2011) applied a constrained Kalman

filter (CKF) to close the water budget using satellite remote sensing and provided balance-

constrained best estimates of the water budget for ten major basins.

At the global scale, previous studies (e.g., Dirmeyer et al. 2006; Haddeland et al. 2011;

Oki et al. 1995; Trenberth et al. 2007; Weedon et al. 2011) estimated the terrestrial water

budget from either single or multiple land surface and/or hydrologic models for limited

periods mostly during the 1990s. A recent study (Rodell et al. 2015) blended multiple

sourced datasets into a ‘‘best guess’’ by utilizing the standard deviation/spread of the

uncertainties for each component and estimated the global terrestrial water budget for

2000–2010. But none of these studies provides a multi-decadal global terrestrial water

budget record covering most of the satellite era. Currently the authors are carrying out an

additional analysis for estimating and closing the global terrestrial water budget that

combine multiple data sources (Table 1) that include in situ observations, satellite remote

sensing, and LSM outputs and reanalysis, at 0.5� spatial resolution and monthly timescale

for the period of 1984–2010. A subset of these data records (2004–2007) is used in this

paper as the reference data to evaluate the water budget estimation using different com-

binations of remote sensing data sources.

Though current satellite remote sensing offers the potential to estimate gridded ter-

restrial water budget over the globe, which is especially of significant importance for

ungauged and sparsely gauged regions, challenges exist in quantifying the errors in each

satellite remote sensing products when reliable in situ observations are lacking—and even

when they are available. This study aims at creating a global terrestrial gridded (0.5�)
monthly water budget from satellite remote sensing that has budget closure by applying a

CKF algorithm. The period of 2004–2007 is selected based on the common availability of

all the datasets listed in Table 1. This paper is organized as follows: Sect. 2 introduces the

datasets, the methodology in estimating and closing water budget, and the experiments

used to assess the impact of the data sources on the water budget; Sect. 3 presents the

results from using data products that range from all available products to remotely sensed

products along on estimating and closing water budget; and Sect. 4 presents the conclu-

sions and findings from the study.
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2 Data and Methodology

2.1 Utilized Data

Three satellite precipitation products used in this study. Two are the Colorado State

University (CSU) and the Real Time product of TRMM Multi-satellite Precipitation

Analysis (TMPA-RT). The CSU product (Bytheway and Kummerow 2013) is the TMPA

(Huffman et al. 2007, 2010) accumulated rainfall with uncertainty estimates and is a 3-h,

0.25� spatial resolution gridded product available between 50�N and 50�S. Different from
the standard TMPA products, the TMPA-RT product provides the precipitation estimation

at near real time over 50�N– 50�S, but without rain gauge adjustment. The difference

between TMPA-RT and CSU reveals the role of correcting the satellite retrievals using

ground gauges. The third satellite product is from the Climate Hazard group InfraRed

Precipitation with Stations (CHIRPS, Funk et al. 2014) product. In addition, the in situ

based Global Precipitation Climate Center (GPCC) product (Schneider et al. 2014) and the

multi-source merged product of Princeton Global Forcing (PGF, Sheffield et al. 2006)

Table 1 Data summary

Dataset Period Spatial
resolution

Temporal
resolution

References

Precipitation

CSU 1998–2010 0.25� 3 h (Bytheway and Kummerow 2013)

PGF 1948–2010 0.25� 3 h (Sheffield et al. 2006)

CHIRPS 1981–present 0.5� Monthly (Funk et al. 2014)

GPCC(v6) 1901–2010 0.5� Monthly (Schneider et al. 2014)

TMPA-RT 2001–present 0.25� 3 h (Huffman et al. 2007, 2010)

Evapotranspiration

SRB–PGF–PM 1984–2007 0.5� 3 h (Vinukollu et al. 2011)

VIC 1948–2010 0.25� 3 h (Sheffield and Wood 2007)

ERA-interim 1979–present T255 – (Simmons et al. 2006)

MERRA 1979–present 2/3 9 1/2 H grids – (Rienecker et al. 2011)

GLEAM 1984–2007 0.5� Daily (Miralles et al. 2011)

SRB-CFSR-SEBS 1984–2007 0.5� Daily (Vinukollu et al. 2011)

SRB-CFSR-PM

SRB-CFSR-PT

Runoff

VIC 1948–2010 0.25� 3 h (Sheffield and Wood 2007)

Total water storage (TWS)

VIC 1948–2010 0.25� 3 h (Sheffield and Wood 2007)

GRACE 2002–present 1� Monthly (Landerer and Swenson 2012)

The Princeton Global Forcing (PGF) dataset used in this study, which is an updated version of the PGF
described in (Sheffield et al. 2006), provides near-surface meteorological data for driving land surface
models and other terrestrial modeling systems. All other acronyms are defined Sect. 2.1

Forced by the near-surface meteorological variables from PGF listed above, VIC model simulates evapo-
transpiration and runoff at 0.25�, 3 h over the land from 1948 to 2010 as an updated version of (Sheffield
and Wood 2007)
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dataset that is based on in situ, satellite and reanalysis model precipitation are also used in

our study.

Five satellite remote sensing products are used for global evapotranspiration (ET)

estimation. The products are various combinations of data sources and ET algorithms

(radiation–surface meteorology–ET algorithm). The algorithms are run at a daily time step

and then aggregated to monthly totals. The products are: (1) SRB–PGF–PM: Surface

Radiation Budget–Princeton Global Forcing–Penman–Monteith; (2) SRB–CFSR–PM:

Surface Radiation Budget–Climate Forecast System Reanalysis–Penman–Monteith; (3)

SRB–CFSR–PT: Surface Radiation Budget–Climate Forecast System Reanalysis–Priestly-

Taylor; (4) SRB–CFSR–SEBS: (the Surface Radiation Budget–Climate Forecast System

Reanalysis–Surface Energy Balance System (SEBS); and (5) GLEAM: the Global Land-

surface Evaporation: the Amsterdam Methodology, (Miralles et al. 2011). The algorithms

for models (1)–(4) are described in Vinukollu et al. (2011). Three ET models (2)–(4) use

CFSR meteorology and CFSR surface radiation that has been adjusted to match the

monthly SRB surface radiation. Additionally, two reanalysis ET products from ERA-

interim (Simmons et al. 2006) and NASA’s Modern-Era Retrospective Analysis for

Research and Application (MERRA, Rienecker et al. 2011), as well as one ET from the

Variable Infiltration Capacity (VIC) land surface model (LSM), forced by an updated

version of PGF (Sheffield and Wood 2007), are also used.

The runoff is generated at 0.25� spatial resolution and 3 h, from the same VIC LSM

(Sheffield and Wood 2007). For the runoff fields used in here, VIC was calibrated over 43

globally well-distributed river basins.

The terrestrial Total Water Storage Change (TWSC) is estimated from both the VIC

LSM and GRACE (Landerer and Swenson 2012) ReLease05 (RL05) (http://grace.jpl.nasa.

gov/data/get-data/monthly-mass-grids-land/). Since most of the soil water dynamics occur

in the upper portion of the column, it was decided to use both a LSM and GRACE

retrievals as TWSC estimates even though it is recognized that GRACE should be a more

inclusive product. The GRACE gravity anomaly retrievals are post-processed onto 1�
spatial resolution and monthly timescale by GFZ, CSR, and JPL, as discussed earlier. The

provided scaling grid was then multiplied to the 1� GRACE land data in order to reduce the

attenuation of the surface mass variations at small spatial scales due to the sampling and

post-processing (e.g., the de-stripping filter and the 300-km Gaussian Filter). It is noted that

the current 1� GRACE land data cannot accurately observe ice mass changes over

Greenland and Antarctica, or glacier and ice caps (Jacob et al. 2012). The ensemble mean

(equal weighting of JPL, CSR, GFZ products) is calculated as the TWSC from GRACE.

Sakumura et al. (2014) points out that this is the most appropriate method in reducing the

noise in the gravity field solutions within the available scatter of the solutions.

All the products in Table 1 are either aggregated or disaggregated onto 0.5� spatial

resolution and the monthly timescale. The reader is referred to the references in Table 1 for

detailed information for each product. In addition, monthly streamflow observations from

Global Runoff Data Center (GRDC) are also used in this study, as well as for validation.

2.2 Product Merging and Water Budget Closure

There are insufficient in situ observations, especially for ET, R, and TWSC, to estimate the

errors and/or biases for each water budget component at the grid scale over the globe.

Therefore, in this study, the deviations from the ensemble mean of all the data sources for

the same budget variable is used as a proxy of the uncertainty/error in the individual

products. The merging procedure for each budget component is a weighted averaging,
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where the optimal merging weight wi is given by the following equation (Luo et al. 2007;

Sahoo et al. 2011):

wi ¼
1

r2i

,Xn
i¼1

1

r2i
ð2Þ

in which wi is the merging weight for product i, ri
2 is the error variance of product

i calculated against the ensemble mean, and n is the total number of the products. Note thatP
wi equals to 1. The larger the error variance of product i, the lower is its merging weight.

The merging process is conducted in the unconstrained system.

In the constrained system, the CKF algorithm (Sahoo et al. 2011) is applied that assures

budget closure at each grid cell over the globe. In short, CKF redistributes the non-closure

errors back onto the different water budget components according to their error levels and

correlations. The water balance residual is defined as r = P – ET – R – TWSC. The budget

components can be written as the column vector x, x = [P, ET, R, TWSC]T, and then the

residual of the water balance can be expressed as a linear function of the vector, r = G x,

where G = [1, -1, -1, -1]. The error covariance matrix of x is calculated as

exx ¼ x̂� xð Þ x̂� xð ÞT , where x̂ is an estimate of x, its ‘‘true value’’ and the overbar rep-

resents expectation over the time series. In this study, x̂� xð Þ is replaced with the spread of
the ensemble in each water budget component. This uncertainty estimation method was

first proposed by Adler et al. (2001) and then applied in Tian and Peters-Lidard (2010) to

generate a global precipitation uncertainty map for a variety of satellite remote sensing

products. exx has the dimension 4 9 4 since x consists of four budget variables. Then the

balance-constrained estimate is calculated via x̂0 ¼ x̂� exxGTðGexxGTÞ�1
r̂: The residual

term r̂ is redistributed back into different water budget components through the above

equation. Mathematically, the CKF algorithm mimics assimilating a zero-error observation

of r (i.e., r = 0).

2.3 Design of the Budget Closure Experiments

Five experiments listed in Table 2 are carried out in terms of a sensitivity analysis to

understand how datasets from different sources affect the estimation and closure of the

terrestrial water budget. Starting with the complete suite of measurements and products

[experiment (a)], referred to here as the reference dataset, and removing from the reference

data, one at a time, in situ observations [experiment (b)], reanalysis products [experiment

(c)], in situ and reanalysis products together [experiment (d)], it is possible to determine the

impact of including various data sources in the global water budget estimates and its

closure. The five experiments are conducted in both unconstrained (that is without applying

the CKF algorithm) and the constrained (with CKF) systems.

3 Results and Discussion

3.1 Roles of Non-satellite Sources in Closing the Water Budget

To assess the contribution from non-satellite data sources to the non-closure/imbalance, an

error sensitivity analysis, in terms of experiment (a–e), is conducted by removing/replacing

datasets with ground observations, or reanalysis, one category at a time, and then all
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together, in the unconstrained system. Figure 1a shows the average monthly non-closure

estimated from the reference data [experiment (a)]. Figure 1b–e shows the monthly

average non-closure estimated by replacing the gauge-adjusted precipitation products with

satellite-only product [experiment (b)], removing two reanalysis ET products [experiment

(c)], removing both gauge-adjusted precipitation and reanalysis ET products [experiment

(d)], and removing all gauge corrections, reanalysis, and LSM outputs [experiment (e)].

Figure 2 further shows the impact of removing/replacing different category/categories of

the datasets from the reference dataset in terms of the mean absolute error (MAE, mm/yr)

of the imbalance as a function of mean annual precipitation. It is noticed that the reference

data give the best water budget closure across different climate regimes within different

mean annual precipitation bins (dark line in Fig. 2). Only removing the reanalysis ET

products [purple line in Fig. 2, experiment (c)] gives a better budget closure than the other

three cases [red, blue and orange lines in Fig. 2, experiments (b), (d) and (e)] when the

mean annual precipitation is higher than 30 mm; it gives a poorer closure than the cases

with gauge removal [red line in Fig. 2, experiment (b)] and both gauge and reanalysis

removal [blue line in Fig. 2, experiment (d)] when the mean annual precipitation is below

30 mm. As the area fraction of mean annual precipitation that is under 30 mm maintains a

small portion (\5 %) in which only removing reanalysis gives worse closure, the spatial

map of averaged imbalance also shows generally better closure estimates when only the

reanalysis ET is removed [Fig. 1c, experiment (c)] than the other three cases in which the

gauge-adjusted precipitation products are replaced with only using remote sensing products

[Fig. 1b, d, e, experiments (b), (d) and (e)]. This indicates the critical role of gauge

Table 2 Data sources used in
each sensitivity experiment

The data in use in experiment
(a) reference; (b) remove gauge;
(c) remove reanalysis; (d) remove
gauge and reanalysis; (e) remote
sensing only, are checked in the
table above; the experiments
listed above are corresponding to
the experiment (a–e) shown in
Fig. 1, Fig. 2 in the
unconstrained system and Fig. 7
in the constrained system

Experiment (a) (b) (c) (d) (e)

P

PGF 4 4

CSU 4 4

GPCC 4 4

CHIRPS 4 4

TMPA-RT 4 4 4

ET

PGF–PM 4 4 4 4 4

VIC 4 4 4 4

ERA 4 4

MERRA 4 4

GLEAM 4 4 4 4 4

SRB–CFSR–SEBS 4 4 4 4 4

SRB–CFSR–PM 4 4 4 4 4

SRB–CFSR–PT 4 4 4 4 4

TWSC

VIC 4 4 4 4

GRACE–CSR 4 4 4 4 4

GRACE–GFZ 4 4 4 4 4

GRACE–JPL 4 4 4 4 4

R

VIC 4 4 4 4 4
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Fig. 1 Sensitivity analysis according to experiments a–e in terms of the average monthly water budget
closure (P–ET–R–TWSC, mm/month) during 2004–2007 in the unconstrained system for c a reference
dataset; b in situ precipitation gauge products removed from the reference; c reanalysis removed from the
reference; d both in situ precipitation gauge products and reanalysis removed from the reference; e replace
the reference data with satellite-only remote sensing products and runoff from VIC

Fig. 2 Mean absolute error (MAE, mm/yr) of the non-closure as a function of the amount of the mean annual
precipitation from the reference for experiments a–e in the unconstrained system. *MAE is in log scale
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correction in closing the water budget. The slight difference between Fig. 1b and d reveals

the negative impact of further removing reanalysis ET products when the gauge-involved

precipitation products are replaced with satellite remote sensing only product when the

mean annual precipitation is smaller than 1000 mm [red line vs. blue line in Fig. 2,

experiment (b) vs. (d)]; meanwhile, the difference between Fig. 1d and e suggests that the

further removal of the TWSC and ET from LSM VIC has a slightly negative impact in the

budget closure when the mean annual precipitation is lower than 1000 mm [blue line vs.

orange line in Fig. 2, experiment (d) vs. (e)]. However, the three cases in which the gauge-

adjusted precipitation products are replaced with remote sensing only product (red, blue,

and orange lines in Fig. 2) show very similar performance in closing the budget when the

precipitation is larger than 1000 mm/yr.

3.2 Roles of In Situ Precipitation Observations in Water Budget Closure

The role of in situ precipitation observations are investigated by comparing the water

budget estimates between gauge-corrected satellite precipitation CSU and the TMPA-RT

precipitation estimated solely from satellite observations, together with various remote

sensing ET products, runoff from VIC, and TWSC from GRACE, at multiple temporal

scales. In general, at the annual scale, the water budget is more balanced when the gauge-

corrected CSU is combined with different remote sensing ET products than TMPA-RT as

the markers are more aligned with the diagonal lines in Fig. 3a1–e1. The exceptions are

South America, which shows an obvious balance deterioration when combined with ET

products from SRB–PGF–PM, GLEAM and SRB–CFSR–PM, and Europe which shows a

balanced deterioration as well when combined with ETs from SRB–CSFR–SEB and SRB–

CFSR–PM. Similar to what is revealed by Fig. 3, Fig. 4 also shows improvement in budget

estimation, represented by a general better agreement between P – ET (y axis) and VIC-

simulated runoff (x axis), from gauge-corrected CSU rather than using the non-gauge-

corrected TMPA-RT at basin scales. Both Figs. 3 and 4 show a downshift of P – ET

Fig. 3 Comparison of the average annual runoff (mm/year) between the satellite inferred runoff (y axis)
from different ET products subtracted from ground rain gauge-corrected (CSU, a1–e1) and non-gauge-
corrected (TMPA-RT, a2–e2) satellite precipitation, and land surface model simulated runoff (R, x axis)
during 2004–2007 at continental scales
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(y axis) calculated from CSU to TMPA-RT at both continental and basin scales, which

suggests an overall overestimation in TMPA-RT with respect to gauge observations.

The seasonal cycle of non-closure error estimated by CSU (Figs. 5a1–f1, 6a1–f1) and
TMPA-RT (Figs. 5a2–f2, 6a2–f2) combined with different remote sensing ET products at

both continental and basin scales are illustrated in Figs. 5 and 6, respectively. The spread

of the non-closure error is relatively higher in South America in both cases when CSU

(Fig. 5e1) and TMPA-RT (Fig. 5e2) are used for water budget estimation, and this indi-

cates high uncertainties among different remote sensing ETs exist in South America. In

general, the rain gauge-adjusted CSU precipitation products improve the water budget

closure at both continental and basin scales relative to the remote sensing only TMPA-RT

product, except in South America where the improvements are minimal compared to other

continents (Fig. 5). The same happens for the Amazon and Murray Darling basins (Fig. 6).

The non-closure error ratio (%) is calculated as the absolute value of the non-closure

divided by the precipitation and then aggregated over space and time at both annual and

monthly scales as shown in Table 2. In general, CSU shows lower non-closure ratio than

TMPA-RT when combining with most of the ET products. However, it shows higher non-

closure when CSU is combined with GLEAM ET at annual scale, and SRB–CFSR–PM ET

at both annual and monthly scales.

3.3 Effects of Different Remote Sensing ET Products in the Water Budget
Closure

Five remote sensing ET products are evaluated in terms of non-closure ratio over land at

multiple temporal scales when combined with CSU and TMPA-RT in estimating the

budgets as listed in Table 3. Globally, SRB–CSFR–PT reaches the minimal non-closure

ratio when combined with CSU at both annual (4.2 %) and monthly (8 %) scales. TMPA-

RT shows the best estimation of the water budget when they are combined with SRB–

CSFR–PM at the annual scale (7.6 %) and with the SRB–CSFR–PT at the monthly scale

(9.3 %). Note that such an ‘‘optimal’’ combination of P and ET (in terms of budget closure)

will depend on time and location.

Fig. 4 Comparison of the average annual runoff (mm/year) between the satellite inferred runoff (y axis)
from different ET products subtracted from ground rain gauge-corrected (CSU, a1) and non-gauge-corrected
(TMPA-RT, a2) satellite precipitation, and land surface model simulated runoff (R, x axis) during
2004–2007 at basin scales
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3.4 Roles of CKF in Constraining the Water Balance

Though the gauge-adjusted CSU product gives better water budget closure than the non-

gauge-adjusted product TMPA-RT, neither exactly closes the water budget in the

unconstrained system. In order to enforce the water balance, the CKF algorithm is applied,

which assures closure of the budget at each global grid cell for experiments (a–e) in the

constrained system. The precipitation and ET from the reference data [experiment (a)] in

the constrained system are considered as one benchmark here to evaluate the performance

of experiments (b–e). The relative root-mean-square error [RMSE (%)] of the constrained

Fig. 5 Comparison of the seasonal cycle of non-closure error estimated by ground rain gauge-corrected
(CSU, a1–e1) and non-gauge-corrected (TMPA-RT, a2–e2) satellite precipitation, together with different
ET products, TWSC from GRACE, and runoff simulated from VIC during 2004–2007 at continental scales
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precipitation and ET estimates from experiments (b–e) is calculated against the reference

dataset [experiment (a)]. In general, it shows that the closest P and ET estimates to the

budget estimates, from the reference in the constrained system, when only the reanalysis is

removed [purple line in Fig. 7, experiment (c)], while the poorest estimates are when all

possible non-satellite sources are removed [orange line in Fig. 7, experiment (e)]. It is also

found that removing the reanalysis causes less impact to the precipitation estimate (top

Fig. 6 Comparison of the seasonal cycle of non-closure error estimated by ground rain gauge-corrected
(CSU, a1–o1) and non-gauge-corrected (TMPA-RT, a2–o2) satellite precipitation, together with different
ET products, TWSC from GRACE, and runoff simulated from VIC during 2004–2007 at basin scales
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panel in Fig. 7) than to the ET estimate (bottom panel in Fig. 7), especially when the

reference annual precipitation and ET are relatively low.

This study aims at exploring the potential of the satellite remote sensing in replacing the

reference data for budget estimation, which corresponds to experiment (e). Figure 8 shows

an example of the water budget components (P, ET and R in Fig. 8a–c, and TWSC in

Fig. 8d–f); water budget closure in the unconstrained system (Fig. 8g); the average attri-

bution of each component with the remote sensing products [Fig. 8h corresponding to

experiment (e)]; and the reference data [Fig. 8i corresponding to experiment (a)] are used

to estimate the water budget throughout 2004–2007 for the unconstrained (first column)

and constrained (second and third columns) systems for the Amazon River basin. Over the

Amazon basin where the rainfall is heavy and the gauges are relatively sparse, the

uncertainties in rainfall are higher, making precipitation the major recipient of the budget

error attribution (Fig. 8h–i). The constrained water budget fluxes (P, ET and R) and TWSC

estimated from remote sensing are similar to that estimated from the reference data. This

suggests that though the reference data seem to close better the water budget (Fig. 1a)

compared to the remote sensing data (Fig. 1e) in the unconstrained system, the budget

estimates in the constrained system via CKF data assimilation approach are quite com-

parable between the remote sensing (Fig. 8b, e) and the reference data (Fig. 8c, f).

Further comparison of the monthly average terrestrial water budget estimates in both the

unconstrained and constrained systems during 2004–2007 is shown in Fig. 9. The differ-

ences between the water budget components estimated from remote sensing and the ref-

erence data in both unconstrained system and constrained system are shown in Fig. 9f1–l1
and f2–l2, respectively. There is no difference in runoff between reference and remote

sensing in the unconstrained system (Fig. 9k1) as VIC runoff is the only source for both

experiments. In the constrained system, such differences show up as the CKF redistributes

budget errors. For precipitation, the difference between reference and remote sensing drops

from the unconstrained system to the constrained system (Fig. 9i1 vs. i2 with the bias (%)

dropping from 232 to -2 %, RMSE (%) dropping from 548 to 45 % and the correlation

coefficient (CC) increasing from 0.43 to 0.94). Decreases in the differences between ET/

TWSC estimated from the reference and remote sensing are also found when the constraint

is enforced (Fig. 9j1 vs. j2 and l1 vs. l2). The estimates from the reference data and the

remote sensing in the constrained system are quite comparable, and this suggests good

Table 3 Non-closure ratio (%,
non-closure/precipitation) at
multiple temporal scales over
land

The numbers in bold indicate the
best water budget estimates (with
the least non-closure) that are
optimally combined of P and
ET from different products

Annual Monthly

CSU SRB–PGF–PM 4.9 9.4

GLEAM 8.6 9.6

SRB–CFSR–SEBS 8.7 10.7

SRB–CFSR–PM 9.0 11.6

SRB–CFSR–PT 4.2 8.0

TMPA-RT SRB–PGF–PM 8.7 10.4

GLEAM 8.3 10.0

SRB–CFSR–SEBS 10.4 11.2

SRB–CFSR–PM 7.6 10.3

SRB–CFSR–PT 7.7 9.3
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potential of satellite remote sensing to provide a very good estimate of the global water

budget if properly constrained.

3.5 Runoff Validation Against GRDC Data at the Basin Scale

In situ observational runoff data for 32 large basins as used in Pan et al. (2012) and 331

medium-sized basins (with sizes no larger than 104 km2) were collected from Global

Runoff Data Centre (GRDC). The data availabilities vary from basin to basin. By filtering

Fig. 7 RMSE (%) of the non-closure as a function of mean annual precipitation and ET from the reference
budget estimates for experiments (b–e) in the constrained system
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Fig. 8 Unconstrained water budget (P, ET and R in a, TWSC in d) estimated from satellite remote sensing,
constrained water budget estimated from satellite remote sensing (P, ET and R in b, TWSC in e) and the
reference data (P, ET and R in c, TWSC in f) over the Amazon River basin. g is the imbalance before the
water budget constraint. The imbalance after the water budget constraint equals to zero and the attribution
from each water budget components are shown in h, i for unconstrained and constrained system,
respectively

Fig. 9 Comparison of the average monthly water budgets (mm/month) estimated from the reference data
(a1–d1) and (a2–d2), the satellite remote sensing data (e1–h1) and (e2–h2), and the differences between the
reference data and the remote sensing products in estimating the water budgets in the unconstrained (i1–l1)
and constrained systems (i2–l2). *The corresponding statistic indices of water budgets estimated from
remote sensing relative to the reference data are listed under each budget terms for both unconstrained and
constrained system
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out those gauge observations with data availability that cover our research period

2004–2007, only four large basins and 16 medium-sized basins are left for validation

(Fig. 10). This illustrates the challenge of identifying in situ runoff data for validating

Earth observations. The basin sizes of the 16 medium basins are ranging from 10,400 to

363,000 km2. The four large basins are evenly distributed in different continents, but all of

the 16 medium-sized basins are located in South America. Figure 11 illustrated the

monthly runoff time series estimated from a combination of different data sources, which

correspond to experiments (a–e) in the constrained system, compared against the GRDC

observation. The runoffs estimated and constrained from different data sources from

experiments (a–e) align well with each other for those four large river basins except for

Mississippi river basin, which has the densest in situ observations that may lead to large

variations among different data sources for the same water budget component (particularly

precipitation during the summer season). The larger variation in any of the budget com-

ponent will impact the budgets estimated and constrained from the constrained system. The

poor estimates of runoff in Niger River basin might be caused by the precipitation error

over that region due to limited in situ observation of precipitation in Africa that would

impact the data quality of precipitation products from different sources, or features like

wetlands that are not well represented in VIC.

Figure 12 further provides the comparison of monthly mean runoff estimated from the

five experiments with different data sources against GRDC observations for the sixteen

medium-sized river basins. Similar to what is shown in Fig. 11, the runoff estimated and

constrained from different data sources from experiments (a–e) are in general agreement,

which demonstrate that using satellite remote sensing only data sources [experiment (e)]

together with the CKF in the constrained system can achieve similar budget estimates (e.g.,

for runoff) to other experiments (a–d) with different data sources. However, some of the

runoff estimated from the experiments does not align well with GRDC observations. This

is possibly due to the coarse spatial resolution (0.5�) of the estimated budgets from the

experiments. Uncertainties exist in the basin mask files for extracting the monthly runoff

Fig. 10 Locations of the four large river basins and the outlets of the 16 medium river basins for validation
which are shown as ? symbols
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from the global datasets, and these uncertainties would be particular large for those basins

which only cover a limited number of pixels, though we have assigned a fraction to those

boundary pixels in our basin mask extraction algorithm.

Fig. 11 Comparison of monthly time series of runoff estimated from experiments (a–e) from the
constrained system over the four large river basins against GRDC observation
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4 Conclusions

This study creates closed terrestrial, global water budget estimates using satellite remote

sensing at a 0.5� spatial resolution and monthly timescale for the period of 2004–2007. We

also investigate the roles of data from different sources in estimating and closing the

budget, and particularly assess the capability of the satellite remote sensing in closing the

terrestrial water budget at the 0.5� spatial resolution through constrained data assimilation.

The water budget closure is sensitive to the gauge-adjusted precipitation but is less

sensitive to reanalysis ET products in the unconstrained system. Comparison among the

water budget closure datasets that were estimated by removing/replacing one or more

categories of data from the reference set shows that non-satellite data sources can help to

reduce the non-closure errors significantly. Particularly, replacing the gauge-corrected

precipitation datasets with satellite-only TMPA-RT for the budget estimation leads to

larger non-closure errors, which reflects a high bias in TMPA-RT.

The rain gauge-corrected CSU precipitation product, when combined with different

remote sensing ET products, TWSC from GRACE and runoff from VIC, outperforms the

non-gauge-corrected TMPA-RT precipitation at multiple spatial and temporal scales in the

water budget closure. The discrepancy between the non-closure errors based on using CSU

or TMPA-RT precipitation demonstrates the need of a rain gauge adjustment for global

gridded satellite-based water budget estimates.

As neither the reference data [experiment (a)] nor the remote sensing data [experiment

(e)] can exactly close the water budget in the unconstrained system, the CKF data

assimilation approach is applied to constrain the budget closure. Once constrained, the

differences between budget estimates from the reference data and from satellite-only

remote sensing become fairly small, suggesting a good potential for being able to use

remote sensing alone to reasonably reproduce the water budgets.

Fig. 12 Comparison of monthly mean runoff estimated from experiments (a–e) from the constrained
system over the 16 medium-sized river basins against GRDC observation
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Runoff estimated from experiments (a–e) with constraints is validated against GRDC

observations. A limited number of basins are applied for validation due to the limited data

availability for the study period. The validation results show that the runoff estimated from

remote sensing only in experiment (e) can achieve very similar runoff estimates from other

experiments (a–d) with more categories of data sources, and meanwhile is lined up fairly

well with GRDC runoff expect for those smaller basins with mask uncertainties for the

coarse spatial resolution at 0.5�.
As we demonstrate the potential for remote sensing in water budget studies, further

efforts are still needed to understand the discrepancies among different data sources such

as in situ observations, satellite remote sensing, land surface models, and reanalysis data

products in closing the water budget. With the current satellite missions such as the Global

Precipitation Mission (GPM) and Soil Moisture Active Passive (SMAP) mission, and

future missions such as Surface Water Ocean Topography (SWOT) mission for global

surface elevations and river stage and discharge, it is very promising that the community

can retrieve accurate depiction of the global water budget at fine resolutions and over a

longer time period.
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Abstract Lakes are integrators of environmental change occurring at both the regional

and global scale. They present a wide range of behavior on a variety of timescales (cyclic

and secular) depending on their morphology and climate conditions. Lakes play a crucial

role in retaining and stocking water, and because of the significant global environmental

changes occurring at several anthropocentric levels, the necessity to monitor all morpho-

dynamic characteristics [e.g., water level, surface (water contour) and volume] has

increased substantially. Satellite altimetry and imagery are now widely used together to

calculate lake and reservoir water storage changes worldwide. However, strategies and

algorithms to calculate these characteristics are not straightforward, and specific approa-

ches need to be developed. We present a review of some of these methodologies by using

lakes over the Tibetan Plateau to illustrate some critical aspects and issues (technical and

scientific) linked to the observation of climate change impact on surface waters from

remote sensing data. Many authors have measured water variation using the limited remote

sensing measurements available over short time periods, even though the time series are

probably too short to directly link these results with climate change. Indeed, there are many

processes and factors, like the influence of lake morphology, that are beyond observation

and are still uncertain. The time response for lakes to reach a new state of equilibrium is a

key aspect that is often neglected in current literature. Observations over a long period of

time, including maintaining a constellation of comprehensive and complementary satellite

missions with service continuity over decades, are therefore necessary especially when the

ground gauge network is too limited. In addition, the design of future satellite missions

with new instrumental concepts (e.g., SAR, SARin, Ka band altimetry, Ka interferometry)

will also be suitable for complete monitoring of continental waters.
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1 Introduction

Water is an unavoidable need for all life on Earth. An adequate supply of clean, safe,

freshwater is a basic prerequisite for human survival and the economic development of

regions and nations. However, water is unevenly distributed in space or in time and does

not always coincide with our consumption needs and wants (domestic, agricultural or

industrial). On a global scale, water runoff is largely concentrated in the temperate climatic

zones and equatorial regions. The general geographical distribution of the world’s lakes is

also very irregular with most of them being located over the Northern Hemisphere and at

higher latitudes in glaciated areas (Downing et al. 2006). Lakes and reservoirs constitute

essential elements of the hydrological and biogeochemical water cycles due to their basic

ability to store, retain, clean, and provide water consistently. They influence many facets of

ecology, biodiversity (Dudgeon et al. 2006), the economy, and human welfare (Rast and

Straskraba 2000). It therefore follows that lakes are important modifiers of many bio-

chemical and hydrological processes. Lakes vary physically in terms of illumination levels

(incoming radiation), temperature, and water currents and also have chemical variations in

terms of nutrients, major ions, and contaminants. Biological variations can be noted in

terms of structure and function as well as static versus dynamic variables, such as biomass,

population numbers, and growth rates. All these variables present spatial and temporal

variability, the latter going from minutes to geological times (see Rast and Straskraba

2000). Lake, reservoir, and wetland distribution is of great interest in many scientific

disciplines. Besides their regional significance, global distribution is of special interest for

large-scale studies of environment, biodiversity, health (spread of waterborne diseases),

agricultural suitability, climate change modeling, and for assessments of present and future

water resources (Williamson et al. 2009). Despite their importance, many considered

continental waters to be a minor part of the biosphere, and therefore, until very recently,

the activity of inland waters was ignored in global estimates of ecosystem processes (see

Downing 2010). Now it is recognized that freshwater ecosystems play a substantial role in

many key processes, such as within anthropogenic gases flux exchanges (Tranvik et al.

2009; Raymond et al. 2013; Seekel et al. 2014). It was only until very recently that there

were still major uncertainties in these global estimates because many key processes

(physical, chemical, and biological) scale with lake size and the total area and distribution

of lentic ecosystems were not well reported.

There are a limited number of comprehensive worldwide lake datasets (Halbfass 1914;

Meybeck 1995; Lehner and Döll 2004; Downing et al. 2006; McDonald et al. 2012) that

contain information on location, extent, and other basic characteristics of open water

bodies and wetland areas on a global scale. The recent developments in the field of remote

sensing have improved these datasets and promise global land cover images of increasing

quality and resolution, including the possibility to monitor spatiotemporal changes in lake

and wetland extents. Verpoorter et al. (2014) made a recent inventory of global lakes using

satellite imagery with production of contours for all lakes that are greater than 0.002 km2,

which is currently the most complete existing database. They counted more than

117 million lakes for a total surface area of 5,000,000 km2.
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Since the middle of the 1990’s, satellite radar altimetry has been a successful technique

for monitoring height variations of continental surface water, such as lakes and rivers

(Morris and Gill 1994; Alsdorf et al. 2001; Calmant et al. 2008; Abarca-del-Rio et al. 2012;

Sima et al. 2013; Yi et al. 2013; Silva et al. 2014; Pandey et al. 2014; Tarpanelli et al. 2015

and many others). The surface water level is measured within a terrestrial reference frame

with repeatability varying from 10 to 35 days depending on the orbit cycle of the satellite.

Although data acquisition is independent from weather conditions, radar altimetry can have

a few limitations; i.e., lake-shore topography may affect elevation calculations from the

altimeter. In some extreme cases of mountain lakes, echoes can be foreseen and tracked

several kilometers before and after the satellite passes causing slant range estimation

(Arsen et al. 2015). Many measurements can be lost due to the presence of other small

water bodies at different altitudes in the vicinity of the main target. Accuracy of elevation

retrieval is also dependent on lake or river size and also on surface roughness. Finally, an

altimeter is a nadir pointing system and therefore does not have a global view of the planet.

However, the altimetry technique permits systematic continental-scale lake and river

monitoring and can provide water level estimations in remote areas where in situ data are

not available. Another advantage of satellite altimetry is its ability to monitor lakes and

rivers over decades with a revisit on each target ranging from a few days to a few months

depending on the orbit. For example, the TOPEX/Poseidon or Jason-1 and Jason-2 satel-

lites have a cycle of 10 days, while for CryoSat-2 the revisit cycle is 369 days allowing a

very dense coverage of the Earth’s surface. For large lakes, many satellites can pass over

them providing continuous surveillance over decades.

A lake acts as an integrator of climate change (Adrian et al. 2009; Schindler 2009), from

seasonal to inter-annual and secular scales, with different response times depending on its

morphology (Mason et al. 1994). The water stored in lakes responds (directly and indi-

rectly) to any changes in precipitation and air temperature (Robertson and Ragotzkie 1990;

De Wit and Stankiewicz 2006).

Climate change impacts lakes in many different ways. For example, increasing air

temperature in mountain areas accelerates glacial thawing leading to a dramatic increase in

surface runoff like over the Tibetan Plateau (Wang et al. 2012; Gao et al. 2015) or the

Andean chain (Bliss et al. 2014; López-Moreno et al. 2014). Meanwhile, the increasing air

temperature also enhances evapotranspiration over the lake’s watershed, therefore leading

to diminished runoff. It is clear that mountain lakes are also directly influenced by changes

in precipitation (Kang et al. 2010; Lei et al. 2014). In tropical regions, the exchange of

water between ocean and atmosphere has a direct impact on continental waters at seasonal

and inter-annual timescales. The lakes in eastern Africa are a case in point. Many authors

have investigated these links, especially between large lakes like Victoria, Malawi or

Tanganyika, and the Indian Ocean. They have shown that the role of the Indian Ocean in

the water level time series is significantly correlated with El-Niño (Nicholson and Yi 2002)

or with the Indian Ocean Dipole (Tierney et al. 2013). In arid regions the impact of climate

change may also be very significant, although it can be masked by human use of water

resources. This is the case in Central Asia for example, where the Aral Sea started to shrink

in the 1960’s due to irrigation of the central Asian steppes for agricultural development,

but this shrinkage has also been enhanced by climate warming (Aus Der Beck et al. 2011;

Cretaux et al. 2013b). Lakes also play a major role in the water cycle processes of the

boreal regions. These regions (like Siberia or Canada) are characterized by the presence of

large flooded areas and a very dense network of hundreds of lakes. This includes a mix of

both permanent and temporary lakes. The result is a high rate of evaporation in sum-

mertime, while in winter most of these lakes are covered with ice (Kouraev et al. 2007).
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For example, inter-annual changes of lake areas in the Yukon Valley (Alaska) were

quantified over the period 1954–2000 by Altmann et al. (2010) who found that 2300 lakes

increased, 430 shrank, and only 200 remained unchanged. Moreover, the role of lakes and

reservoirs in the prediction of future climate impact on water resources is now taken into

account in hydrological and atmospheric models (Bowling and Lettenmaier 2010; Balsamo

et al. 2012).

It is therefore essential to measure their elevation changes over very long time periods,

which will reinforce interest in multi-satellite constellations. As a final point on large lakes,

depending on size and wind conditions accuracy is relatively good compared with in situ

measurements as it may reach down to a few centimeters (e.g., the Great Lakes of North

America, large lakes in East Africa or in Central Asia, Cretaux et al. 2011; Cheng et al.

2010; Ričko et al. 2012). For smaller lakes, accuracy of satellite altimetry is reduced but

generally kept lower than the amplitude of inter-annual variability of the lake level (it may

reach several meters or decameters for some artificial reservoirs), which in the absence of

other measurements (e.g., in situ) remains a useful source of information for different

purposes ranging from science to operational (Cretaux et al. 2015). It is impossible to

measure lake and reservoir level variations globally from ground measurements. Fur-

thermore, satellite radar altimetry techniques have moved from being experimental to fully

operational under space agencies’ program frameworks from many parts of the world

(Europe, USA, China, and India) allowing continuity of service.

Lake surveying is an important objective for WMO (World Meteorological Organiza-

tion) and GCOS (Global Climate Observing System) as lakes are potential proxies within

the framework of global climate variability. In actual fact, the volume of water in a surface

storage unit at any time is an integrator variable, reflecting both atmospheric (precipitation,

evaporation energy) and hydrological (surface water recharge, discharge and ground water

tables) conditions. Thus, within the few Essential Climate Variables (ECVs) (see http://

www.gosic.org/ios/MATRICES/ECV/ECV-matrix.htm and http://www.fao.org/gtos/doc/

pub52.pdf) defined to support the work of the United Nations Framework Convention on

Climate Change (UNFCCC) and the Intergovernmental Panel on Climate Change (IPCC),

one of these variables refers to water level changes and 79 lakes worldwide have been

selected by the Global Terrestrial Network for Lakes (GTN-L) for monitoring (see http://

www.gosic.org/content/gcos-terrestrial-ecv-lakes and http://www.gosic.org/sites/default/

files/ECVT4-Lakes.pdf). For that reason, a data collection center (called Hydrolare, see

http://hydrolare.net/database.php) has been created under the sponsorship of GCOS and

GTOS (Global Terrestrial Observing System) and is hosted by the State Hydrological

Institute of St Petersburg in Russia. Its function is to maintain a Web database for delivery

of the ECVs of the lakes in the GTN-L list (see http://www.wmo.int/pages/prog/gcos/

documents/GTN-L_List.pdf) based on synergy of in situ gauges (working with national

hydrological services and other institutions and agencies providing and holding data on

lakes and reservoirs) and remote sensing data, principally satellite altimeter measurements.

The Hydroweb database (http://www.legos.obs-mip.fr/en/soa/hydrologie/hydroweb/)

was created by Legos (Toulouse, France) in 2003, and delivers the water level of 230 lakes

and volume of about 100 lakes and is officially associated with Hydrolare. Hydroweb

products are completely based on satellite altimetry and imagery.

In Sect. 2 of this paper, we provide a general introduction to satellite altimetry. In

Sect. 3 we concentrate on satellite imagery, and in Sect. 4 we demonstrate how to calculate

lake water storage changes by a combination of both these techniques, and the Hydroweb

database is briefly presented. In Sect. 5 we illustrate how to apply these techniques to a

regional case study of lakes covering the Tibetan Plateau (TP).
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2 Satellite Altimetry

2.1 Introduction

The first satellite altimeter to be launched was GEOS-III in 1975, followed in 1978 by

Seasat. The first use of satellite altimetry for hydrology was with GEOSAT launched in

1985 (Koblinsky et al. 1993). However, thanks to substantial progress in orbit determi-

nation from geodetic systems such as Doris, the use of GPS and laser started with the

launch of the US/French TOPEX/Poseidon (T/P) satellite in 1992. Two pioneering papers

published by same author in the 1990’s using satellite altimetry are still considered

20 years later as basic references for lakes (Birkett 1995) and for rivers (Birkett 1998).

Since then, many studies have illustrated certain case studies using satellite altimetry for

lake surveys (Birkett et al. 1999; Aladin et al. 2005; Coe and Birkett 2005; Hwang et al.

2005; Medina et al. 2008; Lee et al. 2011; Singh et al. 2012; Kleinherenbrink et al. 2015

and many others). The information obtained by this technique is the average water level

above a reference surface for a set of lakes once they are overpassed by the satellite.

Indeed, current satellite altimeter missions were all based on the measurements made by

the altimeter at the nadir of the satellite. Therefore, only a constellation of several satellites

may allow monitoring a large number of lakes and reservoirs. For example, Cretaux et al.

(2015) have shown that, over the Syr Darya river in Central Asia, all the small reservoirs

located within its watershed will be monitored with a constellation of Sentinel-3A (here-

inafter S3A), Sentinel-3B (hereinafter S3B), Jason-3, Jason-CS/Sentinel-6, and SARAL/

AltiKa.

2.2 Basics of Satellite Altimetry

Satellite altimeters are designed to measure the two-way travel time of short radar (or laser)

pulses reflected from theEarth’s surfacewhich gives the distance between the satellite and the

reflected surface, called ‘‘range.’’ The shape of the reflected signal, known as the ‘‘wave-

form,’’ represents the power distribution of accumulated echoes as the radar pulse hits the

surface. Thewaveforms that are acquired using a tracking system placed onboard the satellite

are called ‘‘trackers’’ and can be modeled by a theoretical shape from which the time for the

signal to be bounced back can be determined. The travel time is calculated using a predefined

analytic function, which fits the time distribution of the reflected energy. The first altimetry

missions were designed for the ocean domain. Therefore, the algorithm elaborated to process

the waveform were fitted to classic ocean surfaces described in Brown (1977) where it is

considered that thermal noise is followed by a rapid rise of the returned power called ‘leading

edge’, and a gentle end sloping plateau known as ‘trailing edge.’ However, over the conti-

nents thewaveforms are generally contaminated by noise resulting frommultiple land returns

such as vegetation, bare sands, or steep shorelines. Consequently, the shape of the echoes

reflected by continental waters is often very different from that reflected by the ocean surface.

It can thus become difficult, if not impossible, to calculate a river or small lake’s water level

using the classic ‘‘Brown’’ analytic function.

One way of working around this is to use alternative and more suitable retracking func-

tions of the waveforms.With the Envisat mission launched by ESA in 2002, it was decided to

provide the users the measurement ranges using four different retracking algorithms: The

OCOG/ICE-1 (Wingham et al. 1986) and ICE-2 (Legresy and Remy 1997) retrackers have

been developed to recover heights over ice sheets, and the SEA-ICE (Laxon 1994) to recover
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heights over sea ice. In general, for large lakes the ocean tracker is well suited, but for rivers

and small lakes the OCOG/ICE1 retracking algorithm is the preferred one as it has proven to

be more accurate over this type of surface than the other three (Frappart et al. 2006). Other

retracking algorithms designed for hydrological waveform analysis have been developed.

Berry et al. (2005) proposed to classify the waveform by their typology and to apply a

different algorithm for each class. This has been applied within the automatic near-real-time

altimetry data processing to all flying altimetry missions and delivered through the ‘‘Riv-

er&lake’’ Website (http://www.tethys.eaprs.cse.dmu.ac.uk/RiverLake), as well as to the

historical missions. Another algorithm was developed for automatic calculation of lake and

river time series of the DAHITI database (http://www.dahiti.dgfi.tum.de: Schwatke et al.

2015). All retracking algorithms are potentially affected by biases because they do not

measure the same physical quantity (some track the very nadir point, others process spatial

average within the footprint). Taking into account these biases is essential when combining

ranges from different trackers of a mission, or when comparisons between different products

are made (Cretaux et al. 2011a).

The water height calculation (H) of a lake or river using satellite altimetry is based on

the following equation:

H ¼ Alt � R� TE ð1Þ

where H is considered with respect to a geoid, Alt is the altitude of the satellite above an

ellipsoid, R is the measured range, and TE is the sum of different corrections that take into

account atmospheric refraction (propagation in the ionosphere and the troposphere), tidal

effects (solid Earth and polar), and geoid height above the ellipsoid. For readers who need

more detailed information, a full discussion of the computation of lake height and asso-

ciated errors can be found in Birkett and Beckley (2010) and Cretaux et al. (2013a).

Nevertheless, it is necessary here to provide some information on the specific issue of

orthometric height correction due to geoid gradient along the tracks of the satellites. For

propagation and tidal correction, altitude of the satellite and range measurements, these

variables are provided by space agencies to the users through the Geophysical Data

Records (GDRs). They also provide geoid correction; however, current products delivered

in the GDRs are not accurate enough at short wavelengths for lakes. In Birkett (1995) and

Crétaux and Birkett (2006) it has been shown that a specific computation must be per-

formed to correctly account for the slope of the geoid over a distance of several hundred

meters, which is far lower than the current geoid model resolution. The ‘‘repeat track

technique’’ is used to solve this problem. The geoid slope is recalculated for each of the

tracks of the satellite and then is averaged using all cycles. The result of this calculation is

a mean vertical profile along the track which serves as correction for geoid in Eq. 1. Below

are two examples: a mean lake profile along an ICESat track over Lake Issykkul (Fig. 1)

and four individual passes over a track on Lake Ziling (Fig. 2).

2.3 Past, Present, and Future Satellite Altimetry

The past satellite altimeters of the class of T/P, Envisat, and Jason-2 were operating in low-

resolution mode (LRM) in Ku Band (13.6 GHz). Despite it not being optimal for

hydrology, many studies have been based on this technique, and it has progressively led

spatial agencies to include hydrological objectives in the definition of new missions. The

SARAL/AltiKa mission from CNES and ISRO (French and Indian space agencies) were

the first to operate in Ka band (35.75 GHz) allowing a reduction in the footprint size by a
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factor 2–3 and of the ionospheric effect. The hydrological interest is that the water height

of many narrow rivers or reservoirs has been measured with decimeter accuracy which was

not possible with past altimeters (Arsen et al. 2015). On January 17, 2016, the Jason-3

mission (same instrumental and orbital characteristics as Jason-1 and Jason-2 satellites)

was launched.

On January 12, 2003, the first and only laser altimetry instrument GLAS was launched

by NASA (Zwally et al. 2003). It emitted at a wavelength of 1064 and 532 nm on the

orbiting ICESat and had a near polar, near circular orbit of 91-day repeat cycle at an

altitude of 590 km. GLAS provides laser footprint geolocation and surface elevation above

ellipsoid with a dedicated algorithm after corrections for tides and atmospheric effects

(Brenner et al. 2000). Altimetry from GLAS is derived from the 1064-nm beam mea-

surement. The laser footprint is*70 m and the data spacing is*170 m. Because the laser

beam suffered from technical problems, it was only turned on for short periods (typically

2-month windows twice a year). It was designed to study polar ice sheets but has also been

used for lake level measurements. Thus, many authors have used ICESat products, par-

ticularly over the Tibetan Plateau. Although the satellite’s repeat cycle and longevity were

was not optimal for hydrology, spatial coverage was very high and had the potential to

measure water level over a large set of lakes, as shown over the Tibetan Plateau where

more than 100 lakes have been studied (Zhang et al. 2013; Phan et al. 2011; Kropáček et al.

2012; Song et al. 2013; Wang et al. 2013). It was also used to monitor river water level

variations (Baghdadi et al. 2011; Jarihani et al. 2013). Furthermore, it ensured accuracy of

up to a few centimeters due to the signal’s very small footprint, and data provided by the

National Snow and Ice Data Center (NSIDC) needed no additional corrections. The only

Fig. 1 Vertical mean lake profile along an ICESat track over Lake Issykkul in Central Asia
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correction necessary was for the vertical gradients and undulations of the geoid using the

same method as that described in Sect. 2.2. Launched on April 8, 2010, by ESA, the

Cryosat-2 satellite was primarily designed to study sea ice and polar ice caps. Cryosat-2

has a 369-day repeat orbit (5344 revolutions) with an inter-track at the equator of 7.5 km.

This orbital characteristic is a real limitation for river studies, but it has some significance

for lakes. First, Cryosat-2 is the first altimeter which has two antennas: an altimeter in Ku

band which can work in LRM or SAR mode, and a second antenna which can turn the

instrument to an interferometric mode called SARin. It allows precise determination of the

reflecting point’s geolocation within the radar footprint. Second, Cryosat-2 is of interest

due to its very long repeat cycle, leading to a very short inter-track (*7 km at the equator

and less than 6 km over 40� latitude), and it can cover a huge number of water bodies on

the Earth’s surface and has the potential to measure water level changes for thousands of

lakes and reservoirs worldwide. ESA provides classic GDRs of Cryosat-2 instruments for

all modes of tracking (LRM, SAR, and SARin), and some authors have developed specific

algorithms for them to be used over lakes (Kleinherenbrink et al. 2014) including geoid

slope errors. One interest of using Cryosat-2 for lake surveys is that it also offers the

possibility to fill the gap between Envisat and SARAL/AltiKa (between 2011 and 2013)

and hence allows lake level variations to be calculated from the launch date of ERS2 in

1994 to the present day (see Sect. 2.4).

A new generation of altimeters has been developed by the European Space Agency and

missions are being prepared for launch: Sentinel 3A for early 2016, followed by Sentinel-

3B scheduled for launch within the following 18 months. The altimeters onboard Sentinel-

Fig. 2 Water height above the ellipsoid of reference is calculated for each individual measurement along
the track at different epoch (orbital cycle). The slope along the track is calculated and used to correct each
measurement in order to calculate water altitude above the geoid cycle by cycle. We used the example of
Lake Ziling with Envisat track number 152 at four different dates
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3A and Sentinel-3B are designed to operate in SAR mode on Ku band frequency. SAR

mode will improve the ability of the altimeters to measure water level. This is particularly

significant for small water bodies: straits of water like rivers, pools, artificial lakes, or

reservoirs. The footprint areal extent will be reduced by a factor ranging from 10 to 50 with

respect to the classical LRM altimetry mode (*300 km2 with Jason2). Furthermore, the

SAR mode will be able to redirect the measurement target point on the route. This will

allow a better selection of the water body and reduce pollution from the surrounding

ground signal. Therefore, it will increase the signal-to-noise ratio with regard to the LRM.

In addition, the S3B/S3A tandem orbit configuration (they are operated as a couple of

satellites in interleaved orbit) is particularly promising as it will allow densification of the

Earth’s coverage and therefore target a large number of lakes. At Legos (Biancamaria,

personal communication), it has been calculated that a constellation of Jason-2, Jason-3,

SARAL/AltiKa, S3A and S3B would be capable of measuring the water level for 98 % of

the 3720 lakes on the Earth that have an area larger than 50 km2 and 71 % of the 14,411

lakes with an area larger than 10 km2. This corresponds to approximately 40 % of total

water storage content in lakes worldwide. This new configuration of orbit and measure-

ment systems will significantly improve the survey of narrow tanks both quantitatively and

qualitatively.

In 2020, another mission called ‘‘Jason Continuity of Service’’ (Jason-Cs/Sentinel-6,

with the same footprint as Jason-3’s (300 km2)) will be set up in the same orbit. If Jason-3

is still functioning at that time, it would then be located in a different orbit, known as

interleaved orbit (ground track shifted in longitude by half of its initial orbit equatorial

ground track distance), resulting in double spatial coverage for each satellite. It has still not

been decided whether the altimeter will be switched to SAR mode over the continent. This

satellite constellation will provide a dense survey network with increased sampling time of

lakes and reservoirs. Moreover, some of these instruments are now designed to survey

continental water. Having different satellites will also preclude erroneous measurements

from any single one of them.

However, over the next few years, the main development in this area has been the

Surface Water and Ocean Topography (SWOT) which is currently under development by

the National Aeronautics and Space Administration (NASA), the Centre National d’Études

Spatiales (CNES), the Canadian Space Agency (CSA), and the UK Space Agency (UKSA).

SWOT will carry an interferometer in Ka band that provides water elevation images for

two 50 km swaths on either side of the satellite. Its objective is to measure water level and

contour of all lakes with an area bigger than 250 m 9 250 m every 10 days (with a goal of

100 m 9 100 m). The two swaths are separated by a band of 20 km without observation

except along track using an additional nadir altimeter (Rodriguez 2015). The satellite will

have an inclination of 77.6 degrees, and the entire emerged surface can be covered. These

orbital and instrumental characteristics will allow, for example, total coverage of the

Tibetan Plateau’s (TP’s) 1000 lakes that have an area greater than 1 km2, whereas at

present the altimeters in LRM or SAR mode cover only a small proportion of them. It will

also provide delineation of rivers that are broader than 100 m (with a goal of 50 m).

The expected precision from the SWOT mission (Rodriguez 2015) is that river slope

will be measured over each 10 km length of the rivers larger than 100 meters to 1.7 cm/km

of accuracy allowing monitoring of river discharge. Water height of lakes, reservoirs, and

floodplains will be measured with 10 cm accuracy for 1000 mm 9 1000 m areas (1 km2

area), 20 cm accuracy for 250 m 9 250 m areas (0.0625 km2) and 45 cm for

100 mm 9 100 m areas (0.01 km2).
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The mission will provide a large range of applications for water management and the

scientific study of hydrology and once the majority of the Earth’s lakes, reservoirs, and

rivers have been mapped every 10 days by SWOT many components of the water cycle

can be measured, for example, global discharge of rivers to the ocean, water storage

changes in natural and artificial reservoirs, and floodplain dynamics. When the 3-year

mission is completed, the seasonal global water cycle can then be measured by SWOT and

the data assimilated into models. Our knowledge gap regarding lakes and reservoirs in

particular is expected to be vast (Biancamaria et al. 2010; Lee et al. 2010; Bates et al.

2014). For example, the mission will allow us to control inflow and outflow discharge for

each reservoir (worldwide). Thus, the major advantage of this unique and dedicated

mission will be the possibility to propose an independent, reliable, and accurate mea-

surement system of diverse parameters to water management authorities and scientists.

This could allow greater control over flow, use, and water storage availability over an

entire basin (Cretaux et al. 2015).

2.4 Combination of Multi-Satellite Data

In many cases a lake can be covered by the tracks of different satellites, sometimes with

overlapping periods and sometimes without a common period of observation. The main

advantage of this is the possibility to perform a multi-satellite data processing approach for

a lake’s water height variations over a long period of time. For example, Lake Ziling was

observed by ERS2, Envisat, SARAL/AltiKa, ICESat, and Cryosat-2 satellites from 1994

until 2015. In this framework, the use of ICESat and Cryosat-2 data was fundamental since

they allow calculating relative biases between each of the missions. The calculated water

level time series from each satellite are biased for two main reasons: First, there is an

instrumental bias of each altimeter: This is well documented in the literature (Bonnefond

et al. 2010; Mertikas et al. 2010). The second reason is that the geoid variations over a lake

are not precisely known on a short wavelength of several kilometers, and as the tracks are

not located exactly over the same region of a given lake, it adds a relative bias between

each time series obtained from individual altimeter (Cretaux et al. 2013a; Cheng et al.

2010).

Both errors are added together, which requires some a priori adjustment of inter-track

and inter-satellite biases. When only one satellite crosses a lake, even with several tracks,

the geoid slope is calculated using all existing data along the track one by one and are then

averaged. As tracks do not pass at the same date over the lake, the date of reference of each

lake level product in Hydroweb is calculated as the barycenter of the time of each pass.

If the lake is below the orbit of several satellites, it is therefore necessary to adapt the

data processing to determine the relative biases over each lake in order to calculate water

level variations from multi-satellite data sources. The calculation is done in Hydroweb in a

three-step process.

• Time series of each satellite is calculated independently as described above in Sect. 2.2

• Relative bias is calculated during the overlapping period

• Each bias is then removed to the individual time series, and the long-term time series is

calculated at the last step.

An example is given in the figures below. For Lake Ziling (Fig. 3, 4) we can see that

from the first measurements obtained with ERS-2 data to the last measurements obtained

with Saral-AltiKa, the use of ICESat and Cryosat-2 has allowed us to link each of the five

time series obtained independently, and to fill the gap between two alike missions such as
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Envisat and SARAL/AltiKa. ICESat data used for this computation was the GLA06 v33

global elevation product distributed by the NSIDC, and the Cryosat-2 data over the Tibetan

plateau was turned to SARin mode. The relative biases range from a few meters to a few

centimeters. The resulting 20-year time series of Lake Ziling is given in Fig. 15e.

In the next example, we present the results of calculations over Lake Ngoring-co. For

this lake, seven satellites were used: T/P, Jason-1, Jason-2, ERS2, Envisat, SARAL/AltiKa,

and Cryosat-2 (Fig. 5). Using all of them after relative biases correction allows us to

determine lake level variations over the period 1993–2015, hence more than 20 years. This

is the only way that we can examine the impact of climate change on lakes like this. Note

that none of the satellites could individually capture the complex inter-annual variability of

this lake. This is important to note because it is not characterized by a long-term trend but

by abrupt changes followed or preceded by relatively stable lake level change or a slight

trend over a few years (Fig. 6).

2.5 Accuracy of Satellite Altimetry Over Lakes

Over the Great Lakes (area[100 km2), it has been shown (Ričko et al. 2012) that the

accuracy of satellite altimetry can reach values as low as 5 cm. However, pertaining to

narrow reservoirs that accuracy may vary from 10 s cm to 1 m. For example, comparisons

of altimetry products with in situ daily gauge data show that the RMS accuracy ranges

from a minimum of 3 cm for Lake Issykkul, 5–10 cm for the Great Lakes (Superior and

Erie), to a maximum of 80 cm for the smaller Lake Powell (Ričko et al. 2012). The results

of these analyses demonstrate the absolute need to make careful comparisons between the

lake levels inferred from in situ and satellite altimetry. However, it is difficult to determine

the direct relationship between lake size and the accuracy of altimetry products.

Fig. 3 Map of Lake Ziling. White lines represent the ERS2, Envisat, and SARAL/AltiKa tracks, red lines
the Cryosat-2 tracks and black lines the ICESat tracks
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The accuracy of lake height measurement depends on several factors: range, orbit, and

correction errors. Range errors result from surface roughness and quality of the

retracking of the altimeter waveform. It is also important to emphasize that the altimeter

measurement is an average over the footprint which intrinsically differs from a single-

point measurement of a ground gauge and which is furthermore generally done along the

coast line (Table 1).

Table 2 summarizes the measurement accuracy for a set of 24 lakes of various sizes and

located in different regions. We have compiled some published results with new calcu-

lations using in situ measurements collected either on the web, or from direct collaboration.

The idea was to address the recurrent question concerning accuracy of altimetry for lakes

and rivers and its dependency on the size of the water bodies. Is there a minimum size and

anything under which the altimeter does not provide valid water levels? The results given

in Table 2 clearly show that for big lakes the accuracy is largely subdecimeter and that lake

size influences the quality of the results. But the results show that accuracy is also

dependent on the lake’s environment: mountain lakes (Argentino, General de Carrera), or

those with ice and snow in winter (Onega, Athabasca); obviously, large but narrow

reservoirs (Mead, Powell) have degraded accuracy. For Lake Onega, for example, we

calculated the accuracy in all but the winter season, and the RMS was twice as good as that

over the whole year.

In a recent study (Arsen et al. 2015) the authors quantified the improvement in accuracy

when using the SARAL/AltiKa measurements over mountain lakes in regard to the results

Fig. 4 Satellite altimeters over Lake Ziling from different satellites before adjusting for relative biases
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obtained with Envisat. Their results were classified with respect to the length of the

effective track over a given lake instead of using lake size as comparison criteria. The

study was performed for 15 lakes in the Andean chain and results show that with Envisat

there is a clear dependency of the RMS in terms of length of the effective track over the

lake, while it was unquestionably not the case with SARAL/AltiKa. An order of magnitude

of accuracy improvement with SARAL/AltiKa was calculated: For the 15 lakes, the RMS

had an approximate average of 10 cm, while it was 1 meter or sometimes more with

Envisat. With its smaller footprint than Envisat, the SARAL/AltiKa measurements still had

an RMS of 10–12 cm (Arsen et al. 2015).

3 Satellite Imagery

Satellite altimetry is used to calculate water height variations over a lake. However, this is

not sufficient when the goal is to establish water balance of a lake which is preferentially

represented by the water storage changes. To determine the absolute water volume of a

lake is impossible without precise bathymetry (Crétaux et al. 2005; Lei et al. 2014; Song

et al. 2014a, c). However, the determination of absolute water volume of a lake is not

Fig. 5 Map of Lake Ngoring-co. White lines represent the ERS2, Envisat and SARAL/AltiKa tracks, red
lines the Cryosat-2 tracks and black lines the ICESat tracks. Cryosat-2 measurements, in contrast to other
missions, do not follow a straight line along the track of the satellite since the SARin measurements are
selected for the TP. The SARin mode which uses Cryosat-2 two antennas to form a cross-track
interferometer allows precise determination of the reflecting point within the footprint
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fundamental when it is easier to calculate volume variations. To perform this variable, we

can use a combination of a lake’s water height and water surface extent at different dates

and then establish a relationship between these variables and water volume changes. This

calculation has been used in many published studies (for an example see Gao et al. 2012;

Duan and Bastiaanssen 2013; Arsen et al. 2014). The first step relates to using satellite

imagery to compute several lakes’ water mask therein corresponding to concomitant water

heights. However, the methodology to extract water mask from satellite imagery is not

straightforward and is why there is a description below. The Hydroweb database uses this

approach to determine the water surface of Tibetan lakes and other lakes throughout the

world.

Many methods exist for the extraction of water surface from satellite imagery, which,

according to the number of bands used, are generally divided into single-band and multi-

band methods. Using the simplest approach, a single band is selected from a multi-spectral

image and used to extract water surface information. In practice, both the surface reflec-

tance and satellite digital numbers are used to calculate vegetation cover or water extent

(Crétaux et al. 2011b). The second category takes advantage of reflective difference in each

multi-spectral band. Spectral signature analysis of water among different bands can be

made, and tree methods can be used to delineate water surface or other features. Com-

monly used methods are based on an index, which combines a multi-band ratio of visible

red/green and near-infrared (NIR)/short-wave infrared (SWIR) bands. Then, the water

mask is derived from thresholding the chosen index (regions with an index above the given

Fig. 6 Combination of data from several satellite altimeters over Lake Ngoring-Co after the adjustment of
relative biases
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threshold are classified as water). Different indexes have been proposed in the literature.

The Normalized Difference Water Index (NDWI) was first introduced by McFeeters

(1996) and expressed as the band ratio:

NDWI ¼ �NIR

Greenþ NIR
ð2Þ

Xu (2006) proposed Modified Normalized Difference Water Index (MNDWI) expressed

as the band ratio:

MNDWI ¼ �MIR

GreenþMIR
ð3Þ

For convenience, we label indexes that use green and NIR as NDWIL/M: Green, NIR and

indexes that uses green and SWIR as MNDWIL/M: Green, SWIR (L = Landsat,

M = MODIS), where Green can be the Landsat TM/ETM ? band 2 (520–600 nm) or

MODIS band 4 (545–565 nm), and NIR as Landsat TM/ETM ? band 4 (750–900 nm) or

MODIS band 5 (1230–1250 nm). Similarly, MIR (or SWIR) can be mid (short)-infrared

bands such as Landsat TM/ETM ? band 5 (1550–1750 nm) or MODIS band 6

(1628–1652 nm). Many other formulations of spectral band ratios can also be found in

different combinations of visible or infrared bands (Ji et al. 2009). Boschetti et al. (2014)

provide a useful and coherent review of existing water indices and their application for

water detection. From band ratio histograms, different objects can be separated from their

background with a simple threshold method (Otsu 1979). Computing the previously

described indexes is relatively easy. However, choosing the adequate threshold value to

compute the water mask can be very tricky because of two major issues. First, band ratios

calculated from different band combinations necessarily have different threshold values for

Table 1 List of past and future missions used in Hydroweb with their general characteristics

Mission Agency Frequency Mode Time (year) Cycle (day)

T/P NASA/CNES Ku LRM 1992–2005 10

Jason-1 NASA/CNES Ku LRM 2002–2011 10

Jason-2 NASA/CNES Ku LRM 2008-present 10

Jason-3 NASA/CNES/EUM
ETSAT/NOAA

Ku LRM 2015 10

Jason-Cs NASA/CNES/EUME
TSAT/NOAA/ESA

Ku Not decided yet 2017 10

GFO NRL Ku LRM 2002–2008 17

ERS-2 ESA Ku LRM 1995–2002 35

Envisat ESA Ku LRM 2002–2011 35

SARAL/AltiKa CNES/ISRO Ka LRM 2013-present 35

Sentinel-3A ESA Ku SAR 2015 27

Sentinel-3B ESA Ku SAR 2016 27

CryoSat-2 ESA Ku LRM/SAR/SARin 2010-present 369

ICESat-1 NASA Laser LRM 2003–2009 91

ICESat-2 NASA Laser LRM 2017 91

SWOT NASA/CN
ES/CSA/UKSA

Ka SAR 2020 21
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the same feature. Thus, a unique threshold cannot be applied to a multi-satellite study.

Additionally, optical properties of surface objects vary with time due to factors such as

varying Sun–target–satellite geometry, atmospheric or soil conditions, water turbidity,

sediment load, and sensor degradations. Liu et al. (2012) have proved that small threshold

variations can occur even on a daily basis. Secondly, band ratio threshold varies depending

on the proportion of sub-pixel water/land/vegetation components. Mixed pixels are espe-

cially important for coarse resolution satellite images [SPOT VEGETATION (1 km), and

MODIS (250/500 m)] because large pixels usually have complex combinations of

water/land cover types within the pixel area. Several studies investigated the issue of the

Table 2 Comparison (RMS and R2) of average water level from satellite altimetry (available on Hydroweb
database) for a set of 24 lakes of various location and size where in situ measurements are available from
different sources

Lake name Continent Area (km2) Period RMS (cm) R2

Argentino1 South Am 1466 1992–2011 22 0.96

Athabasca2 North Am 7900 1992–2009 28 0.91

Aydarkul3 Asia 3000 2002–2010 12 0.95

Baikal4 Asia 31,500 1992–2009 11 0.94

Bratsk4 Asia 3100 1992–2009 41 0.98

Erie2 North Am 25,800 1992–2011 10 0.95

Guri2 South Am 3500 2002–2010 82 0.99

General Carrera1 South Am 1850 2002–2010 22 0.90

Huron2 North Am 59,570 1992–2011 8 0.99

Issykkul6 Asia 6000 2002–2014 3 0.99

Khanka4 Asia 4400 2000–2010 13 0.6

Ladoga4 Europe 18,135 1992–2010 8 0.98

Mead5 North Am 350 2001–2010 64 0.99

Michigan2 North Am 58,000 1992–2011 11 0.98

Oahe6 North Am 700 2002–2010 45 0.99

Onega4 Europe 18,200 1992–2010 15 0.88

Ontario2 North Am 19,000 1992–2011 6 0.98

Powell5 North Am 400 1992–2010 85 0.99

Superior2 North Am 82,200 1992–2011 6 0.97

Tana2 Africa 3000 1992–2006 17 0.97

Tchad2 Africa 1540 1992–2008 28 0.91

Titicaca7 South Am 7800 2000–2005 7 0.99

Volta2 Africa 8500 1999–2010 53 0.98

Woods2 North Am 4350 1992–2011 27 0.81

1 Subsecretarı́a de Recursos Hı́dricos (www.hidricosargentina.gov.ar)
2 From Ričko et al. 2012
3 From www.cawater-info.net
4 In situ data from State Institute of Hydrology of St Petersburg, Russia
5 United States Bureau of Reclamation
6 In situ data from the Institute of Water Problems, Bishkek
7 Personal communication from J-L Guyot (source: Institute of Hydrology, Peru)
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optimal band combination to best delineate water features. Xu (2006) found that the

NDWIL2,4 (McFeeters 1996) was unable to completely discriminate buildup from water

features and have proposed MNDWIL2,5. Ji et al. (2009) evaluate mixture pixel impacts on

simulated spectral bands of Landsat ETM?, SPOT, ASTER, and MODIS and recommend

MNDWIM4,5 and MNDWIL2,5 for use in mapping surface as the less affected by sub-pixel

vegetation components. Ouma and Tateishi (2006) tested five different forms of band ratios

for water body delineation including NDWIL2,4 and MNDWIL2,5. They ranked NDWIL2,4
as second and MNDWIL2,5 as third in order of best performance. In a more recent study

Boschetti et al. (2014) compared performances of several MODIS band ratios and rec-

ommended the combination of MNDWIM4,6 as the best for pure water pixel detection.

These studies show that, depending on the instrument used and specific conditions of the

study zone (water turbidity/depth, percentage of water present in the pixel), one combi-

nation of bands can outperform another. Therefore, it is necessary to validate the results

with ground observations if available, but even then, final conclusions will depend on the

methodology employed and the study zone delineation. Although interesting conclusions

can be found among previously cited publications, only a few of them offer real examples

of band ratio thresholds (e.g., Sakamoto et al. 2007). The subjective selection of the

threshold value may lead to an over- or underestimation of open water area. We use one

example to illustrate the difficulties in threshold selection. In Fig. 7, several grounds to

water intersection profiles are shown for Lake Zhari Namco in the Tibetan Plateau

(30�550N 85�380E). They represent NDWIL2,4/MNDWIL2,5 values calculated with Landsat

5TM, 7ETM?, and Landsat 8 OLI at different dates. The profiles start over a small 2- to

3-pixel-wide water pond and pass over the lake’s surface. We can see on MNDWI profiles

Fig. 7 Methods of water pixel mapping with MNDWI for the Lake Zhari Namco near the shoreline using
Landsat images (a), with NDWI (b), and longitudinal profiles across the entire lake for MNDWI (c) and for
NDWI (d)
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(Fig. 7a) that the land/water crossing has very strong signatures for both the lake and the

water pond. The small water pond composed of mixed pixels has a much weaker response

on NDWI (Fig. 7b). Indeed, Xu (2006) has proved that the detection of mixed pixels is

easier with MNDWI. However, the strong response of mixed pixels reduces the gap

between maximal values and makes the differentiation between open water and mixed

pixels more difficult. The land/water crossings of NDWI profiles are composed of several

lines with different slopes. A particular region can be located around 0.42 on LC8 OLI

2013.11.02 profile (Fig. 7b). The value 0.42 NDWI (0.44 MNDWI) has been calculated by

Xu (2006) as the mean value which characterizes the open water surface of Lake Bayi. We

can see the same transition on two others profiles. Figure 7c, d represents longitudinal

profiles of MNDWI/NDWI across the entire Lake Zhari Namco. One can immediately

notice that NDWI/MNDWI values in the middle of the lake have lower values than near

shore, which is due to partial transparency of water near shore. We also notice a high-

frequency noise from artifacts on Landsat 5 TM and 7ETM? images owing to sensor

degradation. The mean values of MNDWI and NDWI vary in time and are the lowest for

the 2001 image. The 2006 profile has much higher mean value, and thus we can attribute

these changes to temporal variations in air aerosols and water turbidity rather than sensor

degradation. A fixed threshold of 0.9 on the MNDWI deduced from near shore values

could simply be used if the objective is to map only water pixels (Fig. 7a).

However, in this case, taking a lower MNDWI threshold will automatically include all

mixed pixels in our estimations. With a fixed threshold of 0.4 NDWI, it can then be

possible to map open water pixels of Lake Zhari Namco in all three cases. From our

experience, the use of MNDWI or NDWI clearly depends of the study zone. Most of the

lakes can be accurately mapped with NDWI. In some cases the use of MNDWI may be also

interesting. Within the Hydroweb database, the areal extent, i.e., surface time series, may

vary slightly from other studies. This situation is perfectly understandable. As there is no

clear definition of where a lake starts or ends, each author is able to perform their own

delineation. However, the discrepancy between results may increase due to low-resolution

bias. Low-resolution bias is the inaccuracy introduced by the differences in spatial reso-

lution between high and low-resolution data (Boschetti et al. 2014). This surface bias must

be estimated in order to properly translate results obtained with one resolution to another

(e.g., Arsen et al. 2014). For the Hydroweb database, the hypsometry of lakes is estimated

with no more than 10–15 images (information given).

In the frame of Hydroweb, the following steps are used in Landsat image processing:

• Overview of study zone before delineation. Several factors should be estimated:

minimum and maximum water extent, appearing/disappearing islands, flooding areas,

the presence of vegetation/aquatic vegetation components, and in situ data availability.

• Image selection. If possible strictly limited to cloud free, ice-free and inundation-free

scenes in order to reduce difficulties in interpretation.

• Definition of region of interest (ROI) based on maximum and minimum water

extension, cutoff of unnecessary parts (mountains, rivers) to reduce difficulties in

interpretation, and safety margin for water rise.

• For each image: conversion of digital number (DN) in each spectral band to surface

reflectance using the calibration coefficients provided in the image’s metadata

including latest sensor degradation studies. Atmospheric corrections such as dark

object subtraction (Chavez 1989, 1996) are optional and mostly required for vegetation

change mapping (Song et al. 2011).

• For each image: MNDWI and NDWI generation.
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• The water surface is calculated for all open water pixels starting from an initial value of

NDWI C 0.4. Statistical study of histogram profiles at ground/water intersection can be

used for manual adjustments of the threshold to ensure a coherent and well

distinguished shoreline. Water class is constant during the study. This guarantees that

mixed pixels are selected in exactly the same manner. Underestimations of NDWI will

be corrected with supervised methods.

• For each image: thresholding of NDWI or MNDWI, generation of snapshots, subsets,

and ROI files. Overview of results and supervised corrections of: extra thin cloud strips,

inclusions (ice or clouds), sensor artifacts, algae or vegetation blooms, and other

underestimations.

For more information about satellite image data processing, we recommend the pro-

cessing guideline proposed by Ji et al. 2009.

Consequently, in Hydroweb we first use the water level time series inferred from

satellite altimetry in order to determine some key periods when the lake was at extreme

height and some intermediate values in order to select satellite imagery at those dates. It is

not realistic to determine water extent of a lake for each measurement of its water level,

especially when a lake is too large and is not covered by only one image.

We used Landsat 7 ETM? and Landsat 5 TM images (available on the USGS GLOVIS

image archive (http://www.gloviusgs.gov/) and when the spatial resolution was not nec-

essarily high MODIS images (500 m of resolution, MOD09GHK products) were also

selected. In general, we try to select between 10 and 15 images at different dates and

calculate the hypsometry relationship (dA/dH), where A is the lake area (in km2) and H is

the height of the water surface above the geoid (in m), which is then applied to determine

surface extent of the lakes each time a water level is calculated using satellite altimetry.

The hypsometry is expressed as a polynomial of degree 1, 2 or 3 depending on the linearity

of the couples of water level and surface extent of the lake. In such processing, we do not

need to process a large amount of satellite images, and this is a practical way to deliver

through Hydroweb time series of lake surface extent together with height time series.

4 Storage Change Calculation

The determination of volume variations is done under the hypothesis that between two

successive measurements (at date T0 and T1) of the couple, A and H, the morphology of the

lake is regular and has a pyramidal shape (Abileah et al. 2011), and we can therefore derive

the water volume changes from the following equation:

DV ¼ H1� H0ð Þ � ðA1þ A0þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

A1� A0Þ
p

3
ð4Þ

where V represents the volume variation between two consecutive measurements, H1, H0

and A1, A0 are levels and areal extents at date T1/T0, respectively. Figure 8 gives an

example on Lake Ayakkum located in the northern part of the TP with a two-order

polynomial fit of area versus height of the lake.

FromFig. 9 above it is interesting to note that the hypsometry of a lake is not always linear.

This implies that, in Hydroweb, we consider the polynomial coefficient to determine surface

variation from height variations only in the domain of validity of the hypsometry, so we don’t

extrapolate the water surface for water height outside of the maximum and minimum values

used to determine polynomial coefficients. As a comparison, in Song et al. (2013) the same
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calculation was made for a set of 12 Tibetan lakes, and we see that for Lake Ayakkum they

established a linear function of area versus height (Area = 89.2857 9 height – 345602)

because only ICESat data from 2003 to 2009 was used, which could lead to some errors in

water surface extrapolation for similar cases. Indeed, for a low lake water height of 3880 m,

the two sets of polynomial coefficients both give an area of about 820–830 km2. In contrast,

for a high lake water height of 3882 m (reached in 2011–2012), the second-order polynomial

development leads to 896 km2, while in Song et al. (2013) with a one-order polynomial

development, it reaches more than 1000 km2.

In Hydroweb, the time series for about 20 lakes of the Tibetan Plateau are given for

these three variables, H, A, and dV over at least one decade. We use the multi-satellite

approach which is described in Sect. 2.4. The data from ERS2, T/P, Jason-2, Envisat,

ICESat, Cryosat-2, and SARAL/AltiKa have been used to perform the calculation of water

level variations of these lakes. We therefore provide long decadal time series for some of

these lakes, and we show in the next section the results obtained for a list of 11 large lakes

in the southern TP, with the majority of them having more than 20 years’ worth of data.

5 Case Study: The Tibetan Plateau

The Tibetan Plateau is the largest and highest region on Earth and the source of 10 major

river systems that provide irrigation, power and drinking water for over 1.3 billion peo-

ple—nearly 20 % of the world’s population—and is known as the ‘‘water tower of Asia.’’

Fig. 8 Lake Ayakkum’s height from multi-satellite altimetry (ERS2, Envisat, CryoSat-2, and SARAL/
AltiKa). The circles represent individual measurements and the black line a moving average done over every
six individual measurements
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The TP is considered as one of the most sensitive regions on Earth to global warming (Yao

et al. 2012) and therefore plays a key role on both hydrology and climate for southern and

eastern Asia. Its ice fields contain the largest reserve of fresh water outside the polar

regions. It has been named The Third Pole. It has an average altitude of 4000 m a.s.l and is

covered by mountains, glaciers, high altitude plateaus, permafrost, and hundreds of lakes

(Liu and Chen 2000; Liu et al. 2009a; Huang et al. 2011; Wan et al. 2014; Zhang et al.

2015).

Its climate is very dry in the northwest (50 mm/year of rainfall) and more humid in the

Southwest (700 mm/year) with more than 60 % of its precipitation falling during the

summertime (Kang et al. 2010). It is under the influence of the Indian and East Asian

monsoon and of the westerlies (Li et al. 2007). The TP has been warming over the last

50 years at a rate of 0.36�/decade (Wang et al. 2008) which doubles previous estimates

made by Liu and Chen (2000). This phenomenon has been more pronounced over the last

30 years, particularly in winter (Kang et al. 2010; Huang et al. 2011). Precipitation changes

have strong regional patterns and high inter-annual variability. It has become wetter in the

East and central part (Kang et al. 2010; Xu et al. 2008) and dryer in the Northeast and West

(Huang et al. 2011; Kang et al. 2010; Xu et al. 2008).

The consequences of these climate change geographical patterns are visible on lake

water balance. Some are declining, for example in the far south of the TP or near the source

of the Yellow River (Huang et al. 2011). Many of the lakes in the western regions and

central part of the TP and in the North are, in contrast, expanding due to the accelerated

melting of glaciers and permafrost (Liu et al. 2009a; Huang et al. 2011). However, there is

not always a direct relation between long-term precipitation changes and lake level

Fig. 9 Hypsometry polynomial of Lake Ayakkum (within the hypsometry equation, height is expressed in
meters and area in km2)
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variations (Huang et al. 2011; Zhang et al. 2011a; Liu et al. 2009a). In general, the

magnitude of precipitation changes is too low to explain water level increasing a few

decimeters per year as noted by Zhang et al. (2011a). The impact of climate change on

water resources over the TP is therefore very complex: a mix not only of direct precipi-

tation changes and evaporation increase under a warming climate, but also of glaciers,

snow, and thickening of the active layer of the permafrost, which increase surface and

underground inflow to the lakes (Ma et al. 2010; Liu et al. 2009a; Kang et al. 2010; Huang

et al. 2011; Zhang et al. 2011a; Li et al. 2014; Song et al. 2014c; Zhang et al. 2015). The

decrease in the frozen duration due to warming, which is very pronounced in winter time,

also increases the potential contribution of permafrost to lake storage changes (Huang et al.

2011; Li et al. 2008; Liao et al. 2013). It has been observed that in some regions of the TP,

the lower limit of the permafrost has risen by more than 80 m, and the active layer has

grown by a few decimeters since 1970 (Li et al. 2008), and the total permafrost extent over

the TP has declined by 100,000 km2 (Kang et al. 2010). In addition, melting of massive

ground ice has resulted in thermokarst ponds which, as a major heat source, speeds up the

moisture change, and enhances degradation of its surrounding permafrost (Li et al. 2014).

This could explain the geographical disparity of lake storage changes over the TP.

There are 37,000 glaciers covering the TP, and most of them have retreated since the

end of the 20th century (Neckel et al. 2014; Wei et al. 2014), directly increasing the surface

water recharge to lakes and downstream rivers. The area of the TP glaciers has decreased

by 7 % over the last 40 years (Krause et al. 2010) and will probably continue to shrink in

the future (Solomon et al. 2007). If this increases the surface water runoff at short time-

scale, at longer timescale a significant reduction of stream flow resulting from glaciers

melting is predicted (Eriksson et al. 2009).

Many studies are now investigating the impact of melting glaciers on the water balance

of lakes by using satellite remote sensing and/or models (Kang et al. 2010; Ye et al. 2007;

Liao et al. 2013; Song et al. 2014c). For example, Wu and Zhu (2008) and Yao et al. (2007)

explored links between area changes of glaciers in Lake Namco’s watershed and its

expansion in size over recent years. Ye et al. (2007) have estimated the contribution of

glaciers in the water balance of Lake Yamzhog Yumco in South Tibet under expansion at

the end of the last century. Phan et al. (2013) have shown that glacier melting has become

an important factor of water storage change for a large number of lakes over the TP.

As essential natural resources for many different uses, lakes over the TP are therefore

under increasing climate stress which needs to be quantified and understood. However,

there are only a few gauging instruments (meteorological and hydrological) installed on the

TP, and the monitoring of glaciers, permafrost, regional climate change, runoff, and lake

level is performed very sparsely and only in recent years. This is why the majority of

studies are now based on remote sensing data, and satellite altimetry application for lakes

over the TP has been widely adopted by hydrologists and climatologists.

Indeed, satellite altimetry (radar and laser) has been used to calculate water level

changes of lakes over the TP. It could be focused on a specific subregion of the TP

concerning an individual or limited number of lakes such as lakes Namco and Ziling that

were studied in Wang et al. (2013), Li et al. (2014), Song et al. (2015), Ngoring-co by Lee

et al. (2011), Liao et al. (2013), Ngangze and La’anga from Hwang et al. (2005) and many

others (along with references in the papers cited before). Since 2010 several authors have

studied lake level changes and their connection to climate change using satellite altimetry

and/or satellite imagery as a principal source of information for the whole TP (Liu et al.

2009a; Zhang et al. 2011a; Phan et al. 2011; Huang et al. 2011; Song et al. 2014b;

Kleinherenbrink et al. 2015). They generally try to describe the water level or storage
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changes of the lakes in terms of global warming and to determine which component of the

water balance is the most influential.

However, nothing regarding the potential use of lakes as a climatic index at the global

scale has been published so far. Many studies have investigated the correlation of lakes

(mainly at local or regional scale) with climate indexes like the El Niño Southern Oscil-

lation (ENSO), Pacific Decadal Oscillation (PDO) or North Atlantic Oscillation (NAO),

but the strong potential of lakes to be considered as a proxy which may be quantified as

climatic index has not yet been considered in the literature. However, Street-Perrott et al.

(1986) and Mason et al. (1994) have established that lakes react as a low-pass filter to any

changes in one of the components of their water budget and have defined associated

equations. We will show in the following that this theory could help to interpret the water

level and storage changes by using examples of lakes in the TP.

The theory of lake water balance states that a lake always evolves in a way to reach an

equilibrium state where water input is equal to water output. We have calculated that Lake

Namco has an equilibrium response time of 160 years, Lake Ziling 100 years, Lake Tangra

Yumco more than 500 years, and Lake Ayyakum only 24 years (using equations given in

Mason et al. 1994). This means that two lakes, for example, lakes Ziling and Tangra

Yumco that are in close proximity to each other and with approximately the same net

evaporation rate (E–P), will not react with the same temporal patterns to any changes of the

evaporation rate E or the precipitation rate P. It should be noted that the equilibrium

response may also change if the bathymetry of a lake at different altitudes moves from a

steep to shallow shoreline (or the opposite).

We calculated the equilibrium response type for different values of E–P and for dif-

ferent types of lakes (Mason et al. 1994). For lakes with a steep bathymetry (left part of the

figure), this time is rather long and is amplified for arid lakes. For shallow lakes (right part

of the figure), the relative dependency on E–P diminishes and equilibrium response time is

very rapid (a few years). Thus, for a large majority of lakes on the Tibetan Plateau the time

to reach equilibrium can take centuries (Figs. 10, 11, 12, 13, 14, 15).

6 Results

A large number of recent studies have assumed that the lakes of the TP are globally in a

phase of expansion as a consequence of marked climate change observed over many years.

However, the majority of these studies were based on a short time period of a few years at

the beginning of the twenty-first century (Zhang et al. 2011a; Phan et al. 2011; Song et al.

2013; Wu et al. 2014). The authors have shown that between 2003 and 2009 (using ICESat

data) from about 100 lakes monitored, the water height of a large proportion of them

increased on average by about 20 cm/year. In Song et al. (2013), the authors also calcu-

lated water storage changes for a large number of lakes of the TP, but they only used

ICESat data to determine the hypsometry. Their study only covered the period up to 2011.

They show a general increase in water storage over the decade 2000–2011 of about

6.79 km3/year. Although these observations are not doubted, it is premature to draw

conclusions on the impact of climate warming over so short a period of time. One of the

most interesting cases is regarding Lake Namco, the subject of many recent publications.

Lake Namco is located in southeastern Tibet and is one of the largest lakes of the TP

with an area of approximately 2000 km2, a catchment area of 11,000 km2, and an altitude

of about 4725 m. Krause et al. (2010) calculated the water balance changes of this lake
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over the previous 50 years and have shown that it is controlled by snow and glacier melt

and inter-annual precipitation variability (between 300 and 500 mm/year). They calculated

that glacier melting increased the lake level by 17.5 m and the volume by 33.5 km3. They

also compared and validated their model’s results to altimetry data for the period

2005–2009. Liu et al. (2009b) used satellite imagery (Landsat and CBERS) to measure

areal extent variations of this lake since 1976. They tried to link these changes to variations

of E, P, and R. They revealed that the wetter and warmer winter climate since the late

1980’s and mid-1990’s has increased the ground temperature which has in turn enhanced

spring surface runoff and glacier melting. Meanwhile, it has decreased the seasonal

underground frost (from 2.35 to 1.93 m on average) leading to acceleration of the per-

mafrost contribution to the lake’s water balance. Liu et al. (2009b) also detected the years

when abrupt changes were observed in different climate variables (E, P, R, air temperature)

in the watershed of Lake Namco. Results from their analysis show that 1996 was a key year

for runoff changes, with a 20 % increase in annual discharge, leading the lake to expand.

In another study, Kropáček et al. (2012) processed the satellite altimetry data fromGeosat

FollowOn (GFO), Envisat and ICESat, from 2000 to 2009, and satellite images fromLandsat

satellites over the period 1976–2009. They observed an expansion of the lake of 82 km2 (also

confirmed in Zhang et al. (2011b)) and an increase in thewater level of 0.31 m/year during the

period of measurements. This coincides quite well with the results obtained by Krause et al.

(2010), although they mentioned stabilization of the lake level after 2005.

Zhang et al. (2011b) estimated Lake Namco water storage changes and its link with

climate change using different sources of information: meteorological data from 1976 to

2009, satellite images, and lake bathymetry. They estimated the total water storage

Fig. 10 Calculation of Lake Ayakkum areal extent from a combination of satellite altimetry and satellite
imagery (using the hypsometry polynomial given in Fig. 9)
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increase over the period of study of 9 km3 and an area growth of 88 km2 in good agree-

ment with work obtained by Kropáček et al. (2012). From Fig. 16, we can see that this

exactly corresponds to the lake volume change inferred from altimetry and imagery from

1996 to 2005. They concluded that the main origin of lake growth is rising temperature

which yields to increasing discharge from glacier thawing. Wu et al. (2014) have devel-

oped a model which tends to demonstrate that this lake is in constant expansion, and they

validate their model using 2003–2009 ICESat data. However, they noted a diminishing rate

of lake level rising at the end of the study period.

Figure 15a shows the water level variations of this lake inferred from 20 years of multi-

satellite altimetry missions (ERS2, Envisat, ICESat, Cryosat-2, and SARAL/AltiKa). We

clearly see that it has increased relatively continuously from 1995 to 2005 and has now

reached a stable level (until end of 2014) of about 4725 m a.s.l. Has the lake reached a new

equilibrium surface? This would mean that with an equilibrium response time of 160 years,

if recent evolution of this lake is due to climate warming and started around the year 1996

as shown in Liu et al. (2009b), then lake level stabilization around the years 2005–2006 is

an indication that climate conditions have changed again: It could be due to deceleration of

glaciers melting in the watershed of Lake Namco following a decade of acceleration. It

could also be due to a large decrease in precipitation in the watershed. In either case, it

must be confronted and assimilated into lake models. This unique example shows that

recent research that tries to explain the expansion of Lake Namco in the light of glacier

acceleration and permafrost melting should take into account this lake’s new state.

Fig. 11 Volume variations for Lake Ayakkum using variations of altitude and areal extent given in Figs. 8
and 10

Surv Geophys (2016) 37:269–305 293

123Reprinted from the journal 103



Fig. 12 Simulation of the equilibrium response time for lakes with various types of morphologies: from
steep bathymetry to shallow lakes based on the equations given in Mason et al. (1994)

Fig. 13 Map of Lake Namco. White lines represent the ERS2, Envisat and SARAL/AltiKa tracks, red lines
the Cryosat-2 tracks and black lines the ICESat tracks
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We shall now look at a set of large lakes located in the southern part of the TP with

longitudinal distribution around latitude 31�–32� North (Fig. 14). It includes the TP’s two

main lakes: Lake Ziling and Lake Namco. We chose only lakes with a minimum of

10 years of observation. In fact, the majority of them benefit from more than 20 years of

multi-satellite data. What can be learnt from the water level time series of these lakes in

terms of climate change? In another words, can the time series of these lakes be used to

indicate and quantify climate change impact on the lakes of the TP?

Among these lakes, six of them clearly present a similar increase in their water level

that started in 1997–1998: Ziling, Nganze, Zhari Namco, Dagze co, Zigetangco, and

Tangra Yumco (Fig. 15c–g, k). The Dagze Co (Fig. 15f) and Zigetangco (Fig. 15d) con-

tinue to expand at the same high rate in 2014, while Ziling (Fig. 15e) and Ngangze

(Fig. 15c) started to increase at a lower rate after 2006, and the Zhari Namco (Fig. 15k)

started to shrink in 2009–2010. For the Zhari Namco (Fig. 15k), there is a clear oscillation

at decadal timescale which can only be seen with 20 years’ worth of data. For the four

others, it is difficult to detect whether the trend observed after 1998 will continue or

whether we can only observe a portion of longer time scale fluctuations. In contrast to this,

Namco (Fig. 15a) and Pung Co (Fig. 15b), lake water levels that increased continuously

until 2006 have now stabilized to a constant value. The water level of Lake Urru Co

(Fig. 15h) seemed to stabilize earlier (in 2002). Taro Co (Fig. 15i) and Ngangla Ringco

(Fig. 15j) started to shrink after 2010, significantly for the former, and slightly for the

latter.

Lei et al. (2013a, b) analyzed the water storage and water balance variations of lakes

Ziling, Namco, Pung Co and Zigetangco from 1976 to 2010 using a combination of

satellite imagery and bathymetry of these lakes. Their results are in very good agreement

with the water volume calculated in the Hydroweb database and reproduced in Fig. 16.

However, time sampling of the water volume variations in Lei et al. (2013a, b) is rather

irregular. This can be refined using satellite altimetry results which provide quite inter-

esting results between 1994 and 2000 for these four lakes. It was mentioned above that

lakes Namco and Pung Co (for example) grew at a reasonably steady rate from 1996 to

2005, while Lake Zigetangco started to grow around 1997–1998. The results for Lake

Fig. 14 Map of the 11 large lakes of the southern part of the TP. 1: Ngangla Ringco, 2: Taro Co, 3: Zhari
Namco, 4: Tangra Yumco, 5: Ngangze, 6: Dagze Co, 7: Urru Co, 8: Ziling, 9: Namco, 10: Zigetangco, 11:
Pung Co
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Fig. 15 Water height of 11 large lakes of the Tibetan Plateau from satellite altimetry
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Ziling are in very good agreement with the results of Lei et al. (2013a, b). They also

modeled the water balance from meteorological data and concluded that lake storage

changes were due to an increase in precipitation and runoff and a decrease in evaporation.

They also concluded that for Lake Namco the melting glaciers had a higher impact on lake

storage change, which was less true for the other lakes. Unfortunately, their model was

valid only until 2006 and did not allow them to detect the stabilization of lakes Namco and

Pung Co after this date. Results of Liu et al. (2009b) were in better agreement with satellite

altimetry for the period 1994–2000 as they clearly revealed an abrupt change in 1996 for

Lake Namco. In Hwang et al. (2005) water level variations of Lake Ngangze were ana-

lyzed, and they concluded that this lake was under the influence of the South Indian

Monsoon correlated with El Nino. Air moisture in the region has increased causing (in

particular) the abrupt change of the lake level in 1998 (Fig. 15c). What can be observed

using altimetry for lakes such as Lakes Ziling (Fig. 15e), Dagze Co (Fig. 15f), Ngangze

(Fig. 15c) or Zhari Namco (Fig. 15k) is an abrupt change in water level from 1998 to 1999

that could be a result of the same phenomenon. However, in such cases, it does not explain

why other lakes under the same climatic conditions (Tangra Yumco (Fig. 15g), Pung Co

(Fig. 15b) or Namco (Fig. 15a)) present rather different behavior (changes that occurred

2–3 years earlier). Instead, we think that the differences observed between these lakes are

more likely due to a conjunction of different causes: glaciers and permafrost melting, P and

E changes, and long decadal climate fluctuations with inter-annual responses controlled by

their morphology.

Fig. 15 continued
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The equations of the water budget of a lake, as defined by Mason et al. (1994) show that

it is often necessary to observe water level and surface variations over decades in order to

analyze the evolution of a lake. It is easy to discern (Fig. 15a–k) that although all of the

large lakes of South Tibet [apart from Lake Ngangla Ringco (Fig. 15j)] grew in height and

size very significantly between 2003 and 2009, at least half of them (Namco, Urru Co, Taro

Co, Pung Co, Zhari Namco: Fig. 15a, b, h, i, k, respectively) reached apparent equilibrium

or have even shrunk since the end of the year 2000. Many possibilities can be supposed: the

lakes (Namco, Pung Co, Urru Co: Fig. 15a, b, h, respectively) have or have not yet (Ziling,

Ngangze, Tangra Yumco, Zigetangco, Dagze Co: Fig. 15c, e, f, g, k respectively) reached

a new equilibrium, or they follow a pluri annual cycle as seems to be the case for Lake

Zhari Namco (Fig. 15k) or Lake Taro Co (Fig. 15i).

For all of these lakes, we have also calculated area and volume variations. We can see

that the main part of total volume changes for the 11 lakes chosen here results from three

lakes: Lake Ziling with 25 km3 during the 20 years of measurements, Lake Namco with

9 km3 between 1996 and 2005 and Lake Tangra Yumco with 5 km3 over the last 20 years.

For the other lakes the contribution is much lower (Fig. 16).

7 Conclusions

Analyzing the causes of water height variations of lakes and understanding the processes

involved in their water level and storage variations depends on the availability of obser-

vations over long periods of time. In many regions, the network of ground gauges is absent

Fig. 16 Water volume changes for the 11 big lakes of South Tibet inferred from satellite altimetry
combined with satellite imagery
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or too limited. This requires maintaining a constellation of satellites with continuity,

overlap, and service over decades. However, the main reason the space agencies have been

driven to continue developing altimetry missions in the future is principally due to the

operational and research applications for oceanography. Within the past 20 years the use of

satellite altimetry for hydrology has emerged and influenced future missions by employing

new instrumental concepts (SAR, SARin, Ka band Altimetry, Ka interferometry) which are

more suitable for continental waters.

Methodologies for calculating water level and volume variations using satellite data are

not straightforward and require the development of specific approaches in order to correct

the measurements for some effects like geoid slope errors. Satellite imagery processing

also leads to algorithm development to extract the water contour of lakes that are mostly

based on normalized indexes. The Hydroweb database provides the water level for about

230 lakes worldwide to scientists who do not want to process the altimetry data themselves.

For some specific regions or individual lakes, the Hydroweb also produces areal extent and

volume variations of lakes, as is done for many lakes over the Tibetan Plateau. The

accuracy of satellite altimetry can be calculated using in situ measurements as ground

truth. It generally ranges from a few centimeters for large lakes to a few decimeters for

narrow reservoirs or rivers. However, it is often the only tool to measure water level and to

analyze the impact of climate variability over continental waters. Many missions have been

launched since 1992 with T/P, SARAL/AltiKa, Cryosat-2 and Jason-2 still in orbit, while

Jason-3 has just been launched and Sentinel-3 will soon be launched. Methods to combine

the products of each of these missions with past ones like ERS2, Envisat, GFO, T/P or

Jason-1 can be developed in order to produce decadal water level time series.

Satellite altimetry and satellite imagery together are now widely used for the calculation

of lake and reservoir water storage changes worldwide in order to study their inter-annual

variability. By using the lakes over the TP we have illustrated some key aspects and issues

(technical and scientific) linked with the survey of climate change impacts on surface

waters from remote sensing data.

• The lakes respond to climate change (cyclic and secular) occurring at regional to global

scale.

• They present a high variety of behavior depending on climate conditions and on their

morphology.

• In contrast to general observations for rivers, the temporal variability of lake water

height is dominated by large temporal scales as seen in the Tibetan Plateau.

We have seen that for the big lakes over the Central TP the water levels respond to

climate change and may vary a lot from one lake to another. Many authors have measured

water level variations of Tibetan lakes using short periods of altimetry measurements and

tried to analyze their results within the framework of climate change using model or some

climate variables. The link with glaciers and permafrost melt or precipitation changes are

likely to be the origin of many of the observed changes, but the time series used are

certainly too short to lead to definitive conclusions, and processes beyond observation are

still uncertain. For example, in 2005 and 2006 lakes Namco and Pung Co reached an

equilibrium value which was not the case for other lakes in the vicinity like lakes Ziling or

Tangra Yumco. Other lakes like the Zhari Namco or Taro Co seem to be dominated by

cyclic variations. The influence of a lake’s morphology enters into the calculation of the

time response for a lake to reach a new state of equilibrium, and is a key aspect often

neglected in the current literature.
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Cretaux J-F, Biancamaria S, Arsen A, Bergé-Nguyen M, Becker M (2015) Global surveys of reservoirs and
lakes from satellites and regional application to the Syrdarya river basin. Environ Res Lett
10(1):015002. doi:10.1088/1748-9326/10/1/015002
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Proceedings of IGARSS’86 Symposium, Zürich, 8–11 Sept 1986, ESA SP-254 (pp 1339–1344)

Wu Y, Zhu L (2008) The response of lake-glacier variations to climate change inNam Co Catchment, central
Tibetan Plateau, during 1970–2000. J Geogr Sci 18:177–189

Wu Y, Zheng H, Zhang B, Chien D, Lei L (2014) Long-term changes of lake level and water budget in the
Nam Co Lake basin, Central Tibetan Plateau. J Hydrometeorol 15:1312–1322

Xu HQ (2006) Modification of normalised difference water index (NDWI) to enhance open water features in
remotely sensed imagery. Int J Remote Sens 27:3025–3033

Xu ZX, Gong TL, Li JY (2008) Decadal trend of climate in the Tibetan Plateau regional temperature and
precipitation. Hydrol Process 22:3056–3065

Yao T, Pu J, Lu A, Wang Y, Yu W (2007) Recent glacial retreat and its impact on hydrological processes on
the Tibetan Plateau, China, and surrounding regions. Arct Antarct Alp Res 39(4):642–650

Yao T, Thompson LG, Mosbrugger V, Zhang F et al (2012) Third pole environment (TPE). Environ Dev
3:52–64

Ye Q, Zhu L, Zheng H, Naruse R, Zhang X, Kang S (2007) Glacier and lake variations in the Yamzho-
gYumco basin, southern Tibetan Plateau, from 1980 to 2000 using remote-sensing and GIS tech-
nologies. J Glaciol 53(183):673–676

Yi Y, Kouraev AV, Shum CK, Vuglinsky VS, Cretaux J-F, Calmant S (2013) The performance of altimeter
waveform retrackers at lake Baikal. Terr. Atmos Sci 24(4I):513–519. doi:10.3319/TAO.2012.10.09.01

Zhang G, Xie H, Kang S, Yi D, Ackley S (2011a) Monitoring lake level changes on the Tibetan Plateau
using ICESat altimetry. RSE 115:1733–1742. doi:10.1016/j.rse.2011.03.005

Zhang B, Wu Y, Zhu L, Wang J, Li J, Chen D (2011b) Estimation and trend of water storage at Nam Co
Lake, central Tibetan Plateau. J Hydrol 405:161–170

Zhang G, Yao T, Xie H, Kang S, Lei Y (2013) Increased mass over the Tibetan Plateau: from lakes or
glaciers? Geophys Res Lett 40(10):2125–2130

Zhang G, Yao T, Xie H, Wang W, Yang W (2015) An inventory of glacial lakes in the Third Pole region and
their changes in response to global warming. Glob Planet Change 131:148–157

Zwally HJR, Schutz C, Bentley J, Bufton T, Herring J, Minster J, Spinhirne RT (2003) GLAS/ICESat L1B
global elevation data, version 33: GLA 06. Boulder, Colorado, USA

Surv Geophys (2016) 37:269–305 305

123Reprinted from the journal 115

http://dx.doi.org/10.3319/TAO.2012.10.09.01
http://dx.doi.org/10.1016/j.rse.2011.03.005


The SWOT Mission and Its Capabilities for Land
Hydrology

Sylvain Biancamaria1 • Dennis P. Lettenmaier2 •

Tamlin M. Pavelsky3

Received: 16 March 2015 /Accepted: 6 October 2015 / Published online: 27 October 2015
� Springer Science+Business Media Dordrecht 2015

Abstract Surface water storage and fluxes in rivers, lakes, reservoirs and wetlands are

currently poorly observed at the global scale, even though they represent major compo-

nents of the water cycle and deeply impact human societies. In situ networks are hetero-

geneously distributed in space, and many river basins and most lakes—especially in the

developing world and in sparsely populated regions—remain unmonitored. Satellite

remote sensing has provided useful complementary observations, but no past or current

satellite mission has yet been specifically designed to observe, at the global scale, surface

water storage change and fluxes. This is the purpose of the planned Surface Water and

Ocean Topography (SWOT) satellite mission. SWOT is a collaboration between the (US)

National Aeronautics and Space Administration, Centre National d’Études Spatiales (the

French Spatial Agency), the Canadian Space Agency and the United Kingdom Space

Agency, with launch planned in late 2020. SWOT is both a continental hydrology and

oceanography mission. However, only the hydrology capabilities of SWOT are discussed

here. After a description of the SWOT mission requirements and measurement capabilities,

we review the SWOT-related studies concerning land hydrology published to date.

Beginning in 2007, studies demonstrated the benefits of SWOT data for river hydrology,

both through discharge estimation directly from SWOT measurements and through

assimilation of SWOT data into hydrodynamic and hydrology models. A smaller number

of studies have also addressed methods for computation of lake and reservoir storage
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change or have quantified improvements expected from SWOT compared with current

knowledge of lake water storage variability. We also briefly review other land hydrology

capabilities of SWOT, including those related to transboundary river basins, human water

withdrawals and wetland environments. Finally, we discuss additional studies needed

before and after the launch of the mission, along with perspectives on a potential successor

to SWOT.

Keywords Surface Water and Ocean Topography (SWOT) satellite mission �
Continental surface waters � Lakes � Reservoirs � Rivers

1 SWOT Mission Overview

1.1 The Needs for a Global Water Surface Mission and Its Requirements

In the late 1990s and early 2000s, the crucial need for more quantitative data on spa-

tiotemporal dynamics of surface waters at a global scale became clear in context of a

declining in situ gage network and increasing need to observe and model the global water

cycle (Alsdorf et al. 2003). To address this challenge, Alsdorf and Lettenmaier (2003)

advocated development of a ‘‘topographic imager’’ satellite mission with *100 m spatial

resolution (to observe main channels, floodplains and lakes), temporal resolution on the

order of a few days (to sample flood waves and river dynamic at basin scale) and capability

to measure height changes that characterize variations in river discharge and lake water

storage. Alsdorf et al. (2007) provided a more in-depth study showing that ‘‘spatial and

temporal dynamics of surface freshwater discharge and changes in storage globally’’ are

poorly known because:

• in situ networks are very heterogeneous (some countries have dense networks, whereas

others have only a few measurements points),

• these data are not always shared at the international level,

• current satellite missions do not provide measurements adequate to observe global

spatiotemporal dynamics of continental water surface.

For that reason, Alsdorf et al. (2007) proposed a new satellite mission based on syn-

thetic aperture radar (SAR) interferometry, called Water and Terrestrial Elevation

Recovery (WATER). The concept of this satellite mission is built on the legacy of the

Shuttle Radar Topography Mission (SRTM) and the Wide Swath Ocean Altimeter

(WSOA). SRTM (Farr et al. 2007) was a SAR interferometer in C- and X-bands that flew

in February 2000 on the NASA Space Shuttle Endeavour. SRTM provided a near-global

digital elevation model (DEM) at 90-m spatial resolution between 60�S and 60�N, but
because of the specular returns characteristic of its oblique look angles (between 30� and
60�) it provided poor measurements of surface water. Because the two interferometric

antennas were separated by a 60-m mast, construction of an SRTM-like system on a

satellite platform would be problematic. A similar concept, WSOA, was envisioned as an

additional payload to the altimetry Jason-2 satellite mission with the aim of imaging ocean

topography. The distance between the two Ku-band antennas was set to 6.4 m to facilitate

inclusion on a satellite platform (resulting in kilometric pixel resolution), and a near-nadir

look angle was chosen to better observe the ocean surface (Fu and Rodrı́guez 2004).

308 Surv Geophys (2016) 37:307–337

123 Reprinted from the journal118



WSOA was definitely withdrawn in 2004 and never flown. To adapt this concept to the

needs of continental water surface observation, Alsdorf et al. (2007) proposed to use Ka-

band instead of Ku-band, allowing better spatial resolution (see Sect. 1.2). In 2007, in its

Decadal Survey (NRC 2007), the National Research Council recommended to NASA this

new satellite mission, under the name Surface Water and Ocean Topography (SWOT,

https://swot.jpl.nasa.gov/), to measure both the ocean and land water surface topography.

Since then, SWOT has been collaboratively developed by NASA, the Centre National

d’Etudes Spatiales (CNES, the French space agency) and more recently the Canadian

Space Agency (CSA/ASC) and the United Kingdom Space Agency (UKSA). Currently,

SWOT is planned for launch in late 2020. It will observe the whole continental waters–

estuaries–ocean continuum and therefore link the ocean and hydrology scientific com-

munities. However, in this paper, the ocean component of the mission will not be

addressed.

Figure 1 shows an overview of the main spatiotemporal physical processes related to

the land hydrologic cycle and the SWOT observation window. SWOT is designed to

observe a large fraction of rivers and lakes globally and will provide robust observations of

their seasonal cycles. However, at least by itself, it is not conceived to observe climate-

scale variability (and especially climate change) and will not be able (except on rare

occasions) to monitor flash floods. As stated by Rodrı́guez (2015), SWOT aims to address

the following hydrologic science questions:

• What are the temporal and spatial scales of the hydrologic processes controlling surface

water storage and transport across the world’s continents?

• What are the spatially distributed impacts of humans on surface water, for example

through water impoundment behind dams, withdrawals and releases to rivers and lakes,

transboundary water sharing agreements, diversions, levees and other structures?

• What are the regional- to global-scale sensitivities of surface water storages and

transport to climate, antecedent floodplain conditions, land cover, extreme droughts and

cryosphere?

• Can regional and global extents of floodable land be quantified through combining

remotely sensed river surface heights, widths, slopes and inundation edge with

coordinated flood modeling?

• What are the hydraulic geometries and three-dimensional spatial structures of rivers

globally, knowledge of which will improve our understanding of water flow?

The scientific rationales for these questions and the measurement needs are presented in

the SWOT Mission Science Document (Fu et al. 2012). Based on these needs, the SWOT

Science Requirements (Rodrı́guez 2015, summed up in Table 1), have been derived to

design the SWOT mission, which is presented in Sects. 1.2 to 1.4 (Sect. 1.2 for the main

payload, Sect. 1.3 concerning SWOT products over land and Sect. 1.4 for its spatiotem-

poral sampling). Then, Sects. 2 and 3 present the benefits of SWOT for measurement of

rivers and other water bodies, respectively.

1.2 Characteristics of the KaRIn Instrument

To meet the SWOT science requirements (Table 1), a Ka-band radar interferometer

(KaRIn) has been designed as the mission main payload. KaRIn will be a SAR interfer-

ometer in Ka-band (35.75 GHz frequency or 8.6 mm wavelength), with near-nadir inci-

dence angles (between 0.6� and 3.9�, Fjørtoft et al. 2014). Figure 2 shows a conceptual

view of the KaRIn operating system and ground coverage. It will provide images of water
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elevations within two swaths, one on each side of the satellite. These two swaths (each

50 km wide) will be separated by a 20-km gap at the satellite nadir (Fig. 2). KaRIn will

operate in bistatic mode: one antenna emits the electromagnetic signal toward the closest

swath and the two antennas (10 m apart) receive the backscattered signal in their respective

directions. Interferometry effectively involves a triangulation: each point in the swath will

be observed from two different positions (the antennas positions), which will allow precise

estimation of the location of each point. More precisely, the phase difference between the

backscattered signals received by the two antennas (the so-called interferogram) will be

used to invert water elevations. More details of SAR interferometry and the KaRIn

measurements are provided in chapters 6 and 7 in Fu et al. (2012) and by Fjørtoft et al.

(2014). Table 2 summarizes the main characteristics of the KaRIn instrument.

KaRIn will provide images of water surface elevation with pixel sizes *6 m in the

azimuth direction (direction of the satellite orbit) and from 60 m (near range, see Fig. 2) to

10 m (far range) in the range direction (perpendicular to the azimuth), as also indicated in

Table 1 SWOT mission science requirements and goals (Rodrı́guez 2015)

Observed areas All observed water areas detected by SWOT will be provided to end users, but:
errors will be evaluated for (250 m)2 (= 62,500 m2) water bodies and 100 m
(width) 9 10 km (long) river reaches or higher

errors will be characterized for (100 m)2 to (250 m)2 water bodies and 50 m to
100 m (width) 9 10 km (long) river reaches

Height accuracy \10 cm when averaging over water area[1 km2

\25 cm when averaging over (250 m)2\water area\1 km2

Slope accuracy 1.7 cm/km for evaluated river reaches when averaging over water area[1 km2

Relative errors on
water areas

\15 % for evaluated water body and river reaches
\25 % of total characterized water body and river reaches

Mission lifetime 3 months of fast sampling calibration orbit ? 3 years of nominal orbit

Rain/layover/frozen
water flag

68 % or more of the contaminated data should be correctly flagged

Data collection [90 % of all ocean/continents within the orbit during 90 % of operational time

Fig. 1 Time–space diagram of
continental water surface
processes and SWOT observation
window. Inspired from Blöschl
and Sivapalan (1995) and Skøien
et al. (2003)
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Table 2 (Fu et al. 2012; Fjørtoft et al. 2014; Biancamaria et al. 2010). However, it should

be clearly understood that this image is obtained in ‘‘radar projection’’ and not in a

geolocated projection. Indeed, the radar instrument measures the distance between the

observed point and the antenna. Therefore, in radar images, two consecutive pixels in the

range direction correspond to points on the ground that have a similar distance from the

satellite. For that reason, when pixels are geolocated, they are more scattered, they do not

correspond to a regular grid, and their shape becomes distorted. For example, a hill, which

is a few kilometers away from a river, could have a distance to the satellite similar to that

of the center of the river and therefore could be located close to the river center in a SAR

image. However, in this example, the river banks will have a different distance from the

satellite and could be several pixels distant from the river center pixel. Therefore, the top of

the hill will be closer to the river center than the river banks. This effect, hereafter referred

to as ‘‘layover,’’ occurs when surrounding topography or vegetation is at the same distance

from the satellite as the water surface (land over water layover). Furthermore, pixels with

large vertical errors will also have high geolocation error (vertical and horizontal accu-

racies are functions of the phase interferogram accuracy). For that reason, the most basic

geolocated SWOT products will likely be delivered as point cloud products that can more

accurately take into account these geolocation inversion effects (Rodrı́guez 2015). The

10 m to 60 m 9 6 m intrinsic pixel size also can be somewhat misleading, as a SWOT

measurement requirement (Table 2) is not given for this spatial resolution. While these

pixels represent the basic unit of SWOT measurement, in fact, water elevations measured

by the KaRIn instrument at this native pixel size will be metric if not decametric in

Fig. 2 Conceptual view of the future SWOT mission with its principal payloads: the Ka-band radar
interferometer (KaRIn, with the observed swaths shown by the yellow polygons) and a Ku-band nadir
altimeter (yellow line). Satellite size and altitude are not to scale compared with the Google Earth
background image (South West of France), but the ground swaths are to scale (background image Google
Earth, Landsat image, data SIO, NOAA, US Navy, NGA, GEBCO)
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accuracy. Achieving the decimetric accuracy that is a stated requirement in Rodrı́guez

(2015) and Table 2 will require averaging over many such pixels. This issue is discussed in

more detail in Sect. 1.3.

In Ka-band, water is more or less a specular reflector, whereas land is rougher. KaRIn

near-nadir incidence angles are particularly suited to monitor water bodies, as water will

backscatter most of the emitted energy toward the satellite nadir (because of its specular

behavior and the near-nadir look angle), whereas land will backscatter energy in all

directions and therefore less in the antenna direction. Because of this different energy

scattering between water and land, the difference in amplitude of the received electro-

magnetic wave between water and non-water pixels should be quite high and will be used

to compute the water mask. However, because SWOT look angles are close to the nadir,

but not exactly at the nadir, some water surface roughness is still needed to get sufficient

energy. Thus, when the water surface becomes extremely flat, typically for wind speed

�1 m s-1, there could be some loss of data in the far swath where the look angle is close

to 3.9� (Enjolras and Rodrı́guez 2009; Moller and Esteban-Fernandez 2015). This issue is

currently under investigation using measurements from the AirSWOT platform, an air-

borne SWOT analogue (Rodrı́guez et al. 2010), obtained during campaigns conducted in

2014 and 2015. It will allow better quantification of the frequency and magnitude of

layover effects.

Very few satellite missions have used Ka-band, which is therefore not as well under-

stood as lower frequency bands. For example, most current nadir altimeters use Ku- or

C-bands, whereas SAR imaging missions are in L-, C- or X-bands. Additionally, these

Table 2 SWOT mission characteristics

Orbit

Altitude 890.5 km

Inclination 77.6�
Repeat period 20.86 days

KaRIn (core payload)

One swath extent (total swaths: 2) 50 km

Distance between the two swaths outer edges 120 km

Distance between the two swaths inner edges
(‘‘nadir gap’’)

20 km

Radar frequency/wavelength 35.75 GHz/8.6 mm (Ka-band)

Distance between the two antennas (baseline) 10 m

Instrument azimuth pixel size (radar projection) 6–7 m

Instrument range pixel size (radar projection) From 60 m (near range, incidence angle *0.6�) to
10 m (far range, *3.9�)

Additional science payload

Nadir altimeter Similar to the dual-frequency (Ku/C) Poseidon-3
nadir altimeter on Jason-2

Precise orbit determination system Laser retroreflector
DORIS receiver
GPS receiver

Radiometer (usable only over oceans) Three-frequency (18, 23 and 34 GHz) radiometer,
similar to advanced microwave radiometer on
Jason-2
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current sensors have lower (nadir altimeters) or higher (SAR imagery missions) obser-

vation incidence angles than SWOT. However, using Ka-band instead of higher wave-

length bands has several advantages: first, it allows a finer spatial resolution (which is

dependent on the electromagnetic wavelength) from the SAR processing and, second, it

facilitates a shorter baseline (distance between the two antennas) for a given targeted

instrumental vertical accuracy, for the interferometry processing (a shorter baseline cor-

responds to a shorter mast between the two antennas, which is easier to construct). Shorter

wavelengths also result in less penetration into soil, snow and vegetation (Fjørtoft et al.

2014), which should allow better estimation of wetland and saturated soil surface elevation

and snow volume variations, if interferograms can be computed.

A drawback of Ka-band is its sensitivity to rain rates above about 3 mm/h (Rodrı́guez

2015). The only altimetry satellite mission in Ka-band preceding SWOT is the Satellite with

Argos and ALtiKa (SARAL) mission with the AltiKa nadir altimeter, launched only recently

(February 2013). Measurements obtained from this new instrument will help to better

understand backscattering in Ka-band over different surfaces (water, bare soil, vegetation,

snow, etc.). However, AltiKa, as a nadir altimeter, does not have exactly SWOT look angles;

its measurements integrate all the energy backscattered in a cone covering angles between

-0.3� and 0.3� to the nadir (AltiKa half antenna aperture is 0.3�, Steunou et al. 2015). The

Global Precipitation Measurement (GPM) Mission Core Observatory, launched in February

2014, carries the dual-frequency precipitation radar (DPR) in Ku- andKa-bands (http://pmm.

nasa.gov/GPM/flight-project/DPR). In Ka-band, DPR scans across a 125-km swath (±8.5�
across track) with a 5-km footprint. Analyzing DPR measurements will provide useful

information on backscatter properties in Ka-band; however, the GPM observation angle

covers a wider range than SWOT with a much coarser spatial resolution.

For those reasons, airborne and field campaigns have been organized by the Jet

Propulsion Laboratory (JPL) (Moller and Esteban-Fernandez 2015) and CNES (Fjørtoft

et al. 2014) to better understand Ka-band backscattering at SWOT-like incidence angles.

These campaigns have confirmed the decrease in the backscatter coefficient with the

incidence angle and a water/land backscatter coefficient contrast of around 10 dB, except

when the water surface is very flat (low wind speed and hence extremely low surface

roughness). Moller and Esteban-Fernandez (2015) have also reported the impact of

decorrelation time (and therefore wind speed and water surface turbulence) on pixel azi-

muth size, which could become higher than expected based on the instrument character-

istics (Table 2). In addition to KaRIn, SWOT will carry additional scientific payload

(Table 2), including a dual-frequency (Ku- and C-bands) nadir altimeter, similar to the

Poseidon-3 instrument on-board Jason-2 (Desjonquères et al. 2010). It will provide water

elevation measurements in the middle of the 20-km gap between the two KaRIn swaths. A

radiometer will also facilitate, over the oceans, corrections to path delay due to wet

tropospheric effects. However, it will not be used over land because land emissivity

dominates the radiometric signal (Fu et al. 2012). Wet troposphere corrections over land

will be computed using an atmospheric model, one effect of which will be that the residual

tropospheric error will likely be larger over land than over the ocean and should be on the

order of 4 cm (Fu et al. 2012).

1.3 SWOT Measurements over Terrestrial Surface Waters

SWOT will provide measurements of surface water elevation, slope and water mask. In

this paper, water elevation (H) corresponds to the distance between the top of the water

surface and a given reference surface (geoid or ellipsoid), whereas water depth
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(d) corresponds to the distance between the water surface and the water body (e.g., river)

bottom. It is important to note that SWOT will not measure water depth. SWOT level-2

data products (i.e., the highest level of processed data delivered by NASA and CNES to

end users) are currently being defined. There remains, therefore, some uncertainty as to

their specific nature. However, some characteristics of SWOT level-2 data product over

land are provided in the science requirements document (Rodrı́guez 2015), which is the

basis for the discussion in this section. As outlined in Rodrı́guez (2015), these products will

likely include:

• For each pass, a water mask consisting of a geolocated point cloud product with all

KaRIn pixels that are identified as water, with the finest spatial resolution to meet

appropriate geolocation accuracy (i.e., 10 % of the pixel size in any direction). Surface

water elevation corresponding to the provided pixel size (with an estimation of the

surface water elevation uncertainty) will be associated with each point within the water

mask.

• At least once every repeat cycle, a global water mask following the shorelines of all

observed water bodies will be provided in vector format, with one water elevation for

each individual water body, along with other information (such as area within the water

body and its slope). Water storage within each such water body will be easily derived

from this product.

• A global one-dimensional vector product that will include estimated discharge along

river reaches at each observation time, for all river reaches wider than 50 m.

• A cross-sectional map of all observed water bodies will be derived from time-varying

water elevations along the shores of each water body. This map will be updated yearly.

As SWOT will observe almost all continental surfaces every 21 days, it will provide a

tremendous amount of data in the point cloud product, which includes the KaRIn pixels

resolution stated in Table 2 (as a reminder, vertical accuracy at such spatial resolution is

very low). It will therefore be very difficult for end users to use so much data in a non-

gridded format at global, regional or even basin scales. For that reason, vector products

providing height-integrated measurements for entire lakes and for discrete river reaches

have been defined.

The SWOT mission is designed to observe all rivers wider than 100 m and water bodies

(lakes, reservoirs, ponds, continuous wetlands) with an area greater than 250 m 9 250 m

(i.e., 62,500 m2) that lie within the swath coverage. Moreover, NASA and CNES teams

will strive to design an instrument and processing methods that will be able to observe

rivers wider than 50 m and water bodies with an area above 100 m 9 100 m. If SWOT is

able to observe smaller rivers or water bodies, the measured data will be provided. Besides,

lower-level product (SAR amplitude and phase images, interferograms) will be provided

on demand and could be used to reprocess data a posteriori, which might help to improve

products resolution if feasible. The main sources of errors that will affect KaRIn mea-

surements are instrument thermal noise (white noise), differences in the return signal

speckle, error in the interferometric baseline roll angle, wet and dry tropospheric effects,

ionospheric effects, topographic layover and vegetation layover and attenuation (see

chapter 6 in Fu et al. 2012). Thermal noise and speckle dominate the error budget at the

KaRIn pixel level (10 m to 60 m 9 6 m, Table 2), leading to multi-meter vertical errors.

These errors are random for one pixel, but their standard deviations tend to increase in the

far range of the measurement swath (Enjolras and Rodrı́guez 2009). Fortunately, these

random errors can be reduced, by averaging over water pixels, by the square root of the

number of pixels averaged. For this reason, the science requirements (Table 1) are

314 Surv Geophys (2016) 37:307–337

123 Reprinted from the journal124



provided for water areas much larger than a single pixel. However, the other sources of

error will not be reduced by the averaging process. Over 1 km2 (e.g., a 10 km reach for a

river of 100 m width), SWOT water elevation will have a 10-cm (1r) accuracy. For this
averaging area, random errors and wet tropospheric effects are the main error sources.

Locally, especially near the water bodies margins, topographic and vegetation layover can

be a source of large errors, especially given the near-nadir incidence angles used by KaRIn.

Therefore, the received energy by the antenna will be a mixture of the energy backscattered

by water and topography or vegetation, leading to potentially large errors in retrieved water

elevation, geolocation and water extent. SWOT performance will be evaluated for water

bodies meeting the observation requirement (lakes, reservoirs and wetlands with area

greater than 250 m 9 250 m and rivers wider than 100 m), in order to validate that the

instrument meets the accuracies provided in Table 1. Furthermore, SWOT performance

will be characterized for the observational goals (100 m 9 100 m to 250 m 9 250 m

water bodies and 50- to 100-m-wide rivers). Estimates of measurement accuracy will be

provided with SWOT data products.

There is currently no near-real-time consideration for provision of SWOT data products,

consistent with the scientific rather than operational nature of the mission. However,

derived products are expected to be provided within 60 days of their collection (require-

ment). There is also a goal to provide water elevations for a select number of reservoirs

(\1000) within 30 days of collection. Finally, it is worth noting that an on-board averaged

ocean water elevation product computed over a regular grid will also be provided over

continents (all observed pixels will be available, not just the ones that are entirely covered

by water). This ocean product will have a spatial resolution between 250 m and 1 km (the

grid size has not yet been finalized). However, while the elevation accuracy over oceans

will be centimetric, the accuracy of this product over continents is not defined and has not

yet been evaluated, in part because SAR interferometry processing over land is much more

complex than over oceans.

1.4 SWOT Spatiotemporal Coverage

There will be an initial calibration phase for the SWOT mission with a fast sampling orbit

(1-day repeat period), but reduced spatial coverage relative to the subsequent orbit. The

objective of this fast sampling phase of the mission is to obtain frequent overpasses of the

satellite over specific ocean/land hydrology targets that will allow calibration of radar

system parameters. For open oceans, it will also help to characterize water elevation

temporal decorrelation times. This initial calibration phase will last 3 months, which is

expected to be sufficient to obtain a fully calibrated system for the nominal phase

(Rodrı́guez 2015). The nominal phase of the mission (also termed the science phase) will

have a non-Sun synchronous, 890.5 km altitude, 20.86-day repeat period and 77.6�
inclination orbit (Table 2) and will last at least 3 years. The remainder of this section is

applicable only to this nominal orbit.

SWOT spatial coverage and revisit times per orbit repeat period (i.e., *21 days)

depend on orbit characteristics, instrument swath width (2 9 50 km), nadir gap width

(20 km) and a function of latitude as well. Figure 3 shows a map of the number of SWOT

revisits per orbit repeat period (*21 days) over the continents between 78�S and 78�N (a).

To improve figure readability and given the scope of this paper, oceans have been masked

in blue. However, oceans and continents will have the same sampling pattern. Figure 3b

shows the lower Amazon basin, which illustrates the extent of locations that will never be

sampled by SWOT (white diamonds). Tropical regions will be sampled less frequently
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than higher latitudes; the number of revisits per repeat period ranges from a maximum of

two at the equator to more than ten above 70�N/S. Few regions will never be observed

(white in Fig. 3a, b); however, much of the equatorial regions will be seen only once per

repeat period.

Figure 3 also shows that the mission will observe almost all continental surfaces from

78�S to 78�N, which will be a tremendous improvement compared with nadir altimeters,

which miss many water bodies. Regions not observed by SWOT are the results of the

Fig. 3 Number of SWOT revisits per orbit repeat period (21 days) over the continents (oceans have been
masked, but ocean data will also be provided) in between 78�S and 78�N (a) and a zoom over the Lower
Amazon (b). Over the lower Amazon, white diamonds with magenta boundaries correspond to observation
gaps due to the orbit intertrack distance

316 Surv Geophys (2016) 37:307–337

123 Reprinted from the journal126



20-km nadir gap between the two swaths (white diamonds without magenta boundaries on

Fig. 3b) and the orbit intertrack distance, which does not always allow for adjacent swaths

to overlap at the lowest latitudes (white diamonds with magenta boundaries on Fig. 3b).

Gaps due to orbit intertrack distance are only present in the 25�S–25�N latitude band, with

their largest extent between 10�S and 10�N. Coverage gaps resulting from the nadir gap

cover a much broader latitude band (60�S–60�N) and are the main source of observation

gaps. The total gap area over all latitudes between 78�S and 78�N is about 3.55 % of the

whole land area (or 4.90 9 106 km2). This is consistent with the SWOT science

requirement (Rodrı́guez 2015), which states: ‘‘SWOT shall collect data over a minimum of

90 % of all ocean and land areas covered by the orbit inclination for 90 % of the operation

time’’ (Table 2). The coverage gap can, however, be locally higher than 10 % between

10�S and 10�N. On average over this band of latitudes, 7 % of land is unobserved and the

maximum coverage gap is 14 % over a 1� latitude band centered on 4.5�N.
Satellite nadir altimeters measure water elevation along the satellite tracks and, there-

fore, most sampled river reaches are observed only once per repeat period (except for the

few locations where ascending and descending tracks cross). Thus, temporal sampling of

rivers by nadir altimeters is essentially equal to the orbit repeat period. Large lakes may be

sampled more than once during a repeat cycle by altimeters, but uncertainties in the geoid

when different parts of a lake are sampled must be corrected for (Crétaux et al. 2011).

These difficulties will be overcome for SWOT, as for most locations in both rivers and

lakes there will be more than one observation per repeat period for the reasons indicated

above. The number of revisits is, however, unevenly distributed in time during the repeat

period. This is illustrated in Fig. 4, which shows the SWOT observation mask (black bars

correspond to observation dates) for all latitudes along the 30�E meridian versus days

during a repeat period. For example, at the equator and at 30�E, there will be two

observations: one at day 15 and one at day 20, but no observations for 16 consecutive days.

The distribution of revisit times during a repeat period is not monotonically controlled by

latitude, which makes it difficult to infer directly how errors from temporal sampling vary

as a function of latitude. SWOT products that will be used for seasonal studies may require

computing monthly time series.

The uneven SWOT temporal sampling will be a source of error in the computation of

monthly means. Computing cycle-based averaged (i.e., 21 days average) might be a viable

alternative for SWOT, but this option requires additional study. The impacts of these

Fig. 4 SWOT observations mask (black bars correspond to an observation) along 30�E meridian versus
days (during an orbit repeat period)
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variations in temporal sampling depend on the nature of the water body sampled. For

example, the water surface elevation of some lakes may not vary significantly except on

monthly or longer timescales, whilemany rivers exhibit changes in discharge on daily or even

hourly timescales. In rivers, errors associated with gaps in temporal sampling result from

missed local maximum/minimum flows (Biancamaria et al. 2010; Papa et al. 2012), the

importance of which depends on the flashiness of the river. To estimate error in monthly

averages due only to the SWOT uneven temporal sampling, Biancamaria et al. (2010)

proposed a method that used daily in situ discharge time series from 216 gages for a previ-

ously proposed SWOTorbit (970 km, 22-day repeat period and 78� inclination orbit with two
60-km swaths). For simplicity and solely for the purpose of estimating the impact of temporal

sampling error, the Biancamaria et al. (2010) method assumed that SWOT measurements

have already been converted to discharge. Furthermore, errors due to instantaneous esti-

mation of discharge were not considered, though in reality they may be a significant com-

ponent of the error budget. In situ discharge time series were used because they are much

more readily available than water height. Since the errors in monthly discharge are expressed

as percentages, the results should be somewhat similar to those for water height.

Updated for the current orbit, the method of Biancamaria et al. (2010) gives a mean

temporal sampling error for all 216 gages of 8.1 %. On average, monthly mean temporal

sampling errors decreased with increasing latitude, ranging from 10.0 % around the

equator to 6.1 % above 60�N. For 11 large rivers distributed from the equator to the high

latitudes, Papa et al. (2012) showed that insufficiently frequent temporal sampling around

the seasonal peak discharge can lead to substantial errors in mean river discharge computed

over a satellite repeat period. For boreal rivers, nadir altimetry sampling with a repeat

period longer than 20 days leads to errors �20 % due to the relatively large fraction of the

annual discharge of boreal rivers that occurs over relatively short periods following ice

breakup. Errors are much smaller using SWOT temporal sampling. Furthermore, consid-

ering the 11 rivers, SWOT temporal sampling errors are correlated with the discharge

temporal variance contained in all frequencies above 1/(20 days) (R2 = 0.87) rather than

drainage area (R2 = 0.18), at least for the few number of tested large rivers.

Unlike for rivers, there are not yet comprehensive studies estimating the impact of

SWOT temporal sampling on the measurement of variations in lake storage. However,

given the fact that storage change in the large majority of global lakes remains entirely

unobserved and that storage change in many observed lakes varies on seasonal or annual

timescales (Crétaux et al. 2015), it is expected that the impacts of limited temporal sam-

pling will be smaller than in the case of rivers.

In summary, despite the uneven time sampling and the limited regions that will not be

sampled, SWOT will provide unprecedented observations of continental surface waters at

global scale. The next sections review in more detail published studies that have explored,

for different science questions, the benefits of the SWOT mission for land hydrology

(Sect. 2 for rivers, Sect. 3.1 for lakes and reservoirs and Sect. 3.2 for other water bodies

and specific applications).

2 River Studies

2.1 Rivers Seen by SWOT

SWOT will monitor the spatial and temporal dynamics of surface water globally, espe-

cially rivers. At a specific location, river stage, width and velocity variations and therefore
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discharge depend on many local factors such as soil characteristics, bedrock characteris-

tics, topographic variability, channel density, vegetation characteristics, and the space–

time variability of precipitation, and drainage area, among other characteristics. SWOT

will provide the first globally consistent and coherent images of river storage and discharge

variations. Over the last two decades, optical imagery and digital elevation data have

helped to map medium to large rivers, whereas airborne and local measurements have

provided valuable information for smaller rivers (Lehner et al. 2008; Allen and Pavelsky

2015). SWOT will provide consistent and coherent information about the spatial distri-

bution of river storage and discharge, which will especially improve the availability of

information about rivers that are not well monitored because in situ observations are not

collected or because they are not shared across political boundaries. In addition, SWOT

will provide critical information about the impact of river discharge characteristics and

variations on human societies. This includes the nature of floods and droughts in poorly

monitored river basins and the characteristics of discharge in rivers that cross international

boundaries (transboundary basins).

Notwithstanding the profound improvement that SWOT will provide in the availability

of information about rivers globally, SWOT does not have the objective of and cannot be

an in situ gage network replacement. In most circumstances, in situ gages will be, by far,

more precise than any remote sensing discharge estimates. This is especially important for

applications such as water management, where highly accurate and precise information is

required for legally significant purposes. For example, data from the gauge on the Colorado

River at Lees Ferry, AZ, are used to determine the allocation of water to surrounding

states. SWOT will likely not be sufficiently accurate for this purpose. On the other hand,

stream gage information is by its nature local and does not provide a full view of the spatial

variations of streamflow. Moreover, some types of rivers such as highly braided channels

and rivers with poorly defined banks are not well suited to in situ gauge measurements. The

main benefit of SWOT in this respect will be to provide new and complementary 2D

observations for a wide range of different river planforms. Clearly, SWOT will not observe

full river networks because it will be limited to measuring rivers 50–100 m in width.

Therefore, a key question is: What portions of the global river network SWOT will

observe and what improvement will it represent compared to current capabilities? Pavelsky

et al. (2014) have addressed these questions. Using river networks from Hydro1k (Verdin

and Greenlee 1998) and HydroSHEDS (Lehner et al. 2008), the global in situ gage dis-

charge time-series database from the Global Runoff Data center (GRDC, http://www.bafg.

de/GRDC/EN/Home/homepage_node.html) and downstream hydraulic geometry (power

law relationships between drainage area, mean annual discharge and river width at sub-

basin scales), they have quantified the fraction of global river basins that SWOT would

observe given river observability thresholds of 100 and 50 m. They found that SWOT

would observe more than 60 % of the global sub-basins with an area of 50,000 km2 given

the ability to observe rivers wider than 100 m. If SWOT can meet the goal of observing

50-m-wide rivers, more than 60 % of sub-basins with an area of 10,000 km2 would be

observed. For the smallest river basins observed, only the mainstem river will likely be

measured by SWOT.

For SWOT-observable rivers, a number of studies have investigated the potential to

produce river discharge estimates directly from SWOT water level, surface slope and

inundation extent observations. We review these studies in Sect. 2.2. In Sect. 2.3, we

review studies that have pursued an alternate pathway of combining SWOT observations

with hydrologic and river hydrodynamic modeling to produce river discharge estimates.
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2.2 Instantaneous Direct River Discharge Estimations

Space-based observations of discharge began nearly two decades ago with the observation

that variations in river width, observable from satellites, can be used along with limited

in situ discharge data to develop rating curves (Smith et al. 1995, 1996; Smith 1997; Smith

and Pavelsky 2008). A few years later, the first attempts were made to use nadir altimetry

in conjunction with in situ observations to derive river discharge from altimetry-based

water elevation data using rating curves (e.g., Kouraev et al. 2004). An alternative strategy

of estimating discharge using water elevation, width, slope and velocity observed by or

derived from spaceborne sensors was pursued in studies by Bjerklie et al. (2003) and

Bjerklie et al. (2005) at about the same time. These attempts were specific to individual

study reaches, were highly parametrized and required ancillary in situ data in addition to

altimetry-based variables. It was recognized that the next logical step was to develop

discharge algorithms that could take advantage of all the information provided by SWOT

(water elevations, slopes and inundation extent) so as to produce river discharge estimates

at the scale of large river basins or even globally.

Following the analysis by Pavelsky and Durand (2012) that new discharge algorithms

specifically tuned for SWOT data need to be developed, four different discharge algorithms

have been proposed to derive river discharge from SWOT. Characteristics of these algo-

rithms are summarized in Table 3 and are briefly presented in the next paragraph. Gleason

and Smith (2014) and Gleason et al. (2014) have pursued an approach that they termed at-

many-stations hydraulic geometry (AMHG hereafter). Bjerklie (2007) describes an

approach (B2007 hereafter) that is based on an equation similar to the Manning equation

with tuned power law coefficients. Garambois and Monnier (2015), hereafter GM2015,

propose a method based on physical and numerical approximations of the Saint-Venant

equations to invert the unobserved equivalent bathymetry and friction coefficient and then

derive discharge. Durand et al. (2014) also use physical and numerical approximations

(different from GM2015) of the Saint-Venant equations. This algorithm is referred to

hereafter as ‘‘MetroMan,’’ because it uses the Manning equation along with the continuity

equation and a Metropolis algorithm to invert bathymetry, friction and discharge. We

discuss each of these algorithms, including hypotheses and limitations, briefly below.

Additionally, these algorithms are summarized in Table 3.

The AMHG algorithm will use the intensive SWOT observations of river width to

derive discharge using the well-known geomorphologic relationship between river width

(w) and discharge (Q) at a specific location: w = aQb. The a and b coefficients are

considered constant in time but vary along a given river. The innovation of the AMHG

algorithm is based on the important fact (reported for the first time in Gleason and Smith

2014) that a and b at cross sections within the same river reach commonly exhibit a well-

defined log-linear relationship. Therefore, by considering width variations at many cross

sections along a river in combination, the number of unknowns is decreased, allowing a,

b and Q to be estimated using a genetic algorithm requiring only multi-temporal width

observations at many river reaches (Gleason et al. 2014). A global parametrization is

proposed by Gleason et al. (2014) when no a priori information is available. In this paper,

the authors highlight a series of cases for which the algorithm will not work (corresponding

to rivers that do not verify the conditions listed in column ‘‘Tested river types’’ for this

algorithm in Table 3). When these cases (types of rivers) are excluded, the relative root

mean square error (RMSE) between AMHG and in situ discharge ranges from 26 to 41 %

for instantaneous discharge.
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Bjerklie’s algorithm (Bjerklie 2007) is based on a tuned Manning equation, using a

constant river slope and parameterized Manning coefficient (n) varying in time and taking

into account idealized channel shape. It requires as ancillary parameters the mean annual

discharge (required because SWOT will provide surface water elevation and not river

water depth). This method is robust if there are no floods and if the mean annual discharge

is accurately known.

The GM2015 algorithm is a forward and inverse model based on the 1D Saint-Venant’s

equations applied to river reaches and rewritten to take into account SWOT measurements

of water surface elevation, width and slope. It assumes no lateral inflows, steady-state

flows at observation times, low Froude number (\0.5, corresponding to neglecting the

inertia term in the momentum equation), trapezoidal cross section and constant friction

coefficient in time. The inverse model allows retrieval of discharge and an effective

friction coefficient (Strickler or Manning coefficient) and cross-sectional geometry for the

lowest observed level (i.e., the low flow bathymetry), for a given set of observations. The

identified coefficients (friction and cross-sectional geometry) can then be used to compute

discharge for other SWOT observations using the forward model. Garambois and Monnier

(2015) tested the GM2015 algorithm on more than 90 synthetic rivers covering a wide

range of conditions (width, depth, discharge) that will be observed by SWOT. They

reported RMSE of discharge below 15 % for first guess error exceeding 50 % and a very

robust estimation of discharge, as measurements errors and errors due to physical

approximation are included in the estimated bathymetry and friction coefficient errors.

Even if some equifinality (Beven 2006) exists between friction coefficients and bathy-

metry, the GM2015 algorithm seems to provide accurate estimates of equivalent bathy-

metry and friction in the range of tested discharge.

The MetroMan algorithm, like GM2015, uses an approximation (the diffusive wave

approximation) of the 1D Saint-Venant equations. However, the mathematical imple-

mentation of the forward and inverse models is different, and it also takes into account

unknown lateral inflows. It has been evaluated using a 22.4 km river reach of the Severn

River (river width *60 m) in the UK and one of its tributaries for an in-bank flow event

(duration 5 days) and an out-of-bank flood event (duration 15 days). For the in-bank event,

when lateral inflows from tributaries were known, discharge was retrieved with 10 %

RMSE, whereas when lateral inflows were unknown, the discharge RMSE went up to

36 %. For the out-of-bank flood event with unknown lateral inflows, the RMSE was 19 %.

Both the GM2015 and MetroMan algorithms required multiple observations (at different

times) of water surface height, width and slope (average over 1–10 km river reaches) and

require substantial variability in water elevation and discharge across the observations.

Bathymetry and friction affect river flows at different spatial scales. It worth noting that

MetroMan and GM2015 retrieve these river parameters at the kilometer river reach scale

and might therefore be slightly different from the ones estimated at the local scale.

Results from these investigations are encouraging and demonstrate the feasibility of

retrieving river discharge from SWOT observations alone. Although these four algorithms

were developed by different teams, their development was not independent as all author

groups are members of the SWOT Science Definition Team (SDT) Discharge Algorithms

Working Group. Intercomparison studies are currently being performed over different

types of rivers, and the relative strengths and weaknesses of each algorithm are being

evaluated. Pending the results of these ongoing comparisons, the potential for imple-

mentation and performance of the algorithms at global scales is still an open question.

Furthermore, at this point they have only been tested over non-braided rivers, whereas

many large rivers (e.g., the Amazon, Ganges/Brahmaputra and Ob’) and many smaller
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rivers are at least partially braided. The precise river reaches to which the algorithms can

be applied globally remain undefined but most likely will have lengths ranging from a few

kilometers to a few tens of kilometers. For those algorithms that require ancillary infor-

mation and/or a first guess (see ‘‘first guess/ancillary data’’ column in Table 3), this

information will be defined and provided globally before launch. Finally, testing of

algorithms with real SWOT data and realistic errors will be crucial for fully assessing the

suitability of these algorithms.

2.3 Data Assimilation and Optimal Interpolation

An alternate strategy for estimation of discharge and other water surface variables is the

use of indirect and/or statistical methods. Work in this area falls into two categories:

optimal interpolation (OI) to improve spatial/temporal coverage of SWOT water elevation

and discharge estimates (Yoon et al. 2013; Paiva et al. 2015) and data assimilation (DA),

which uses SWOT data to correct hydraulic/hydrologic model parameters or state vectors

(Andreadis et al. 2007; Durand et al. 2008; Biancamaria et al. 2011; Yoon et al. 2012;

Andreadis and Schumann 2014; Pedinotti et al. 2014; Munier et al. 2015). Table 4 sum-

marizes all these studies. All of the nine studies summarized were designed in the context

of observing system simulation experiments (OSSE), a methodology designed to assess the

potential of a new type of measurements before it is built or deployed. Figure 5 shows the

conceptual framework of an OSSE in the context of SWOT studies using optimal inter-

polation (a) and data assimilation (b). Among these nine studies, the OSSE consisted of

first computing time series of realistic states (water elevations and discharges) over a

specified study domain with a hydraulic or hydrologic model. This simulation is considered

to be the ‘‘truth’’ in the context of the OSSE (Fig. 5). Then, a SWOT simulator is run to

provide what the algorithm treats as SWOT measurements. These so-called virtual or

synthetic SWOT observations are then used with OI or DA methods to improve the SWOT

estimate of river discharge and/or related variables. Comparison of these derived values to

the ‘‘truth’’ allows quantification of the benefits of SWOT data coupled with the dynamic

model. In all studies included here, synthetic SWOT data have been simulated with simple

methods: SWOT spatiotemporal sampling is computed using SWOT orbit and swath

extents to sample ‘‘true’’ water elevations (or discharge for Paiva et al. 2015), to which

white noise (corresponding to instrument noise only) has been added. As the SWOT

mission has evolved through different design stages between 2007 and 2015, different

orbits and swath extents (e.g., no nadir gap) have been considered (see Table 4). Only

Munier et al.’s (2015) study is recent enough to consider the final SWOT nominal orbit

presented in Sect. 1.4. Furthermore, all of the studies have been performed as twin

experiments in which the same model has been used for computing the ‘‘true’’ states and

the ‘‘corrupted’’ ones (Fig. 5).

Among the OI studies, Yoon et al. (2013) used local space–time ordinary kriging to

estimate water height between SWOT observation times over the Tennessee River. Their

method used hydrodynamic model outputs to compute the true heights. They obtained

mean spatial and temporal RMSE of 11 and 12 cm, respectively. However, when they used

in situ gage time series as the truth, the temporal RMSE increased to 32 cm. This dif-

ference is apparently due in part to effects of water management, which are not taken into

account in the hydrodynamic model. Paiva et al. (2015) also used spatiotemporal OI but

applied it to estimate discharge rather than water height. They developed an innovative

method termed River Kriging (RK), which analytically derives space–time discharge

covariance using the diffusive wave approximation to the Saint-Venant equations. They
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showed, using the Ganges–Brahmaputra–Meghna rivers system in Bangladesh, that the RK

method out-performed linear interpolation, simple kriging and ordinary kriging. Further-

more, RK-interpolated daily discharge had accuracy similar to that of the initial SWOT

discharge time series. However, the method did not perform well when tidal forcing

dominated the discharge signal. Taken together, the Yoon et al. (2013) and Paiva et al.

(2015) studies show the potential to interpolate SWOT observations at daily timescales.

However, they have been applied to a very limited set of rivers to date.

DA techniques are increasingly being used in the framework of real-time operations to

forecast water levels in the context of flooding (Bates et al. 2014), for real-time reservoir

operations (Munier et al. 2015), for model calibration and parameter estimation (Bates

et al. 2014) or for the purpose of reconstructing the history of some components of the

continental water cycle (Reichle et al. 2014). All of these themes have been addressed by

one or more of the SWOT DA studies referenced in Table 4. Andreadis et al. (2007) and

Biancamaria et al. (2011) used virtual SWOT water depth measurements to correct water

depth from river hydrodynamics models applied to the Ohio and Ob’ Rivers, respectively.

Assumptions included well-known bathymetry and no bias in water elevation measure-

ments. They showed that in these two applications, model errors dominated and therefore

assimilating SWOT (synthetic) data helped to decrease water depth error and consequently

discharge estimates. These studies demonstrated the potential of SWOT data to improve

forecasting of streamflow. Keeping in mind that the SWOT mission will probably not

produce near-real-time products, these approaches nonetheless can be applied to producing

discharge and water level products retrospectively once the SWOT data become available,

especially with the use of a DA smoother (Biancamaria et al. 2011) that tends to smooth

discontinuities before and after the assimilation time of an observation with a DA filter.

Flood forecasting is an area of hydrology particularly suited to the use of DA tech-

niques. In these applications, model initial conditions are critical to producing accurate

forecasts. This was the motivation for the work of Andreadis and Schumann (2014) who

developed methods of using satellite water elevation and water area (from nadir altimetry,

LiDAR, SAR imagery and SWOT) to correct initial conditions in an application of a

Fig. 5 Conceptual sketches of SWOT observing system simulation experiments (OSSE) using optimal
interpolation (a) or data assimilation (b)
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hydrodynamic model to the Ohio River. They showed that using satellite observations

improved water elevation and flood extent forecasts with lead times up to ten days. For

some flood events, however, model errors exceeded errors due to initial conditions after a

few days, and the benefits of the assimilation dissipated. Additionally, it has recently been

shown that assimilating flood water level derived from SAR images combined with

floodplain topography into a hydrodynamic modeling helps to improve flood forecasts

(Garcı́a-Pintado et al. 2013, 2015).

Other studies have demonstrated the capability of using SWOT data to correct hydraulic

model parameters (especially bathymetry, elevation and slope; see Durand et al. 2008 and

Yoon et al. 2012) or hydrologic model parameters (friction coefficients; see Pedinotti et al.

2014). Errors in the corrected parameters have decreased in some cases by more than 50 %

via DA. Of course, these results have to be interpreted carefully, as they are dependent on

the model/observation errors used and the fact that they have been done in the context of

model twin experiments, which often result in a benefit to DA-based methods in com-

parison with ‘‘real’’ applications. Nonetheless, these studies are promising and clearly

show the potential benefits of SWOT data in conjunction with river hydrodynamic mod-

eling even if the SWOT data are not delivered in near real time.

Finally, Munier et al. (2015), using DA in conjunction with an automatic control

algorithm, showed the potential of SWOT to improve management of the Selingue

Reservoir in the upper Niger River basin by optimizing reservoir releases to meet a

minimum low flow requirement upstream of the Niger Inner Delta. Their algorithm made

use of SWOT data both for estimation of reservoir storage and for discharge computation

using a simplified river hydrodynamics model applied to the reach downstream of the

reservoir.

It should be highlighted that all the teams involved in the studies reported here are

collaborating at different levels. Members of the author groups that produced the papers

reviewed in this section met during the ‘‘Hydrologic Data Assimilation for the SWOT

Mission’’ meeting, held on November 12–13, 2013 (Biancamaria et al. 2014), and further

DA work in the next few years leading up to launch of the SWOT mission is promising.

The studies reviewed in Sects. 2.1–2.3 show the benefits that can be expected from

SWOT measurements for better understanding river flow dynamics, from the river reach

scale to the river basin scale. New and innovative techniques have already been developed

that can exploit SWOT data, and these methods will be available from the beginning of the

mission to ensure quick use and science return of SWOT data. However, more work is still

needed, especially to explore the implications of SWOT errors, which have been repre-

sented to date using highly simplifying assumptions. SWOT errors will be much more

complex than white noise. In particular, the impacts of layover, water classification errors,

wet troposphere effects and correlated instrument error along the swath are topics of

immediate relevance that currently are being investigated.

3 Lake/Reservoir Studies and Other Land Hydrology Applications

Section 2 summarized SWOT river-related studies with a focus on river discharge esti-

mation (both directly and through data assimilation). Lakes and reservoirs have been

somewhat less studied as shown in Table 5, which summarizes SWOT-related lake and

reservoir studies. Compared with the five SWOT discharge algorithms papers and nine

DA/OI papers, there are only three papers that consider lakes and/or reservoirs in the
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context of SWOT. This is in part due to the fact that the main SWOT lake/reservoir

product, storage change estimation of all observed lakes and reservoirs, is more easily

derived from SWOT direct measurements (maps of water elevations and water surface

extent), than is river discharge. Nonetheless, SWOT has important implications for

understanding the dynamics of individual lakes and reservoirs and their part in the land

surface water budget. The mission is expected to lead to a major leap in our understanding

of these water bodies. For instance, storage variations in reservoirs globally, which have

been estimated to have produced a ‘‘drag’’ on sea-level rise of about 0.5 mm/yr or around

1/6 of observed sea-level rise, are so poorly estimated that the sign of this term is no longer

known due to slowing of global reservoir construction and filling of existing reservoirs

with sediment (Lettenmaier and Milly 2009).

Furthermore, SWOT will not only observe rivers and lakes/reservoirs, but also all other

water bodies on the continents and at their interfaces with the oceans: wetlands, stream–

aquifer interfaces, estuaries and ice sheets. In particular, it will be a tremendous source of

information for transboundary river basins, which are a challenge for water managing

between upstream and downstream countries. More generally, SWOT will observe the

direct human impact on the continental water cycle and therefore will have not only

scientific but also societal and political implications.

3.1 Lakes and Reservoirs

There is currently large uncertainty concerning the global distribution of lakes (Downing

et al. 2006; Verpoorter et al. 2014) and the variations of water stored in them. The locations

of largest lakes are, of course, well known and monitored. It is also well known that the

majority of lakes are located at high latitudes (above 50�N; Lehner and Döll 2004).

However, there is still considerable uncertainty concerning the number of medium and

small lakes, even aside from their spatial and temporal dynamics. For example, according

to Downing et al. (2006), based on multiple databases and extrapolation for smaller lakes,

there are slightly more than 300 million lakes globally with a surface area exceeding

0.001 km2, most of which (99.87 % in number and 43 % in area) have surface areas less

than 1 km2. However, the numbers of small lakes in Downing et al. (2006) are inferred

from the distribution of larger lakes rather than being directly observed, so this estimate is

Table 5 Published SWOT-related studies on lakes and reservoirs

Reference Method SWOT observations Study domain

Biancamaria
et al.
(2010)

Parametrization of global annual storage
variation

Lakes area[(250 m)2 and
height variations[SWOT
height accuracy

Extrapolation
of global
lakes
distribution

Lee et al.
(2010)

Lake storage change from optical
image, satellite altimetry, in situ gage
and parametrization

dH with white noise function
of lake area (140-km swath,
3-day and 22-day orbit)

Multiple Arctic
lakes

Munier et al.
(2015)

Hydrologic model, hydrodynamic
model ? DA of SWOT observations,
reservoir model ? release
optimization

d (120-km swath, 21-day
orbit) ? white noise

Upper Niger
basin and
Selingue
reservoir
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highly uncertain. In contrast, Verpoorter et al. (2014) report, using Landsat imagery, about

117 million lakes with surface areas that exceed 0.002 km2, a predominance of which have

areas between 0.1 and 1 km2. However, the use of Landsat imagery (which has a pixel size

of 30 m) tends to underestimate small water bodies, especially those that cover less than

about 10 Landsat pixels, or about 0.01 km2. Furthermore, it is difficult to classify water

surfaces at the global scale automatically because of clouds, cloud shadow, the use of

images acquired at different dates, differences in lake turbidity and other factors, all of

which add uncertainty to current estimates of the global distribution of lakes by area. In

addition, it is very difficult to automatically differentiate the smallest lakes observable in

Landsat imagery from segments of partially detected rivers. Finally, all of the current

global lakes databases (e.g., Lehner and Döll 2004; Verpoorter et al. 2014) are static and do

not provide any information about spatiotemporal dynamics, notwithstanding well-known

studies of long-term variations in the surface areas of both large (e.g., Gao et al. 2012) and

small (e.g., Smith et al. 2005) lakes. SWOT will provide revolutionary information con-

cerning lake extent and water storage, which will be beneficial not just for a better

understanding of the continental hydrologic cycle but also for the carbon (Cole et al. 1994)

and methane (Walter et al. 2007) cycles at continental and global scales.

If the global distribution of lakes is subject to large uncertainties, their water elevation

changes are even less well known. Therefore, estimating total water storage change in all

lakes remains a challenge. Biancamaria et al. (2010) have provided early estimates. Using

annual water level amplitudes from 224 lakes worldwide, they found no clear correlation

between annual water level variations and lake area or lake drainage area. Rather, it

seemed that inter-annual water surface amplitudes followed a log-normal distribution,

which they used to estimate water level variations for all lakes globally. They used a power

law relationship between the number of lakes and lake area derived by Downing et al.

(2006) to compute the number of all lakes and their size. By performing a very rough

approximation of cylindrical lake bathymetry, using the previously mentioned lake log-

normal water level distribution, the Downing et al. (2006) lake numbers versus lake areas

relationship, they were able to compute cumulative lake storage change as a function of

lake area and, ultimately, the total annual lake storage change (about 9000 km3). Their

computation was based on just one realization of the log-normal water level distribution for

each lake area bin and did not consider uncertainty due to the random distribution. In order

to take this uncertainty into account, 100 realizations of the log-normal water level dis-

tribution have been generated for each lake area bin. For each realization, the same

methodology of Biancamaria et al. (2010), previously described, has been applied. Fig-

ure 6 shows the updated results with the ensemble of 100 realizations (gray curves). The

mean of this ensemble, which is likely a better approximation of the cumulative annual

lake storage change than a single realization of the log-normal distribution, is represented

by the green curve on Fig. 6. The ensemble mean is close to the cumulative storage change

published by Biancamaria et al. (2010), while the ensemble spread clearly shows the

uncertainty associated with the log-normal water level distribution approximation. Of

course, there are also errors from the number of lakes versus lake area power law and the

cylindrical bathymetry approximation, which add (unrepresented) errors to the annual

storage change estimates at global scale. It should be noted that these errors are extremely

difficult to estimate and have yet to be modeled.

Currently, storage change can be computed for the small number of lakes for which

in situ data are freely available. The alternative is to use satellite data to derive water

elevation (from nadir altimeters or Lidar) and surface extent (from optical or SAR sensors)

(Gao et al. 2012; Zhang et al. 2014; Arsen et al. 2014; Baup et al. 2014; Crétaux et al.
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2015). However, these approaches require data from at least two different satellites, nearly

always at different observation times, with different space–time resolutions. As such, they

require significant manual editing of the time series (especially for water elevation) and are

challenging to apply automatically at large scales. The resolution of current nadir

altimeters also limits the application of these methods. Satellite capability to monitor

specific lakes depends on not just the radar footprint on the ground but also the lake shape.

Current results (e.g., from the Hydroweb database, http://www.legos.obs-mip.fr/en/soa/

hydrologie/hydroweb/) show that 10 km2 lake area (dashed red line on Fig. 6) is, on

average, a good guess for the minimum lake extent that nadir altimeters can observe,

though some results can be obtained for smaller lakes (Baup et al. 2014). Considering the

constellation of satellites that are the most likely to operate in the near future (AltiKa,

Jason-3, Sentinel-3A and Sentinel-3B), based on the distribution shown in Fig. 6 (green

curve) and assuming that these satellites will sample all lakes above 10 km2 area that are

intersected by their nadir ground tracks (which is a very optimistic hypothesis), then only

36 % of the total annual storage change can be measured (as not all lakes above 10 km2

will be observed).

By way of contrast, SWOT should be able to monitor about 65 % of total annual storage

change (Biancamaria et al. 2010). In Fig. 6, all lakes above 250 m 9 250 m or about

0.06 km2 (blue dashed line) account for 68 % of the total annual storage change, but

SWOT will miss a small fraction of these lakes. This is due to measurement errors that

could be higher than the annual water level amplitude for some lakes in between 0.06 and

1 km2. However, SWOT should overcome most of the uncertainty in the lake spatial

distribution (gray curves in Fig. 6), at least for lakes with an area above 0.06 km2. To

assess the accuracy that could be expected from SWOT-derived lake storage changes, Lee

et al. (2010) performed an OSSE for Arctic lakes, using a methodology similar to the one

presented in Sect. 2.3 for optimal interpolation and shown in Fig. 5a. Based on daily

interpolated lake level variations from altimetry, satellite optical images and parameteri-

zations, daily water level variations for several thousands of lakes in the Peace-Athabasca

Delta (Canada), Northern Alaska (US) and West Siberia (Russia) were derived and used as

Fig. 6 Cumulative lake storage change (in % of the total lake storage change in the ensemble mean) versus
lake area for 100 realizations of the log-normal random distribution of the annual water level variation
estimated by Biancamaria et al. (2010). The ensemble mean corresponds to the green curve
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the ‘‘truth.’’ With this dataset, they estimated that, at high latitudes, SWOT lake storage

change measurements will probably have errors lower than 5 % for lakes larger than

1 km2, whereas errors for lakes with areas of 0.01 km2 should be around 20 %, confirming

the relatively high accuracy that is expected from SWOT data. However, this study did not

consider measurements errors due to layover, water classification, wet troposphere, etc.

(see Sect. 1.3). Work on a more limited number of lakes in the Peace–Athabasca Delta

suggests that errors in water surface elevation will dominate the calculation of storage

change measurements in comparatively large lakes, while errors in inundated area will play

a more important role for storage change calculations in small lakes (Smith and Pavelsky

2009).

Reservoirs also play an important role in the continental water cycle. Zhou et al. (2015)

showed, using a large-scale water management model, that 166 of the world’s largest

reservoirs, which have a total storage capacity of 3900 km3 (*60 % of all reservoirs

storage), could have almost 700 km3 seasonal storage variation (*10 % of the total

reservoirs storage). Despite this significant variability, there is only the study of Munier

et al. (2015) that has investigated the potential of SWOT for reservoirs monitoring (see

Sect. 2.3). This study showed the potential use of SWOT reservoir measurements to

optimize reservoir operations. Gao et al. (2012) and Crétaux et al. (2015) have shown the

feasibility of computing storage change for large reservoirs using nadir altimetry, which is

very promising for SWOT. The lack of knowledge of the distribution of small lakes is also

true for reservoirs. Even with global datasets for reservoirs, like the one compiled by the

International Commission on Large Dams (ICOLD) or the Global Reservoir and Dam

(GRanD) database (Lehner et al. 2011), there is little information for intermediate and

small reservoirs. Given gaps in current understanding of the number and area distribution

of lakes and reservoirs, SWOT will provide a major improvement in the ability to observe

the dynamics of these water bodies directly. In particular, it will help to better characterize

the role of small lakes and reservoirs at global scales, which are mostly ignored in current

estimates of the dynamics of land water storage (Zhou et al. 2015).

3.2 Other Land Hydrology Applications and Synergistic Land Sciences

To date, published studies concerning SWOT have been mostly focused on understanding

and assessing benefits of the new type of measurements that will be produced for river and

lakes dynamics. This focus was essential as the mission was in an early stage of definition.

Nonetheless, a number of other applications of SWOT data are expected in the land

hydrology arena (Durand et al. 2010; Fu et al. 2012; Rodrı́guez 2015). One of these is the

management of water in transboundary river basins. These basins cross one or more

international boundaries and imply sharing of water, which in many cases can lead to

tensions between upstream and downstream countries. Transboundary river basins are

important globally, as they cover around 45 % of the global land area and involve 145

countries and 40 % of the total human population (Wolf et al. 1999). Clark et al. (2015,

accepted) have reviewed studies using nadir altimetry for three transboundary basins (the

Brahmaputra–Ganges–Meghna, the Indus and the Niger basins) and highlighted the

importance of upcoming SWOT data for providing freely available observations of storage

change, water level and discharge over the entire basin areas (not including the minor

observations gaps discussed in Sect. 1.4) repetitively and independently from national

networks.

Another field that will greatly benefit from SWOT data will be the study of the direct

impact of human activities (like water management infrastructures and water withdrawals)
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on the land hydrologic cycle. For example, reservoirs (Shiklomanov and Lammers 2009)

and soil changes and erosion (Descroix et al. 2012) can have important impacts on

downstream river discharge, and these impacts will be observed and may be quantifiable by

SWOT. SWOT will also provide valuable information to model development and vali-

dation, especially for land surface models used in numerical weather prediction and cli-

mate models. Most such models at present only represent natural rivers. SWOT

observations may also have application to studies of stream–aquifer exchanges at basin and

continental scales, filling a current observation gap (Flipo et al. 2014).

SWOT will also provide useful data in wetland environments, although the range of

observable wetlands remains uncertain. In wetlands with sparse vegetation and large

extents of open water, it is likely that SWOT will provide useful measures of water surface

elevation and inundation extent. Where vegetation is denser, it remains unclear to what

extent SWOT will be affected by scattering and layover caused by the vegetation. How-

ever, given difficulties in measuring the hydrology of large wetlands in situ and their

importance in the global carbon and methane cycles, SWOT measurements may provide

substantial benefits even if sampling under dense vegetation proves limited. Experiments to

better define the opportunities and constraints of SWOT wetland measurements are, as of

this writing, in the final planning stages. They will use measurements from AirSWOT

(Rodrı́guez et al. 2010), to better understand SWOT returns from inundated vegetation.

Complementary to land hydrology, some additional science objectives for SWOT,

referred to as synergistic sciences (Fu et al. 2012; Rodrı́guez 2015), have been identified,

including:

• Freshwater/marine interfaces, especially in estuaries. This issue bridges ocean and

continental hydrology and, while it is a key component of the hydrologic cycle, it is just

beginning to be addressed in the context of SWOT.

• Antarctic and Greenland ice sheet topographic variability. As shown in Fig. 3, most of

Greenland (which extends up to 82�N) and a substantial portion of Antarctica (and all

its coastal regions) will be sampled and at the highest time sampling frequency.

However, it should be noted that SWOT performance over ice and snow is not yet well

characterized (Fjørtoft et al. 2014). In addition, it is likely that SWOT data for many

portions of these ice sheets will be available only at the lower resolution used for

SWOT ocean products.

• Helping to characterize snow cover variability and, perhaps, helping to characterize

land cover variability.

• Estimation of vertical deflection due to gravity changes over large lakes.

These are just some of the anticipated SWOT scientific applications that have yet to be

investigated in any substantial detail. Because most of these applications are synergistic to

SWOT’s principal scientific goals and because SWOT observing technology is not opti-

mized for them, more investigations are needed to determine how useful SWOT data will

be. For example, better characterization of Ka-band backscatter over snow and ice is

needed (this also has implications for observations of high-latitude rivers during ice

breakup). In addition, for most new satellite technologies like SWOT, applications not yet

anticipated will emerge once the data become available.
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4 Conclusions and Perspectives

We have described the characteristics of the upcoming wide swath altimetry satellite

mission, SWOT, and have reviewed recent published papers that have evaluated key

scientific hydrology uses of SWOT data. We argue that SWOT will be transformational for

land hydrology in providing fundamental information about rivers, lakes and wetlands that

has never before been available directly from observations. The SWOT mission will

provide, for instance, maps of surface water elevation and their temporal evolution,

therefore providing for the first time estimates of surface water storage and fluxes at global

scale for rivers wider than 50–100 m.

It will also characterize spatiotemporal variability of lakes and reservoirs with areas

larger than *0.06 km2, implying direct estimates of about two-thirds of global lake and

reservoir storage variations (current nadir altimeters provide estimates in both cases that

represent less than 20 percent of the total). Some of the types of studies for which SWOT

data will be especially well suited are:

• global water balance studies,

• flood dynamics for medium to large rivers, especially those that persist for multiple

SWOT revisits,

• studies of surface water in the global carbon and methane cycles,

• documentation and quantification, of direct human impacts on the hydrologic cycle.

With respect to Earth system modeling, it will provide constraints and diagnostics that

will allow better representation of processes such as flood dynamics and human influence

on the water cycle, which at present are poorly quantified in global coupled land–atmo-

sphere–ocean models. For example, most such models do not represent the storage of water

in man-made reservoirs, or its effect on river discharge (Wood et al. 2011). SWOT will

also have important societal impacts on understanding of transboundary river basins; in

many such cases, data about river discharge and reservoir storage are not shared among

upstream and downstream countries, and in this respect, the SWOT data, which will be

freely available, will be transformational.

However, there is still much to be learned before the planned launch of the mission

some 5 years from the time of this writing. One priority must be to strengthen the results of

studies performed to date, especially by taking into account more realistic quantifications

of the magnitudes and types of SWOT measurement errors (e.g., spatially correlated

instrumental noise, error due to the roll of the satellite, wet troposphere errors, water

classification errors, topography and vegetation errors). These errors will be chiefly

explored using two complementary tools: an increasingly sophisticated high-resolution

SWOT simulator and AirSWOT airborne campaigns, which will provide SWOT-like

measurements that can be compared to simultaneous ground validation data. To compute

river discharge, four algorithms have been proposed, and they need to be investigated on

diverse real cases, especially braided rivers. They also require a priori information such as

river bathymetry and friction coefficients. The sensitivity of discharge estimates to the

accuracy of these a priori parameters should be estimated, and they should be computed at

a global scale prior to launch.

Furthermore, synergies with other satellite missions observing different component of

the water cycle that are likely to collect data simultaneously with SWOT should be

investigated, to improve understanding of the water cycle as a whole. Results from dis-

cussion of the SWOT Science Definition Team to date suggest that data assimilation
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approaches are not yet mature enough for global application. For this reason, studies like

those reviewed in Sect. 2.2 are based on the need for simple algorithms, which can be

applied more or less directly to SWOT observations of river water levels, slopes and widths

to estimate discharge. However, some recent studies (Yamazaki et al. 2011; Neal et al.

2012; Schumann et al. 2013; Bates et al. 2014) suggest that application of river hydro-

dynamics models has advanced to the point that applications of these models (which would

be the physics core for data assimilation algorithms) may now be feasible at continental

and global scales (Wood et al. 2011; Schumann et al. 2014; Bierkens et al. 2015). Thus, the

role of data assimilation in SWOT river discharge and related variables may need to be

revisited.

Finally, some thinking about the successor of SWOT is now appropriate. If SWOT is

successful, it almost certainly will motivate demand for continuing observations, in the

same way that the first ocean altimeter, TOPEX/Poseidon, did for ocean sciences. With the

launch date of SWOT approaching quickly, it is not too early to think about how a future

mission might extend and improve on results from SWOT.
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K, Magome J, Nilsson C, Robertson JC, Rödel R, Sindorf N, Wisser D (2011) High-resolution mapping
of the world’s reservoirs and dams for sustainable river-flow management. Front Ecol Environ
9(9):494–502. doi:10.1890/100125

Lettenmaier DP, Milly PCD (2009) Land waters and sea level. Nat Geosci 2(7):452–454. doi:10.1038/
ngeo567

Moller D, Esteban-Fernandez D (2015) Near-nadir Ka-band field observations of fresh water bodies. In:
Lakshmi V, Alsdorf D, Anderson M, Biancamaria S, Cosh M, Entin J, Huffman G, Kustas W, van
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Abstract Up to now, high-resolution mapping of surface water extent from satellites has

only been available for a few regions, over limited time periods. The extension of the

temporal and spatial coverage was difficult, due to the limitation of the remote sensing

technique [e.g., the interaction of the radiation with vegetation or cloud for visible

observations or the temporal sampling with the synthetic aperture radar (SAR)]. The

advantages and the limitations of the various satellite techniques are reviewed. The need to

have a global and consistent estimate of the water surfaces over long time periods triggered

the development of a multi-satellite methodology to obtain consistent surface water all

over the globe, regardless of the environments. The Global Inundation Extent from Multi-

satellites (GIEMS) combines the complementary strengths of satellite observations from

the visible to the microwave, to produce a low-resolution monthly dataset (0:25� � 0:25�)
of surface water extent and dynamics. Downscaling algorithms are now developed and

applied to GIEMS, using high-spatial-resolution information from visible, near-infrared,

and synthetic aperture radar (SAR) satellite images, or from digital elevation models.

Preliminary products are available down to 500-m spatial resolution. This work bridges the

gaps and prepares for the future NASA/CNES Surface Water Ocean Topography (SWOT)

mission to be launched in 2020. SWOT will delineate surface water extent estimates and

their water storage with an unprecedented spatial resolution and accuracy, thanks to a SAR
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in an interferometry mode. When available, the SWOT data will be adopted to downscale

GIEMS, to produce a long time series of water surfaces at global scale, consistent with the

SWOT observations.

Keywords Satellite remote sensing � Wetland � Hydrology

1 Introduction

Terrestrial surface waters amount to less than 1 % of the total Earth water and cover less

than 6 % of the ice-free continents at any time (Shiklomanov 1993). However, they are the

source of most (� 2/3) of water consumed by humans (UN-Water 2007) and have a large

impact on the biodiversity and on the biogeochemical and hydrological cycles, along with

a key role on the climate variability. Continental surface waters encompass a very large

variety of environments and circumstances, from exceptionally flooded populated areas

and their related human loss, to strategic rice paddies to feed the populations, tropical

wetlands very rich in biodiversity, or climate-sensitive boreal peat land with their large

methane emission. The definition of wetlands varies according to research foci, and no

overall consensus on the subject exists.

Despite their importance, there is a lack of reliable, continuous, and consistent infor-

mation on the inundation extent and dynamics, at both global and regional scales, to satisfy

a large and diverse community of users. Mapping of surface waters involves a wide range of

users, practitioners, and stakeholders. These include water and disaster managers, insurance

companies, hydrologists, ecologists, weather forecasters, or climate modelers. Some

applications require high spatial resolution and temporal sampling with almost real-time

observations, and others will favor global low spatial resolution with long-term objectives.

The potential role of satellite Earth observations for the mapping of surface waters has

been stressed on many occasions, for different applications (e.g., Committee on Earth

Observation Satellites 2013; Global Earth Observations 2013; Convention on Biological

Diversity 2014). There are ongoing efforts to promote the satellite Earth observations for

surface water mapping in these fields (e.g., the Global Monitoring of Environment and

Security project DISASTER or the European Space Agency project GlobWetland I–III),

but all user needs are still far from being satisfied.

Current satellite remote sensing techniques can produce seamless global land cover

maps and distinguish many terrestrial environments, but still struggle to generate accurate

high-spatial-resolution representations of surface water extents. There is some agreement

on the surface area of the permanent open water bodies from satellite. With approximately

60 % of the floodplains and wetlands inundated during only some time of the year, the

knowledge of the extent and large variability of the land surface waters at regional-to-

global scales is still incomplete, even with the satellite observations.

The US–French Surface Water and Ocean Topography (SWOT) mission, to be launched

in 2020, will provide the community with high spatial resolution and temporal sampling of

the continental surface waters, thanks to a synthetic aperture radar (SAR) in an interfer-

ometry mode. However, what can be done meanwhile, with the current satellite obser-

vations, to support user needs and prepare for the SWOT mission?

We will first briefly review the satellite observation techniques that are commonly used

to estimate the continental surface waters, including the advantages and limitation of each
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technique (Sect. 2). Some examples will be given. The need to have a global and consistent

estimate of the water surfaces over long time periods triggered the development of a multi-

satellite methodology to obtain consistent surface water all over the globe, regardless of the

environments. This method, first developed at low spatial resolution (�25 km), is now

downscaled down to 100 m, for a consistent estimation of the surface water extent across

spatial scales. These efforts will be described in Sect. 3. The potential of the SWOT

mission to map the surface water will be presented in Sect. 4. We will conclude on the

interest in the combination of the multiple sources of surface water estimates (Sect. 5).

2 The Potential and Limitation of Satellite Techniques for Surface Water
Estimation

The detection and quantification of surface water extent from satellite sensors rely on the

differences between the reflection and emission properties of water and land surfaces, due

to differences in the refractive index of the medium or/and in its surface state (roughness/

flatness). Remote sensing techniques employing visible, infrared, and microwave obser-

vations offer varying degrees of success in detecting the wetland extent and in quantifying

its dynamics. Some recent examples of visible and near-infrared estimates are presented, as

well as passive and active microwave results.

Table 1 summarizes the different satellite techniques to map water surfaces, along with

their key characteristics.

2.1 Visible (VIS) and Near-Infrared (NIR) Observations

Optical and near-infrared satellite observations provide good spatial resolution but are

limited by their inability to penetrate clouds and dense vegetation.

Using the NOAA advanced very-high-resolution radiometer (AVHRR), inundated

surfaces in herbaceous environments have been estimated with a �1 km resolution, such as

in the Okavango delta (McCarthy et al. 2005) or in the Brahmaputra region (Jain et al.

2006). Since the advent of the moderate-resolution imaging spectroradiometer (MODIS)

observations, it is possible to monitor continental-scale inundated areas with a 250- to

500-m spatial resolution, with freely and globally available data. Bergé-Nguyen and

Crétaux (2015) showed the potential of MODIS data to monitor temporal changes in

flooding in semiarid regions such as the Inner Niger Delta. Xiao et al. (2005, 2006)

analyzed paddy fields in China by identifying the flooded pixels from the difference

between the Land Surface Water Index (LSWI) and Vegetation Indexes (NDVI or EVI).

Table 1 Satellite techniques to map water surfaces and their main characteristics

Technique Spatial
resolution

Temporal sampling Contamination Remarks

VIS/NIR Down to
� 30 m

Down to daily if
cloud free

Clouds, vegetation Open water only at
global scale

Active microwave SAR Down to
� 20 m

Up to 6 days with
Sentinel 1

Vegetation to some
extent

Regional applications
mostly so far

Passive microwave � 10 km Daily Vegetation to some
extent

Detection of open water
as well as wetlands
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Sakamoto et al. (2007) described the multi-year surface hydrology in the Mekong Delta

using the MODIS reflectances. They develop a wavelet-based filter to limit the impact of

the cloud cover during the monsoon season.

Nakaegawa (2012) compared water-related cover types in six 1-km global land cover

datasets. They include the Global Lakes and Wetlands Database (GLWD) (Lehner and

Doll 2004) based essentially on inventories and five estimates from visible imagery such as

a MODIS classification and a SPOT-derived estimate. The global total open water areas are

similar for all datasets. However, the agreement is mediocre for wetlands, with the visible

and near-infrared satellite estimate of the total wetland surface of the order of 10 times

lower than the GLWD surface. There is only a 5 % chance that a wetland pixel in GLWD

corresponds to one in the other five datasets. This is partly due to the difficulty of detecting

water under a vegetation canopy and to the period of reference selected in the different

datasets. It is noted that the GLWD can be considered to be the best 1-km global static

water-related land cover dataset currently available.

We tested two MODIS-derived wetland detection methods over the Mekong Delta

region, based on the work of Sakamoto et al. (2007) and Bergé-Nguyen and Crétaux

(2015) (Fig. 1). With the Sakamoto et al. (2007) method, we tested two cloud filters. The

water extents at the maximum are comparable, with similar seasonality. However, the

estimates show significant differences, especially for the detection of the mixed pixels. The

methods are quite sensitive to the different thresholds adopted in the algorithms, and their

sensitivity to cloud is critical to the results.

A water detection methodology initially developed for MODIS has recently been

applied to the entire Landsat archive over 30 years at 30-m resolution, exploiting the

processing power of the Google Earth Engine platform (Pekel et al. 2015). A global

validation exercise showed an accuracy of 90 % with respect to local estimates. Changes in

lakes, river courses, and dams are documented, as well as coastal modifications. The

potential of the methodology for open water detection appears very attractive, but it has not

been evaluated yet for wetland characterization.

The method is sensor-neutral and can be applied to other optical instruments. The

Sentinel 2 mission is designed to provide a global coverage of the Earth’s land surface

every 10 days with one satellite and 5 days with two satellites. The first satellite has been

launched recently (June 2015). Among many other objectives, Sentinel 2 will contribute to

the mapping of water surfaces. It is expected that methods already developed for MODIS

and Landsat will be applied to the observations, with possible adaptation to the Sentinel 2

specificities.

2.2 Active Microwave Observations

Synthetic aperture radar (SAR) and altimeters are active microwave instruments that

measure the backscattering coefficient of observed surfaces. Microwaves have the ability

to penetrate clouds and, to a certain extent, vegetation. When observed off-nadir (as with

the SAR), open water surfaces are characterized by low backscattering coefficients. The

presence of vegetation can scatter the signal and increase the backscattering, making the

detection of wetland site specific. The longer the wavelength, the less sensitive it is to the

presence of vegetation. The SAR observations can provide very high spatial resolution

(below 50 m), but until recently the spatiotemporal coverage was limited, with only a few

mosaics available per year in some areas, preventing systematic, long-term assessments of

inundation dynamics. The ENVISAT SAR instrument, for instance, operated between 2002

and 2012 and imaged the Earth with a large swath at C band (5.3 GHz). For the
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northernmost latitudes, almost daily observations were available, but some other areas

were hardly covered such as South America or Australia.

Henderson and Lewis (2008) reviewed the literature on the detection of wetland

ecosystems with SAR, including the optimum wavelength and polarization. A large range

of observation configurations and analysis methodologies have been tested, with different

efficiencies depending on the type of environment. They conclude that it is difficult to

select a unique methodology for systematic global application and that a combination with

visible / near-infrared observations is always very efficient.
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Fig. 1 Inundation extent over the Mekong Delta, as estimated by different methods, on a monthly mean
basis, for 2007

Surv Geophys (2016) 37:339–355 343

123Reprinted from the journal 153



Using long-wavelength SAR observations (L-band, 1.4 GHz), Hess et al. (2003) pro-

duced detailed maps of the low and high water stages in the Amazon basin, despite the

dense tropical forest. With ENVISAT SAR data, Bartsch et al. (2012) detected the open

water dynamics at high latitudes, but showed difficulties in delineating the vegetated

wetlands. Kuenzer et al. (2013) derived inundated images of the Mekong basin for 2007–

2011 from ENVISAT SAR, with a spatial resolution of � 90 m. The inundation cycle is

described, thanks to a reasonable revisit time in the region over several years. A prepro-

cessing step filters the image and reduces the speckle. Then, a series of thresholds is

carefully applied on the backscatter to isolate the water surfaces, before applying a mor-

phological image processing. Bouvet and Toan (2011) analyzed the rice paddies in South

Asia with success, using ENVISAT SAR observations.

The extensive archive of ENVISAT SAR images has not been analyzed much for large-

scale water mapping. Nevertheless, a global map of permanent and open water bodies has

been obtained recently by Santoro and Wegmuller (2014), exploiting the temporal vari-

ability of the observations. At least 10 images are required for a reliable estimate, which is

not always obtained over the ENVISAT SAR life time (Santoro and Wegmuller 2014).

There is no evaluation yet of this method for wetland mapping, at global scale.

Similar techniques are currently adjusted to be applied to the recently launched Sentinel

1 SAR (April 2015). Sentinel 1 will provide an improved coverage and temporal sampling,

especially over Europe. The mission will image the entire Earth every six days when the

two satellites have been launched. With the most promising methods to detect water

surface based on the temporal variability of the signal, the high temporal sampling of the

Sentinel SAR is expected to revolutionize the mapping of water surfaces with high spatial

resolution, high temporal sampling, even under cloudy regions.

Satellite altimeters are also active microwave instruments. They observe at nadir to

measure surface topography and were originally designed for ocean surfaces. Techniques

have been developed to obtain accurate measurements of water height in rivers, lakes, and

wetlands from these satellite-borne instruments (e.g., Birkett 1998; Fu and Cazenave

2001). Altimeters are very sensitive to the presence of water, with a significant increase in

the backscattering over water surfaces (Papa et al. 2003). However, current altimeters have

very narrow surface tracks and do not provide sufficient spatial coverage to analyze the

horizontal structure of water bodies, except over boreal regions where their polar orbits

offer better spatial coverage. Papa et al. (2006) quantified the extent and seasonality of

boreal inundation using observations from the Topex–Poseı̈don dual-frequency satellite

altimeter and evidenced the high potential of the altimeters for surface extent estimations.

2.3 Passive Microwave Observations

Passive microwave observations have long been used to detect surface water extents (e.g.,

Giddings and Choudhury 1989). Inundation decreases emissivity in both linear polariza-

tions, especially at lower frequencies, due to differences in dielectric properties of water

and soil or vegetation. In addition, inundation can also increase the polarization difference

with the roughness change related to the presence of water. However, the spatial resolution

of current passive microwave observations is of the order of 10–50 km, limiting their

potential use for a large range of applications.

Most passive microwave studies are based solely on simple analyses of the raw passive

microwave observations. The study of the Amazon basin by Sippel et al. (1998) or the

analysis of the boreal regions by Mialon et al. (2005) is one such example, at regional

scale. Schroeder et al. (2010) also rely mainly on the passive microwave observations from
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AMSR-E to estimate the North Eurasian inundation dynamics. However, the passive

microwave signal is strongly modulated by the surface temperature and, above 10 GHz, it

can be contaminated by the atmosphere (water vapor), clouds, and rain. These factors,

especially surface temperature, can seriously distort time-series estimates of surface water

variations.

3 A Multi-satellite Methodology for Global Surface Water Estimation

These considerations lead to the conclusion that there is not today a unique and exclusive

technique for detecting surface water, including open water and wetlands. A multi-satellite

technique has been derived for the retrieval of surface water extent and dynamics at the

global scale. It capitalizes on the complementary strengths of the satellite observations to

extract maximum information about inundation characteristics and to minimize problems

related to analysis of measurements by one instrument only (Prigent et al. 2001, 2007,

2012; Papa et al. 2010).

3.1 The Global Inundation Extent from Multi-satellites (GIEMS)

Satellite data have different sensitivities to surface properties (e.g., vegetation, topography,

and soil properties), making it possible to disentangle the contributions of the various

factors on the observations. Passive microwave observations are particularly sensitive to

the presence of the surface water, even under vegetation canopy, and the inundation

detection will primarily rely on the passive microwave signal. Passive microwave obser-

vations have limited spatial resolution (of the order of 20 km, depending on the frequency),

but can provide frequent global coverage over a long time period (more than 20 consistent

years of data available).

The following satellite observations are used: (1) passive microwaves from the special

sensor microwave/imager (SSM/I) measurements between 19 and 85 GHz; (2) active

microwave backscattering coefficients at 5.25 GHz from scatterometers; and (3) visible

and near-infrared reflectances and the derived NDVI. Preprocessing is applied to the

passive microwave observations to suppress the modulation by the surface temperature and

by the atmospheric effects. In vegetated areas, the vegetation contribution to the passive

microwave is estimated with information from the active microwave and NDVI obser-

vations. An unsupervised clustering algorithm merges the three sets of satellite observa-

tions and identifies the inundated pixels. A mixture model based on the statistical

relationship between the passive polarization differences and the active microwave

backscatter quantifies the fractional inundation of each pixel identified in the previous step.

The technique is globally applicable without tuning for specific environments. The

availability and reliability of the active microwaves and the visible/near-infrared obser-

vations imposed some fine-tuning of the initial methodology (details are provided in Papa

et al. 2010).

Fifteen years of global monthly water surface extents 1993–2007 are available, on an

equal-area grid of 0:25� � 0:25� at the equator (each pixel covers 773 km2) (http://lerma.

obspm.fr/spip.php?article91&lang=en). Figure 2 shows the averaged yearly maximum

inundation from GIEMS, from 1993 to 2007. The water surfaces are realistically detected

under all environments. See the boreal floodplains around the Ob or the Yenisei, the Inner

Niger Delta in Mali, or the Pantanal and riverine wetlands along the Amazon in South
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America. Note that the GIEMS estimates include all surface waters such as the Asian rice

paddies, as well as river and lakes.

GIEMS, with its long time series, provides key information on the seasonal and inter-

annual variability of the inundation, even at regional scale. As an example, a major flood

occurred in the American Midwest, along the Mississippi and Missouri rivers and their

tributaries, from April to October 1993, causing terrible devastation and flooding up to

80;000 km2. Figure 3 presents the mean surface water extent in August over the Midwest

in the USA between 1993 and 2007 (top), as compared to its value in August 1993

(bottom). The maximum inundated surface in the region calculated by GIEMS is very close

to the official number, and its spatial pattern follows closely the expected hydrological

structures.

Regional assessment of this database using SAR data indicates that the approach

realistically captures wetland complexes but can underestimate small wetlands comprising

less than 10 % fractional coverage of a grid cell (\80 km2). The dataset has been

extensively evaluated at the global scale (Prigent et al. 2007; Papa et al. 2010) and for a

wide range of environments, including boreal (Papa et al. 2007, 2008) and tropical regions

(Papa et al. 2006; Frappart et al. 2008).

The availability of this consistent and carefully evaluated dataset at a global scale and

over a long period of time makes it possible to perform climatological analysis. We

observed a decline of the wetland extent of � 6 % over the globe between 1993 and 2008.

The largest declines of open water are found where large increases in population have

occurred over the last two decades, suggesting a global scale effect of human activities on

continental surface freshwater (Prigent et al. 2012).

GIEMS has also been used for biogeochemical and hydrological analyses, such as the

evaluation of methane surface emissions models (Bousquet et al. 2006; Ringeval et al.

2010; Melton et al. 2013; Wania et al. 2013) and the validation of the river flooding

schemes coupled with land surface models (Decharme et al. 2008, 2011; Ringeval 2012;

Pedinotti et al. 2012).

Fig. 2 The averaged yearly maximum inundation at the global scale from GIEMS, in terms of percentage of

inundation for each pixel, from 1993 to 2007. Each pixel is 773 km2
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3.2 Downscaling of GIEMS

With a 0:25� � 0:25� spatial resolution, the initial GIEMS dataset is clearly not adequate

for all applications. Would it be possible to develop downscaling methodologies to derive

high-resolution surface water extent from the existing GIEMS low-resolution dataset?

Since GIEMS has global coverage, the ideal situation would be to develop a downscaling

technique general enough to work in all environments. However, each hydrological basin

has its own characteristics such as its topography, vegetation, or space–time variability.
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The downscaling algorithm needs to take into account these specificities and the avail-

ability of the a priori high-spatial-resolution information for a particular basin. The high-

spatial-resolution information can come from satellite observations such as visible /near-

infrared images or SAR measurements, or it can be extracted from static topography

information. Methodologies have been explored, using these different types of high-spa-

tial-resolution sources. They are described here.

3.2.1 Downscaling Based on High-Resolution Satellite Observations

Two downscaling methodologies based on high-resolution satellite observations have been

developed and evaluated, with very encouraging results. These two methods require

inundation information at high spatial resolution, at least for some time steps, in coinci-

dence with the coarse spatial resolution dataset.

The first methodology is based on image processing techniques and can be applied with

a limited number of high-spatial-resolution information (Aires et al. 2013). It has been

applied and evaluated over the Amazon basin, using the SAR-derived observations of Hess

et al. (2003) to calibrate the method, at only two time steps, for low and high waters. The

probability of a high-spatial-resolution pixel to be inundated depends on the status of its

neighboring pixels, and this probability is derived from the SAR images. The inundation

then fluctuates between the low and high water stages for each month, based on the GIEMS

monthly dynamics, using a dilatation factor driven by the inundation probability. Fol-

lowing this methodology, 15 years of monthly mean inundation extent for the Amazon

basin have been produced at 500-m spatial resolution (Aires et al. 2013). Figure 4 shows

an example of the downscaling of GIEMS with the SAR observations, over the Amazon
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Fig. 4 Inundation extent from the downscaling of GIEMS, for two contrasted months in 1993, over the
Amazon Basin
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basin, in 1993, from two contrasted months. The hydrological structures are very realistic:

The results benefit from the spatial structure of the SAR data coupled to the temporal

dynamics of GIEMS. With the advent of the recently available Sentinel 1 SAR data, it is

expected to have soon a global coverage of the inundated surfaces derived from the high-

resolution observations, at different periods of the year at global scale. The downscaling

method will be trained on this SAR-derived dataset and propagated backward in time, as

for the Amazon case.

The second solution requires the availability of more information on the dynamics of

the inundation at high resolution. It uses the empirical orthogonal function (EOF) repre-

sentation of the space–time variability of the high-resolution inundation extent, and to be

efficient, a reasonable representation of the inundation dynamics has to be provided over a

year. It has been applied to the Inner Niger Delta, using MODIS-derived inundation extent

(Bergé-Nguyen and Crétaux 2015), to produce a long time series (1993–2011) of high-

resolution inundation extent. This technique makes possible not only the downscaling of

low-spatial-resolution information but also the temporal and spatial interpolation of high-

resolution dataset (Aires et al. 2014).

3.2.2 Downscaling Based on Topography Information

Topography information at high spatial resolution can also provide the basic information to

derive an inundation probability to determine from GIEMS where inundation is spatially

more likely at high resolution. Digital elevation models (DEM) can describe the topography

with the necessary accuracy at a global scale, making this methodology globally applicable.

Fluet-Chouinard et al. (2015) adopt the Shuttle radar topography mission (SRTM)-

derived HydroSHED topographic information trained on a global land cover map

(GLC2000 Bartholomé and Belward 2005) to produce an inundation probability map based

only on topography information. The downscaled inundation map is then generated from

the inundation probability map by distributing the inundated area of the coarse pixels

among the fine-resolution pixels having the highest probabilities of inundation. The

technique is applied to GIEMS to produce a 15 arc-s (�500m) map of the mean annual

minimum, mean annual maximum, and long-term maximum (GIEMS-D15). Comparison

with independent regional maps shows reasonable agreement, with some variation

depending on the environments. This database is available under request at http://www.

estellus.fr/index.php?static13/giems-d15. Work is underway to produce a monthly mean

dynamic dataset at 90-m resolution from GIEMS.

4 The Future with SWOT

As noted above, the altimeter observations are very sensitive to the presence of water, but

their current ability to see freshwater bodies is severely limited by the fact that all present

and past altimeters are nadir pointing, that is, they produce information only for the water

surfaces that their thin track crosses. This has the effect that water bodies with surface

areas less than about 10 km2 generally are not resolvable by nadir altimeters (Biancamaria

et al. 2015). Furthermore, it is difficult to obtain estimates of the temporal variations of

water bodies much smaller than this threshold.

The joint US–French Surface Water and Ocean Topography (SWOT) mission is

intended to provide a major improvement in the availability of surface extent and storage
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change for surface bodies such as lakes, reservoirs, wetlands, and rivers. The revolutionary

aspect of SWOT compared to former altimeters is that it will provide swath, rather than

track, data; hence, the size of water bodies for which surface and storage change estimates

can be retrieved is dictated by factors other than the distance between altimeter satellite

tracks. SWOT’s primary instrument will be a Ka-band radar interferometer (KaRIn), which

is a SAR interferometer in the Ka-band (37 GHz), with near nadir incidence angles (be-

tween 0:6� and 3:9�, Fjrtoft et al. 2014). SWOT will provide images of water surface and

elevation in swaths on both sides of the satellite track, each of which will be 50 km wide.

Because interferometry effectively involves a triangulation, each point in the swath will be

observed from two different (antenna) positions, which will allow precise estimation of the

location of each point. More details of SAR interferometry and the KaRIn measurements

are provided by Biancamaria et al. (2015) and references therein. KaRIn will provide

images of water surface elevations for pixels with sizes �6m in the direction of the

satellite orbit and from 10 to 60 m in the direction perpendicular to the satellite orbit (the

smallest dimension is for pixels far off-nadir in the swath; the largest dimension is for those

closest to nadir). The instrument concept is presented in Fig. 5.

SWOT will extract a dynamic water surface mask (i.e., that identifies open water as

contrasted with other land cover) for each satellite overpass. The SWOT Science

Requirements Document (Rodrı́guez 2015) indicates that the SWOT requirement is to

estimate surface water areas for water bodies larger than 250m2 to an accuracy (one

standard deviation) of better than 15 %, and the goal is for one standard deviation error for

smaller water bodies (between 100 and 250m2) of no more than 25 %. The SWOT pixel

size is expected to be from 50 to 300m2. The requirement and goal are based on dis-

cretization errors presuming adequate radiometric contrast between land and water pixels.

Fjrtoft et al. (2014) show that the contrast at the SWOT KaRIn instrument frequency can

Fig. 5 SWOT instrument concept. Courtesy of Lee et al. (2010)
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be as high as 20 dB. However, they also point out that the ability to discriminate between

land and water pixels is complicated for the KaRIn instrument by the fact that its incidence

angle (0:6�–3:9�) is small relative to most existing SARs and Ka-band has backscatter

characteristics at small incidence angles that are not well documented. They further note

that the layover effect at these small incidence angles (which occurs when the slope of

surrounding topography exceeds the incidence angle) are prevalent at much smaller surface

slopes than for larger incidence angles. However, layover is mitigated by the backscatter

contrast between water and surrounding topography, and this in turn is affected by surface

roughness and other factors. The combined effect of these various factors is not well

understood at this point; however, ongoing testing with an aircraft version of the KaRIn

instrument is expected to much better define these interactions.

The water surface elevation estimates for these pixels are approximately statistically

independent with error standard deviations of around 1 m; hence, errors are reduced (by

averaging) by approximately 1/sqrt(n), where n is the number of pixels. Accordingly, by

averaging the number of pixels in a water body of area 1 km2, the vertical error estimates

become less than 10 cm (see Fu et al. 2012 for details). The actual error budget of course is

much more complicated (due to other sources of errors, like the effects of surrounding

topography and wet tropospheric delay), but the goal of SWOT is to obtain vertical errors

less than 10 cm for water bodies with areas greater than 1 km2 (Rodrı́guez 2015).

Lee et al. (2010) in a study of Arctic lakes estimated that SWOT surface extent errors

should be less than about 5 % for lakes with surface areas greater than 1 km2 and less than

about 20 % for lakes with surface areas of 1 ha. Downing et al. (2006) estimated that there

are about 300 million lakes globally with surface area exceeding 0:001 km2, of which

99.87 % in number and 43 % in area have surface areas less than 1 km2. Verpoorter et al.

(2014) estimated about 117 million lakes with surface areas that exceed 0:002 km2, most of

which have areas between 0.1 and 1 km2. Both studies have important caveats, and there

remains considerable uncertainty as to the distribution of lakes at the global scale. Based

on Downing et al. (2006) and other estimates, Biancamaria et al. (2015) concluded that

SWOT should be able to see the dynamics of surface area and height for a total of about

65 % of global lake storage globally. The approximately 1/3 that will not be seen will

mostly be in small lakes and ponds with surface areas less than about 6 ha. One should

keep in mind that there are certain caveats, not all of which are considered in any but the

most recent studies. For instance, the ability to recover storage change in some lakes will

be compromised by layover effects, which essentially result from confounding of the

surface elevation retrieval with surrounding topography. This is mostly a potential problem

in topographically complex regions (e.g., mountains), and there are in fact some oppor-

tunities for mitigating this issue, at least for larger lakes. Furthermore, there are other

aspects of the SWOT error budget that continue to be studied and will likely affect the

above estimates.

The current generation of nadir altimeters, along with visible band instruments such as

MODIS with overpass intervals short enough to produce time series of surface extent, only

sees about 15 % of total lake surface and storage. Increasing this number to around 65 %

represents a huge improvement.
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5 Conclusions and Perspective

Up to now, high-resolution mapping of surface water extent from satellites has only been

available for a few regions, over limited time periods. The extension of the temporal and

spatial coverage of these maps was not possible, due to the lack of necessary satellite

observations (e.g., poor time sampling for the SAR), or to physical limitation of the remote

sensing technique (e.g., the interaction of the radiation with vegetation or cloud for visible

observations).

Satellite-derived maps of open water bodies at high spatial resolution are now emerging,

over long time series, with the systematic processing of a large volume of satellite data

[e.g., Pekel et al. (2015) with Landsat or Santoro and Wegmuller (2014) with the

ENVISAT SAR]. However, these estimates only cover open water bodies and exclude the

wetlands, despite their interest for a large range of environmental applications.

GIEMS provides the only global monthly surface water extent database, thoroughly

evaluated and available over a long period of time (15 years). Its extension in time up to

the present is underway. GIEMS comprises all surface waters, including open water,

wetlands, or rice paddies. Its original spatial resolution is �25 km, but downscaling

methodologies have been developed to provide the user community with down to 100-m

resolution estimates. Some methods involve the use of high-spatial-resolution satellite data

from visible/infrared observations or from SAR measurements, to train the downscaling

algorithms. Other methods require topography information from digital elevation models.

A first version of GIEMS at 500-m spatial resolution is available, based on this method-

ology (GIEMS-D15). Work is underway to produce a 90-m spatial resolution data base,

with a monthly mean temporal resolution.

The downscaling of GIEMS provides a global consistent reference dataset on water

surfaces, at high spatial resolution. It can complement the local independent current

estimates, with a reference that is suitable at large scale, for applications such as risk

management or pricing of insurance policies.

The advent of the SWOT mission will be transformational for the hydrology field, with

its capacity to delineate surface water extent (lakes, rivers, wetlands during seasons of

inundation, and reservoirs) and to estimate their water storage with an unprecedented

spatial resolution and accuracy.

To provide the scientific community with a very long time record of surface water

extent with a high spatial resolution and accuracy, the SWOT data, when available, can be

adopted to downscale GIEMS over a common period of observations. The downscaling

methodology trained on the SWOT dataset can then be applied back in time to produce a

long time series of water surfaces at global scale, with a high spatial resolution, and

consistent with the SWOT database. This will provide the hydrology and climate com-

munities with an exceptional database that will be continuously extended in time during the

SWOT lifetime.
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Abstract Throughout the past decade, the Gravity Recovery and Climate Experiment

(GRACE) has given an unprecedented view on global variations in terrestrial water stor-

age. While an increasing number of case studies have provided a rich overview on regional

analyses, a global assessment on the dominant features of GRACE variability is still

lacking. To address this, we survey key features of temporal variability in the GRACE

record by decomposing gridded time series of monthly equivalent water height into linear

trends, inter-annual, seasonal, and subseasonal (intra-annual) components. We provide an

overview of the relative importance and spatial distribution of these components globally.

A correlation analysis with precipitation and temperature reveals that both the inter-annual

and subseasonal anomalies are tightly related to fluctuations in the atmospheric forcing. As

a novelty, we show that for large regions of the world high-frequency anomalies in the

monthly GRACE signal, which have been partly interpreted as noise, can be statistically

reconstructed from daily precipitation once an adequate averaging filter is applied. This

filter integrates the temporally decaying contribution of precipitation to the storage changes

in any given month, including earlier precipitation. Finally, we also survey extreme dry

anomalies in the GRACE record and relate them to documented drought events. This

global assessment sets regional studies in a broader context and reveals phenomena that

had not been documented so far.
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1 Introduction

Land water resources are essential for human society and are affected by climate variability

and human water use (Jiménez Cisneros et al. 2014). It is thus important to monitor

changes in land water storage, as well as the underlying processes leading to their varia-

tions in space and time. The Gravity Recovery and Climate Experiment (GRACE),

launched in 2002, constitutes an essential tool for such analyses, as was demonstrated in a

wealth of studies (Tapley et al. 2004a; Wahr et al. 2004; Rodell et al. 2004; Andersen et al.

2005; Velicogna and Wahr 2006; Güntner et al. 2007a; Ramillien et al. 2008; Zaitchik

et al. 2008; Rodell et al. 2009; Chen et al. 2010a; Houborg et al. 2012; Sasgen et al. 2012;

Gardner et al. 2013; Wouters et al. 2014; Reager et al. 2014; Famiglietti 2014; Chen et al.

2015; Wahr 2015). After more than a decade of observations, the GRACE mission has

resulted in an unprecedented view on global water storage variability, with a great diversity

in terms of temporal scales, ranging from long-term trends to short-lived deviations from

the seasonal cycle. These different scales of temporal variability often constitute a common

denominator between GRACE studies, either implicitly—as when the discussion focuses

on specific aspects like the seasonal cycle, trends or extremes—or explicitly—as when

water storage time series are decomposed into subseries. Since the earliest GRACE studies,

it has been, for instance, very common to refer to the phasing and amplitude of the seasonal

cycle when comparing GRACE terrestrial water storage with other datasets such as model

simulations (e.g., Tapley et al. 2004b; Wahr et al. 2004). As the temporal coverage of the

GRACE record extended, more comprehensive studies also identified secular trends and

inter-annual anomalies by separating the GRACE signal into long-term trends, periodical

components and residual noise (Ramillien et al. 2005; Schmidt et al. 2008b; Steffen et al.

2009). However, there is still no global overview on the relative magnitude and distribution

of these features of temporal variability. In addition, while certain of these features (e.g.,

seasonal cycles and trends) are relatively well described, others (e.g., high-frequency

residuals and extremes) have typically attracted much less attention so far and remain more

difficult to interpret.

From a global perspective, terrestrial water storage anomalies derived from GRACE are

dominated by a seasonal signal in most parts of the world. Consequently, the earliest

studies comparing GRACE with hydrological models have primarily focused on the sea-

sonal component. Most often, the seasonal cycle in GRACE was shown to compare rel-

atively well with model simulations, both with respect to the signal’s amplitude and phase

(Wahr et al. 2004; Swenson and Milly 2006; Syed et al. 2008; Schmidt et al. 2008b; Döll

et al. 2014a). Reviews (Ramillien et al. 2008; Güntner 2008; Schmidt et al. 2008a) showed

that seasonal disagreement between GRACE and model data was usually attributed to

deficiencies in the modelling of water storage compartments and to errors in the precipi-

tation forcing, but also to signal leakage and inaccuracies of the GRACE data. Multiple

studies have shown that long-term variability in the GRACE record over land can be

related to long-term trends in groundwater (Rodell et al. 2009; Voss et al. 2013; Döll et al.

2014b; Chen et al. 2015; Richey et al. 2015a, b) and surface water (Swenson and Wahr

2009; Singh et al. 2012), teleconnections (Phillips et al. 2012) and mass variations in the

cryosphere (Sasgen et al. 2012; Velicogna and Wahr 2013). The hydrological signal

extracted from GRACE can also be contaminated by glacial isostatic adjustment (Wu et al.

2010) and crustal deformations caused by major earthquakes (Han et al. 2006, 2011, 2013).

While the seasonal cycle, long-term anomalies and secular trends are arguably well doc-

umented, fewer studies have focused on subseasonal variability and extreme events at a
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global scale. So far only case studies have shown that major drought and flood events can

be observed in the GRACE record (e.g., Andersen et al. 2005; Seitz et al. 2008; Frappart

et al. 2012; Long et al. 2013; Abelen et al. 2015). Only recently, the potential of GRACE

for monitoring drought conditions (Houborg et al. 2012; Thomas et al. 2014) and pre-

dicting flood potential (Reager et al. 2014) was investigated globally. However, large

challenges remain since month-to-month variability in GRACE is highly contaminated

with outliers, measurement errors and uncertainties arising from data processing (Bonin

et al. 2012).

The overarching goal of this study is to provide a global and comprehensive survey of

the dominant features of temporal variability in terrestrial water storage observed from

GRACE. Our approach is to decompose the total signal at each grid point into (1) linear

trends, (2) inter-annual variability, (3) seasonal cycle and (4) subseasonal variability. We

first assess the contribution of each component to the total signal at the global scale

(Sect. 4.1). In Sect. 4.2, the magnitude and significance of the linear trends are discussed in

the context of previous regional studies. Subsequently, the decomposed subseries of ter-

restrial water storage are compared with decomposed precipitation and temperature fields.

Starting with the inter-annual anomalies, regions of high correlation between GRACE and

these atmospheric drivers are identified (Sect. 4.3). Section 4.4 provides global maps of the

maximum and minimum seasonal water storage and identifies phase shifts with respect to

the seasonal cycles of both precipitation and temperature (Sect. 4.4). In Sect. 4.5, we focus

on the subseasonal residuals and show that a careful averaging of the daily atmospheric

data to the monthly resolution reveals excellent correlations with the high-frequency

component of the GRACE signal. Finally, we use the decomposition approach to identify

and analyse drought events in the GRACE record (Sect. 4.6).

2 Data

2.1 GRACE Data

Monthly grids of terrestrial water storage anomalies used in this study are based on the

spherical harmonic coefficients (Release 05) provided by the Center for Space Research

(CSR), the Jet Propulsion Laboratory (JPL) and the GeoForschungsZentrum Potsdam

(GFZ) for the period April 2002–August 2015. For more information on the GRACE

mission, the gravity recovery process and the derivation of water storage anomalies from

the spherical harmonic coefficients, we refer the reader to the reviews from Wouters et al.

(2014) or Wahr (2015) and the references therein. The gridded product used in this study is

the GRACE Tellus dataset (available at http://grace.jpl.nasa.gov). This dataset provides

mass grids in units of equivalent water height for the three different sets of harmonic

coefficients mentioned above, at a temporal resolution of approximately 1 month and with

a grid resolution of 1�. It is worth noting that although 1� (or even finer) grids are

commonly used in global analyses of terrestrial water storage anomalies, this does not

reflect the actual spatial resolution of the GRACE measurements. Due to the truncation of

spherical harmonics, the effective spatial resolution is by construction limited to a few

hundreds of kilometres (Landerer and Swenson 2012). Additionally, postprocessing filters

that are used to reduce spatially correlated errors further degrade the spatial resolution of

the GRACE signal (Swenson and Wahr 2006; Duan et al. 2009; Longuevergne et al. 2010;

Frappart et al. 2011b; Wouters et al. 2014). This causes spatial autocorrelation in the
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gridded dataset, as can be seen in Fig. 1, which also provides a general overview of the

regions where hydrological variability, as detected by GRACE, has the largest magnitude.

At the time of writing, the GRACE Tellus product is obtained through the following

processing: the degree one harmonic coefficients (Earth’s geocenter) are estimated from

Swenson et al. (2008), the coefficients of degree-order 2–0 (related to Earth oblateness) are

replaced with more reliable solutions from Satellite Laser Ranging (Cheng et al. 2011) and

correction for glacial isostatic adjustment is applied following Geruo et al. (2013). A

known issue is that GRACE maps are heavily contaminated with correlated noise; hence,

several spatial filtering techniques have been proposed that aim at restoring the geophysical

signal (Kusche 2007; Ramillien et al. 2008; Werth et al. 2009; Frappart and Ramillien

2012). In the Tellus product, the destriping filter of Swenson and Wahr (2006) is applied to

correct for North–South oriented stripes in GRACE maps and a 300 km Gaussian filter is

additionally applied to the data to reduce residual noise. Finally, it is worth mentioning that

GRACE time series are not evenly spaced in time. GRACE ‘‘months’’ most often do not

correspond to calendar months due to instrument issues and solutions for several months

can be missing, in particular after 2011. Instead, GRACE months represent approximately

1 month long periods with varying numbers of days.

Sources of errors in GRACE include measurement errors, aliasing errors originating

from the inaccurate correction of atmospheric and oceanic mass redistribution, and spatial

leakage (Seo et al. 2006). Spatial leakage is caused both by the truncation of spherical

harmonics and the postprocessing filters applied to the data (Chen et al. 2007a; Landerer

and Swenson 2012). Since there are no other large-scale observations of terrestrial water

storage that could be used as ground truth, estimating errors and confidence intervals for

GRACE data is a major challenge (Güntner 2008). One possibility to reduce uncertainty in

the GRACE data is to use the ensemble mean of the solutions obtained by different

processing centres (Werth et al. 2009; Sakumura et al. 2014). In this study, we use the

mean of the three solutions from CSR, JPL and GFZ provided in the GRACE Tellus

dataset.

In order to correct for the amplitude attenuation caused by the postprocessing filters

applied to the GRACE data, the Tellus dataset also provides the scaling factors proposed

0 100 15050 200 250 300
Equivalent Water Height 
Standard Deviation [mm] 

April 2002 - August 2015 

Fig. 1 Standard deviation of equivalent water height from the ensemble mean of GRACE Tellus CSR, JPL
and GFZ solutions (mm)
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by Landerer and Swenson (2012). These scaling factors are derived by first applying the

complete GRACE processing to modelled estimates of terrestrial water storage and sub-

sequently comparing the agreement between the original and processed model data. A

disadvantage of these scaling factors is that they can depend on the hydrological model

used as a reference, especially in semi-arid and arid regions as well as over irrigated areas

(Long et al. 2015). Long et al. (2015) also mention that scaling factors found in some

regions should be interpreted carefully. For these reasons, scaling factors were not applied

to the GRACE data in this study.

2.2 Filtered Grids of Atmospheric Reanalysis

The atmospheric reanalysis ERA-Interim, from the European Centre for Medium-Range

Weather Forecasts (ECMWF), is used to derive daily fields of mean 2 m air temperature

and precipitation totals (Dee et al. 2011; available at http://apps.ecmwf.int/datasets/data/

interim-full-daily/). This dataset is obtained at a 0.25� resolution and averaged to the 1�
resolution of the GRACE Tellus dataset. However, the effective spatial resolution of the

hydrological signal observed in GRACE is still coarser than 1�, due to the resolution of the

GRACE measurements (see Sect. 2.1). For the Tellus product, this effective spatial res-

olution is approximately 300 km (3� at the equator). In order to make the atmospheric data

comparable with GRACE, we apply a 300 km Gaussian filter to the atmospheric grids.

Without this filter, the atmospheric fields would show much more detailed patterns than the

GRACE data. It is important to note that when GRACE solutions are compared with

modelled estimates of terrestrial water storage, a common practice is to apply the whole

GRACE processing to the model data, including an expansion of the modelled mass

distribution into spherical harmonics and the subsequent postprocessing (e.g., Wahr et al.

2004; Schmidt et al. 2006; Swenson and Milly 2006; Syed et al. 2008). However, this latter

approach cannot be applied to global fields of temperature and precipitation, which is why

we only apply a Gaussian filter. We also note that the correlations between GRACE and

filtered atmospheric fields are expected to increase as a consequence of this filtering. This

effect has already been documented in a similar setting by Abelen and Seitz (2013) when

comparing GRACE results with both modelled and remotely sensed soil moisture.

3 Methods

3.1 Signal Decomposition

3.1.1 Background and Previous Approaches

Decomposition of the GRACE hydrological signal is common practice in the recent lit-

erature, and different methods have been used to address different objectives. One pos-

sibility is to aim at isolating the contribution of specific water storage compartments such

as groundwater, soil moisture or snow mass to the total GRACE signal. This leads to

highly underdetermined inversion problems of blind signal separation and gives rise to

non-unique solutions as the contributing geophysical signals are most often not statistically

independent. To account for this, inversion methods have been proposed that can use

higher-order statistical information derived from model data to decompose the total signal

(Ramillien et al. 2004, 2005; Frappart et al. 2006; Schmeer et al. 2012). Assimilation of
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GRACE data into a land surface scheme could also be seen as another approach relating

GRACE variability to water storage compartments that are already partitioned in a model

structure (Zaitchik et al. 2008; Eicker et al. 2014). In groundwater studies, a common

strategy is to directly subtract model estimates of snow storage, soil moisture and surface

water from the total GRACE signal and use the remainder as an estimate of groundwater

changes (Rodell and Famiglietti 2002; Rodell et al. 2007, 2009; Chen et al. 2015). Another

decomposition approach is based on extracting the dominant spatio-temporal patterns of

long-term trends and periodic GRACE signals by means of dimensionality reduction

methods. This has been done, for instance, with principal component analysis (Schrama

et al. 2007; Rangelova et al. 2007; Schmidt et al. 2008b), independent component analysis

(Forootan and Kusche 2012; Frappart et al. 2011b) or multichannel singular spectrum

analysis (Rangelova et al. 2010). A last option is based on extracting temporal components

(i.e. at each grid cell) using time series decomposition techniques. This approach has been

used to assess the properties and the relative importance of the resulting features of

temporal variability (Barletta et al. 2012; Frappart et al. 2013). Occasionally, the employed

decomposition also assumes that the data follows a predefined pattern, as, for instance,

when the seasonal cycle is represented by fitted harmonic functions (Steffen et al. 2009). In

this paper, we aim at a temporal decomposition of the time series, making as few

assumptions as possible and accounting for the irregular spacing of the GRACE ‘‘months’’.

This additive decomposition is summarized in Eq. 1, where the original signal (Xtot) is

represented as the sum of a long-term component (Xlong), a seasonal cycle (Xseas) and the

remaining subseasonal residuals (Xsub). These high-frequency residuals are expected to be

a combination of both a real signal representing subseasonal water storage variability and

the noise that is present in the GRACE data. The long-term component (Xlong) is further

divided into linear trends (Xlin) and the anomalies with respect to this linear trend, being

here referred to as inter-annual variability (Xinter).

Xtot ¼ Xlong
|ffl{zffl}

XlinþXinter

þXseas þ Xsub ð1Þ

3.1.2 Seasonal Trend Decomposition Using Loess (STL)

The Seasonal Trend Decomposition using Loess procedure (STL) introduced by Cleveland

et al. (1990) is a robust decomposition method that is used to extract the mean seasonal

cycle and to separate the remaining deseasonalized signal into a low- and a high-frequency

component, where the low-frequency component should contain only periodicities larger

than 12 months. This procedure was already used with GRACE data by Baur (2012) and

Hassan and Jin (2014) as a method to derive the long-term component, in Bergmann et al.

(2012) to robustly deseasonalize GRACE time series, and in Frappart et al. (2013) to

compare terrestrial water storage with monthly rainfall time series in the Amazon basin. It

has also been successfully applied, for instance, in a hydro-climatological setting (Gud-

mundsson et al. 2011) or to extract temperature trends (Dufresne et al. 2013). The STL

procedure is based on locally weighted smoothing of the deseasonalized time series in

which the smoothing parameters are analytically optimized to minimize spectral leakage

between the high- and the low-frequency components. We introduce here an adaptation of

the original algorithm allowing us to apply this method to unevenly spaced time series,

accounting for the irregular temporal spacing of the GRACE data. The STL procedure

consists of passes of different smoothing filters and includes the calculation of robustness
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weights in order to account for the possible influence of outliers in the time series. A

detailed description of the modified algorithm is presented in Appendix 1.

The STL procedure decomposes the time series into the three components: Xseas, Xsub

and Xlong (Eq. 1). The latter component Xlong is the long-term (or low-frequency) com-

ponent of the time series and is further decomposed into the components Xlin and Xinter

(Eq. 1). The linear trend Xlin is first estimated from the long-term component (Xlong) using

the Theil–Sen estimator (Sen 1968), and Xinter is computed as the deviation from this linear

trend (Xinter = Xlong - Xlin). Compared to classical linear regression, using the Theil–Sen

slope provides an estimate of the trend that is more robust and less sensitive to large

anomalies occurring near the beginning or the end of the time series. This procedure is

applied to each grid cell of both the monthly GRACE data and the daily atmospheric

forcing so that we obtain decomposed time series for each of these datasets. In Fig. 2, we

illustrate how the presented approach decomposes the GRACE signal into the different

subcomponents for the case of a specific grid cell located in California.

3.2 Monthly Averaging of the Daily Decomposed Forcing Time Series

The decomposed daily atmospheric forcing data need to be averaged to monthly values in

order to enable a comparison with the GRACE time series. The common approach for this

is to use the monthly arithmetic mean (e.g., Frappart et al. 2013; Forootan et al. 2014a;

Ahmed et al. 2014). As a reference method, we use the arithmetic mean of the days exactly

covered by each GRACE monthly solution. We thus obtain monthly series for each

component of the atmospheric daily series. In addition, we present hereafter a more

sophisticated averaging method that accounts for storage processes that specifically

influence the high-frequency component (Xsub).

3.2.1 Limitations of the Arithmetic Mean for the Comparison of High-Frequency
Anomalies

When comparing averaged time series of water storage with precipitation, some systematic

errors are introduced simply because of the arbitrarily chosen averaging intervals (e.g.,

monthly intervals in the present case). As water storage is a state and precipitation a flux
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Fig. 2 Example of signal decomposition (see Eq. 1) at a grid cell located in California
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variable, temporal averages can at times cause a mismatch of the two monthly time series,

especially in the case of high-frequency anomalies. A typical example is when a very large

precipitation event occurs just at the end of a given month: this extreme event will have a

large effect on the precipitation average of the given month but its influence on water

storage will be most relevant for the subsequent months. Such artefacts are often falsely

attributed to observational errors. In order to address this issue, we propose an alternative

to the arithmetic mean that takes the effect of earlier precipitation into account.

3.2.2 Comparing Flux and State Variables at Different Temporal Resolutions

Hereafter, precipitation anomalies correspond to a time-dependent flux variable, denoted

f tð Þ where t ¼ t1; . . .; ti; . . .; tnf g is an evenly spaced time vector of length n, with units of

days. Similarly, daily water storage anomalies correspond to a time-dependent state

variable denoted s tð Þ. In our case, the state variable s tð Þ is not observed at the daily time

scale; however, the GRACE product provides average values of s tð Þ for arbitrary time

intervals which approximately correspond to a month. We define this new averaged time

series as s� t�ð Þ, where t� ¼ t�1; . . .; t
�
j ; . . .; t

�
m

n o

is an unevenly spaced time vector of length

m corresponding to the GRACE ‘‘months’’. The relation between s tð Þ and s� t�ð Þ can be

represented by the arithmetic mean (see Fig. 3 for a schematic illustration of the presented

relations):

s� t�j

� �

¼ 1

nj

X

ti2 aj;bj½ �
s tið Þ ð2Þ

where aj and bj correspond to the edges of the jth time interval (e.g., of the jth GRACE

month) and nj is the number of days falling within this interval (nj ¼ bj � aj).

Our main concern is now to determine the relation between f tð Þ and f � t�ð Þ. As men-

tioned above, a common approach is to compute the mean of the daily values over the

given time intervals. Analogously to Eq. 2, this simply corresponds to:

f � t�j

� �

¼ 1

nj

X

ti2 aj;bj½ �
f tið Þ ð3Þ

Here, we suggest the use of a weighted mean of f tð Þ as an alternative approach:

: Daily forcing

: Monthly forcing

: Daily TWS

: Monthly TWS

Eq. 2 Eq. 3 or 4

... ...

Fig. 3 Schematic representation of the correspondence between daily time series and the irregular—quasi-
monthly—temporal resolution of the GRACE time series. For daily time steps, t ¼ t1; . . .; ti; . . .; tnf g going

from the 1st to the nth day. For quasi-monthly time steps, t� ¼ t�1; . . .; t
�
j ; . . .; t

�
m

n o

going from the 1st to the

mth month, aj and bj denoting the first and last days of a given month
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f � t�j

� �

¼
X
n

i¼1

Ŵ t�j ; ti

� �

� f tið Þ ð4Þ

where the normalized weights Ŵ t�j ; ti

� �

, which will be defined in the next section, depend

both on t�j and ti and have the property that:

X
n

i¼1

Ŵ t�j ; ti

� �

¼ 1 ð5Þ

3.2.3 Weights Based on Integrated Exponential Decay Functions

A simple way to represent the effect of a short-term precipitation anomaly (e.g., a daily

precipitation event) on the subsequent state of water storage is the exponential decay

function. This is equivalent to assuming linear storage components (bucket models), which

is common practice in conceptual hydrological modelling (Beven 2012). Here, we assume

that the influence of a flux anomaly (e.g., a precipitation event) on the state variable (e.g.,

water storage) will decrease exponentially with time. Formally, we define w t; tið Þ as the

influence of a given flux anomaly f tið Þ observed at time ti on the subsequent values of the

state variable s tð Þ at time t[ ti.

w t; tið Þ ¼ 0; if t\ti
e�

1
s t�tið Þ; if t� ti

�

ð6Þ

where s is a free parameter controlling the rate of exponential decay and is expressed in

units of time (e.g., in days). The influence of the given flux anomaly f tið Þ on the earlier

values of the state variable (i.e. when t\ti) is of course zero.

However, w t; tið Þ only represents the influence of f tið Þ on the subsequent daily values of

s tð Þ, but we are in fact interested in the influence of f tið Þ on the values of s� t�ð Þ—the

monthly values. For a given t�j , summing w t; tið Þ over the corresponding time interval

t 2 aj; bj
� �

yields:

W t�j ; ti

� �

¼
X

t2 aj;bj½ �
w t; tið Þ ð7Þ

For illustrative purposes, this summation is shown in Fig. 4. The two examples cor-

respond to the case of a flux anomaly f tið Þ occurring either before (Fig. 4a) or during

(Fig. 4b) the given time interval aj; bj
� �

. The last step is to ensure that the property set by

Eq. 5 is fulfilled by normalizing the weights (Eq. 8):

Ŵ t�j ; ti
� �

¼
W t�j ; ti

� �

Pn
i¼1 W t�j ; ti

� � ð8Þ

When this is done with a fixed t�j and for all values of ti, we obtain the averaging filter

illustrated in Fig. 5 for different values of s—the free parameter controlling the rate of the

exponential decay. From this figure, we see that weights are assigned to flux anomalies

including to those occurring before the time interval t�j . Additionally, we provide a more
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practical formulation of this weighting function obtained after integrating and normalizing

Eq. 6 analytically (Appendix 2):

Ŵ t�j ; ti

� �

¼

e
1
s ti�að Þ � e

1
s ti�bð Þ

b� a
if a� ti

1� e
1
s ti�bð Þ

b� a
if a\ti � b

0 if b\ti

:

8

>
>
>
>
>
<

>
>
>
>
>
:

ð9Þ

3.2.4 Shape and Properties of the Weighting Function

The parameter s controls the rate of exponential decay and will hereafter be referred to as

the decay time scale of the weighting function. Inverting Eq. 6 for s shows that s corre-

sponds to the number of time steps (e.g., days) after which the influence of a given flux

anomaly f tið Þ will have reduced to 1/e & 37 % of its initial influence at time ti.

An interesting property is that when s tends to small values (see Fig. 5 for s = 1),

Ŵ t�j ; ti

� �

converges very quickly to a weighting function that is almost equivalent to the

arithmetic mean performed over the interval aj; bj
� �

(i.e. Eq. 3). Small values of s

GRACE
month

GRACE
month

(a)

(b)

Fig. 4 Illustration of Eqs. 6
(red) and 7 (blue). The red curve
depicts the exponentially
decaying influence of a given
daily flux anomaly (precipitation)
occurring at time ti on the state
variable (water storage) at
subsequent time steps. The
summation of this influence over
the interval covered by a given
GRACE month corresponds to
the relative weight (blue area)
assigned to the flux at time ti. See
the text for a description of the
different symbols
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correspond to small decay time scales, indicating that a single flux anomaly will not have a

prolonged effect on the state variable. A hydrological interpretation of this feature suggests

a short mean residence time of the water store. Inversely, large values of s imply longer

residence times and, therefore, more weight is given to anomalies occurring before the time

interval of interest. In such a case, it is interesting to note that anomalies occurring near the

end of the given time interval are assigned small weights. Hence, the difference between

the presented weighting scheme and an arithmetic mean becomes more important for larger

s. Since the value of s at each grid cell is unknown in our application, it needs to be

estimated from the data. Here, we optimize the agreement between the monthly averaged

subseasonal forcing (i.e. Xsub of f tð Þ) and the subseasonal monthly GRACE (i.e. Xsub of

s� t�ð Þ) by maximizing the squared product–moment correlation coefficient. In the pre-

sented study, this weighting function is used for the analysis of the subseasonal component

only (Sect. 4.5).

3.3 Significance Testing and Correlation Analysis

3.3.1 Linear Trends

A common nonparametric test for detecting monotonic trends in hydro-meteorological

time series is the Mann–Kendall rank-based test. However, serial correlation (autocorre-

lation) in time series has been shown to heavily influence the power of this test (Yue et al.

2002), and several methods have been proposed to address this issue (Hamed and Rao

1998; Yue and Wang 2004; Hamed 2009). Here, we use the modified Mann–Kendall trend

test described by Yue and Wang (2004) on deseasonalized GRACE time series

(Xtot - Xseas). In this test, the autocorrelation estimated from the deseasonalized and

detrended time series is used to compute an effective sample size, which is then used to

correct the Mann–Kendall statistic. In addition, as the trend test is performed locally (i.e.

at each grid cell) and due to the high spatial autocorrelation of the GRACE data, there is

an increased probability that the null hypothesis is falsely rejected (Wilks 2011). Hence,

we additionally control this false discovery rate (FDR) using the approach described by

Benjamini and Hochberg (1995), which has shown good performance when applied to

climate data (Ventura et al. 2004; Wilks 2006; Gudmundsson and Seneviratne 2015). The
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τ = 10 days
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Fig. 5 Illustration of the shape
of the weighting function (Eq. 9)
for different values of the decay
time scale s. The y-axis
corresponds to the normalized

weight (Ŵ) that is applied to the
daily flux time series when it is
averaged to the approximately
monthly GRACE resolution
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trends are considered statistically significant when the p value falls below a critical value

(p\ 0.01).

3.3.2 Inter-Annual Anomalies

Regarding the inter-annual anomalies (Xinter), the degree of linear association between

GRACE and the atmospheric forcing is quantified with the product–moment correlation

coefficient. As the inter-annual anomalies correspond to the low-frequency component of

the GRACE signal, they exhibit important serial correlation, which prevents the use of

conventional hypothesis testing techniques (e.g., t test). Here, we use moving block

bootstrapping in order to estimate the null distribution of the correlation coefficient at each

grid point (Mudelsee 2014). Although there is no standard recommendation on the

selection of an optimal block length, a good starting point is to use a block length larger

than the decorrelation time (i.e. the number of time steps after which the serial correlation

is not significant anymore). Based on this criterion, we find that a block length of

20 months is sufficient for our application. We perform 10,000 bootstrap replications at

each grid point and estimate the 95 % confidence intervals from this null distribution. A

correlation coefficient is declared significant when it does not belong to the range of the

local confidence interval.

3.3.3 Seasonal Cycle

Previous studies have shown that there is often a temporal lag between the seasonal cycle of

precipitation and terrestrial water storage (e.g., Papa et al. 2008; Ahmed et al. 2011; Frappart

et al. 2013). It is also known that water storage and surface temperature are related through

evapotranspiration and snow melt; however, differences in the phasing of GRACE versus

these atmospheric variables were, to our knowledge, never surveyed at a global scale. We

define the phase shift as the lag (in months) minimizing the residual sum of squares between

the standardized seasonal cycles of both GRACE and the atmospheric forcing. When these

paired seasonal cycles strongly differ in shape, this procedure can sometimes lead to

meaningless lag values. A t-test of the Pearson product–moment correlation between the

time–lagged seasonal cycles is used to filter out these potentially misleading values

(p\ 0.01). We additionally control the FDR following Benjamini and Hochberg (1995).

3.3.4 Subseasonal Residuals

Similarly as for the inter-annual anomalies, the product–moment correlation coefficient is

used to quantify the degree of linear association between GRACE and the atmospheric

forcing data. The subseasonal residuals (Xsub) correspond to the high-frequency component

and are thus the least affected by serial correlation. However, we found that these time

series still contain minor but significant serial correlation (not shown). For consistency, we

thus use an identical significance testing setting as for the inter-annual anomalies (i.e. a

moving block bootstrapping).

3.4 Identifying Droughts in the GRACE Record

Here we investigate the average storage deficit during drought events identified using an

approach based on Thomas et al. (2014). This approach defines 1) storage deficit as a
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negative departure (in mm) from the seasonal cycle and 2) drought duration as the number

of months with continuous deficits. The average storage deficit simply corresponds to the

arithmetic mean of the storage deficit observed during a given drought event and is used as

a measure of average drought intensity. Here two differences compared to Thomas et al.

(2014) are introduced.

First, we remove the linear trends from the time series prior to drought identification.

The reason is that strong linear trends can result in one end of the time series being

systematically above/below the seasonal cycle. In such a case, the proposed method would

have a tendency to underestimate/overestimate the magnitude of dry events. Hence for the

purpose of this study, linear trends are removed prior to the analysis and potential decadal

drying trends are discussed in a separate section. Our analysis is thus based on the sum of

the inter-annual and subseasonal components only (Xinter ? Xsub, also see Fig. 2). Occa-

sionally, drought events occurring at the end or the beginning of the time series can be

large enough to influence the trend estimate itself, even when using the Theil–Senn slope

to reduce this effect. Hence, it is important to note that, in some cases, removing the linear

trends may cause an underestimation of the drought intensity.

Second, the minimum duration for considering a drought event is defined as a period of

three consecutive months with water storage deficit. Unlike Thomas et al. (2014), we apply

this criterion only to the inter-annual component Xinter (see Fig. 2) and not to the sum of the

inter-annual and subseasonal components (Xinter ? Xsub). The reason is that, compared to

the basin-scale assessment of Thomas et al. (2014), subseasonal variability (Xsub) is larger

at the grid level and including it would otherwise considerably reduce the probability of

observing long periods with consecutive deficits.

4 Global Hydrological Variability in the GRACE Data

4.1 Distribution of GRACE Variance Among Temporal Components

The relative magnitude of the three components extracted from the STL procedure (Xlong,

Xseas and Xsub) can be evaluated by comparing each component’s variance to that of the

total signal. As shown in Fig. 6, the relative magnitude of each of the different components

Fig. 6 Distribution of the total GRACE variance among the long-term (green), seasonal (blue) and
subseasonal (red) components, expressed in per cent of the total variance, indicating the dominant modes of
temporal variability in terrestrial water storage for different regions
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is subject to high spatial variability across the world. To ease the interpretation, Fig. 6 can

also be compared to the standard deviation of the total signal in Fig. 1. As already iden-

tified in early studies (Wahr et al. 2004), the seasonal cycle is dominant in many tropical

regions like the Amazon basin, Central Africa and India. A notable exception is the Indo-

Australian archipelago where the GRACE signal is heavily perturbed by signal leakage

from the ocean as well as gravity anomalies consecutive to the 2004 Sumatra earthquake.

The seasonal cycle is also dominant at higher latitudes, particularly in Siberia and in north-

western America, although these regions do not have the largest variance in absolute terms.

Subseasonal variability (Xsub) is dominant in regions where the GRACE signal has

already a relatively low variance (Fig. 1) and is most likely dominated by noise such as in

the Sahara desert. Although we do not further investigate this matter, it is interesting to

note that Arctic coastal regions such as the coasts of Northeast Siberia and Canada seem to

be mostly affected by subseasonal variability.

We also observe that many regions of the world are dominated by inter-annual vari-

ability (Xlong). The signal found in Greenland and Antarctica, parts of Alaska and the

Hudson Bay is the result of the interplay between ice mass loss, other water storage

changes and glacial isostatic adjustment. As a result, these regions require a specific

treatment before conclusions can be drawn concerning the dominant features of hydro-

logical variability (Velicogna et al. 2014). Other regions particularly dominated by long-

term variability include the south-western Central USA as well as the Middle East, some of

which are already documented in the literature as being influenced by decadal droughts and

long-term trends in groundwater storage (Long et al. 2013; Voss et al. 2013; Forootan et al.

2014b). Other interesting features include the Lake Victoria and the Aral Sea where long-

term surface water variations can be related to both human activities and climate variability

(Swenson and Wahr 2009; Singh et al. 2012). Finally, some regions in the southern

hemisphere like Australia and Argentina were also shown to exhibit an important inter-

annual variability that can be related to the El-Niño Southern Oscillation (ENSO) (Garcı́a-

Garcı́a et al. 2011; Abelen et al. 2015).

4.2 Linear Trends

In this section, we will assess in further detail the relative importance of linear trends (Xlin)

versus nonlinear inter-annual variability (Xinter) by looking at the magnitude of each of

these two components in the long-term variability (Xlong):

Rlin=long ¼
r2lin
r2long

¼ 1� r2inter
r2long

ð10Þ

This formulation is also equivalent to the coefficient of determination of the linear trend as

estimated by the Theil–Sen slope with respect to the long-term component. The colour

scale in Fig. 7a represents the ratio of the linear trend variance to that of the whole long-

term component (Eq. 10) and shows how the long-term component (Xlong) variance is

partitioned between linear (Xlin) and nonlinear trends (Xinter). The sign, magnitude and

significance (p\ 0.01) of the linear trends are shown in Fig. 7b. Note the truncated colour

scale for negative trends beyond -30 mm/year.

We observe that the long-term variability in large areas of Greenland and Antarctica is

dominated by a linear trend. This can be related to ice mass loss once glacial isostatic

adjustment has been accounted for (Ramillien et al. 2006; Velicogna and Wahr 2006; Chen

et al. 2006b; Wouters et al. 2008; Velicogna 2009; Velicogna and Wahr 2013). Examples
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of other regions of the cryosphere concerned with documented linear trends include

Alaskan mountain glacier melting (Chen et al. 2006a; Arendt et al. 2013; Larsen et al.

2015) and icefield melting in Patagonia (Chen et al. 2007b; Ivins et al. 2011). Strong linear

trends located close to the Hudson Bay have been related to glacial isostatic adjustment

(Tamisiea et al. 2007), and recent studies focusing on Arctic regions showed that both

isostatic and hydrological trends contribute to the observed signals (Frappart et al. 2011a;

Wang et al. 2013).

Many pronounced negative trends can also be observed in other regions of the world.

One of the most recognized drying trends occurs in north-west India and is related to

groundwater depletion (Rodell et al. 2009; Chen et al. 2014). Most of the long-term signal

(a)

(b)

100%25% 50% 75%0%

+30+20+100-20-30 -10
mm/year

Linear trends 

Partition of the long-term component (Xlong) into 
linear trends (Xlin) and inter-annual variability (Xinter) 

linearnon-linear

Fig. 7 a Fraction of the long-term variability that corresponds to a linear trend, expressed in per cent of the
long-term variance. Large values (yellow) indicate that most of the long-term variability corresponds to a
linear trend. Small values (blue) indicate that (non-linear) inter-annual variability is dominating. Stippling
indicates regions where the long-term variability represents less than 20 % of the total GRACE variance
(see also Fig. 6). b Magnitude of linear trends in the GRACE signal (expressed in mm/year). Stippling
indicates regions with non-significant trends (p\ 0.01). Note that the colour scale is truncated for negative
trends beyond -30 mm/year
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that is dominating GRACE variability over the Middle East, the Caspian Sea and the Aral

Sea can be attributed to a drying trend partly due to anthropogenic water abstraction (Singh

et al. 2012; Voss et al. 2013; Joodaki et al. 2014; Forootan et al. 2014a). On the contrary,

the region of Lake Victoria is dominated by nonlinear variations in the long-term com-

ponent, which have been related to hydropower dam operations, precipitation anomalies

and ENSO (Awange et al. 2008; Swenson and Wahr 2009; Becker et al. 2010; Hassan and

Jin 2014). Another important drying trend can be found in Argentina, especially in the

southern part of the La Plata basin (Chen et al. 2010b; Abelen et al. 2015). Finally, the

drying trend documented by Crowley et al. (2006) in the Congo river basin for the period

2002–2006 is found to be insignificant based on the current analysis.

The significance analysis also identified regions with trends which have not been

identified yet or have only drawn little attention so far. For instance, the extended drying

trends located to the North of both the Black Sea and the Caspian Sea could be potentially

investigated in more detail. Interestingly, small but statistically significant drying trends

(-3 mm/year) can also be found over large portions of the Sahara desert. So far, little

attention has been devoted to GRACE variability in this region as most of the signal is

contaminated by noise. Nevertheless, these drying trends have been partly documented

(Ahmed et al. 2014; Ramillien et al. 2014) and to some extent attributed to groundwater

extraction from fossil aquifers in the Sahara region.

Significant positive trends can also be found in southern Africa, near the Upper Zambezi

and Okavango river basins as well as in the Sahel and the Niger basin, and these trends

have already been well documented (Ramillien et al. 2014). In a comparison with rainfall

observations from different sources, Ahmed et al. (2014) have found that the increasing

trend in the Niger basin could be related to an increase in precipitation; however, this was

not the case for the Upper Zambezi and the Okavango basins. Although Ahmed et al.

(2014) suggest that this could be due to longer residence times in these watersheds, we feel

that more investigation is still required to explain the very strong positive trend in this

region. A positive trend is also found in the Amazon basin and has been described, for

instance, in Chen et al. (2010a) and could, to a certain extent, be related to precipitation

anomalies based on an analysis of the period 2003–2008 by Xavier et al. (2010).

The linear trends derived over north-western China raise some concerns with respect to

a possibly spurious origin. The alternating bipolar patterns of positive and negative trends,

oriented along the meridian 100�E, could be due to some accidental disturbance originating

in the processing of the GRACE data. A very similar pattern could already be found in

Fig. 8 of Frappart et al. (2011b), which compared trends derived after different postpro-

cessing methods for the period 2003–2008. It is possible that these trends found over China

are specific to the destriping algorithm of Swenson and Wahr (2006) since they are not

reproduced by the other postprocessing methods investigated by Frappart et al. (2011b).

However, Feng et al. (2013) were also able to relate drying trends in the Beijing region to

groundwater observations. Consequently, special care should be taken when interpreting

trends from the current GRACE Tellus estimates in that region.

4.3 Inter-Annual Anomalies

The inter-annual anomalies correspond to the nonlinear part of the long-term component

(Eq. 1). In this section, we assess the degree to which the inter-annual anomalies derived

from the GRACE time series can be correlated with the inter-annual anomalies of the

atmospheric forcing. Figure 8a depicts the correlation between the inter-annual water

storage and precipitation anomalies. We observe moderately high positive correlations
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([0.6) between these two components for parts of Europe, Russia and North America,

which indicate a positive effect of precipitation on terrestrial water storage. Correlations

are more erratic over subtropical and equatorial regions, possibly resulting from defi-

ciencies in the ERA-Interim precipitation forcing, which are known to be more pro-

nounced, for instance, over Africa and South America (Simmons et al. 2010). In these

regions, other precipitation datasets based either on ground measurements or satellite

observations may give different results. For example, we find relatively low correlations

between inter-annual water storage and precipitation over the region of the African Great

Lakes; however, Becker et al. (2010) found a seemingly good agreement with GRACE

when using monthly precipitation data from the Global Precipitation Climatology Project

(GPCP). For Africa and South America, Morishita and Heki (2008) found that mass

changes from GRACE could be related to precipitation anomaly patterns extracted from

the Climate Prediction Center Merged Analysis of Precipitation (CMAP). Over the

Amazon, Chen et al. (2010a) related inter-annual water storage change to precipitation

anomalies (from GPCP) and ENSO indices, while Frappart et al. (2013) found that the

inter-annual variability of water storage was in reasonable agreement with precipitation

(b)

-1 -0.8 -0.6 -0.4 -0.2 0.2 0.4 0.6 0.8 10

Xinter: GRACE vs Precipitation

Xinter: GRACE vs Temperature

Correlation

(a)

Fig. 8 Correlation between the inter-annual variability of water storage and a precipitation, b temperature.
Stippling indicates regions with non-significant correlation coefficients (p\ 0.05)
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from the Tropical Rainfall Measuring Mission (TRMM). Although correlation coefficients

are mostly positive, significant negative correlations can occasionally be found but seem

either accidentally caused by perturbations of the long-term gravimetric signal by large

earthquakes (e.g., Sumatra region) or would need to be confirmed in a regional investi-

gation (Caspian Sea area).

The same analysis was performed with ERA-Interim 2 m temperature (Fig. 8b). We

find that the correlation between inter-annual water storage and temperature is negative in

most cases. Correlations are moderately strong over parts of North America, South

America, southern Africa, India and Australia. Such a negative relationship is usually

expected not only since temperature is an important driver for evaporative demand but also

because low moisture availability can result in higher temperatures (Seneviratne et al.

2010; Mueller and Seneviratne 2012). However, correlations found in the southern

hemisphere could also be related to confounding factors such as atmospheric circulation

patterns (e.g., ENSO) and hence do not necessarily indicate a direct link between tem-

perature and terrestrial water storage. In addition, significant positive correlations between

long-term temperature and water storage anomalies can be found over parts of Siberia.

Long-term water storage anomalies in this region may be related to interactions with

permafrost although such relationships are still unclear at this stage (Velicogna et al. 2012;

Vey et al. 2013).

Non-significant correlations can be due either to other unidentified sources of long-term

variability in the GRACE data or errors and biases in the long-term variability of the ERA-

Interim atmospheric forcing. However, the absence of correlation with either precipitation

or temperature in some regions could also indicate that long-term variability in the

atmospheric forcing is not controlling or controlled by terrestrial water storage, i.e. that

there is no obvious relationship between these variables at the inter-annual time scale. In

addition, the literature covered in the section on linear trends already showed that

anthropogenic groundwater withdrawal and dam operations could be responsible for long-

term changes in the terrestrial water storage variations retrieved from GRACE. Finally, we

note that a very large number of locations exhibit moderate correlations (between 0.3 and

0.5 in absolute value), which are actually not significant once serial correlation is taken

into account in hypothesis testing (using bootstrapping). This is also an indication that

analyses of the inter-annual variability of water storage would greatly benefit from the

longer record length that may be provided in the future by the GRACE Follow-On mission

scheduled for launch in 2017.

4.4 Seasonal Cycle

The STL decomposition provides a data-driven way of estimating the seasonal cycle

which, in contrast to the common practice, does not rely on harmonic models (fitted sines

and cosines, e.g., Wahr et al. 2004; Hinderer et al. 2006; Schmidt et al. 2008b). Here we

characterize GRACE seasonality by mapping the months with the maximum and the

minimum of the seasonal cycle of water storage and show that they generally follow

latitudinal bands (Fig. 9a, b). In the Northern Hemisphere, the peak in terrestrial water

storage generally occurs in spring for the cold and temperate regions and in autumn for the

subtropical regions (and vice versa in the Southern Hemisphere). The minimum water

storage occurs in autumn for the cold and temperate regions and in spring for the sub-

tropical regions (and oppositely in the Southern Hemisphere). In subarctic regions, there is

a clear latitudinal trend towards a later maximum, likely corresponding to the delayed

response of snow melt to temperature at higher latitudes. Interestingly, the seasonal
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maximum appears to be also delayed near large inland reservoirs (e.g., the Great Lakes and

the Caspian Sea), which potentially reflects the influence of run-off and storage processes

and could be subject to further investigations. In most regions, the months with maximum

and minimum terrestrial water storage are spaced by an interval of 6 ± 1 months. How-

ever, this is not always the case: in northern India, the maximum terrestrial water storage

occurs in September and the minimum in May, which is consistent with the effect of the

June–September monsoon. These maps can, for instance, be directly compared with

hydrological models (see Fig. 6 in Güntner et al. 2007b for an example with a closely

resembling colour scale). In addition, it is worth mentioning that the seasonal cycle of

water storage over African regions located close to the equator (e.g., the Congo basin, Lake

Victoria) exhibits a strong secondary peak, which likely corresponds to the oscillation of

the inter-tropical convergence zone (not shown). This secondary peak is also present—

although less pronounced—over Ecuador, southern India and Indonesia but is completely

absent over the Amazon basin (not shown).

The phase shift between GRACE and the seasonal cycles of precipitation and tem-

perature is shown in Fig. 10a, b. Over most tropical and subtropical regions, the seasonal

(a)

(b)

1 2 3 4 5 6 7 8 10 11 129

Maximum

Minimum

Month

Fig. 9 aMonth with the maximum of the seasonal cycle of water storage. bMonth with minimum seasonal
water storage. Stippling indicates regions where the seasonal variability represents \20 % of the total
GRACE variance
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peak of precipitation typically occurs 1–2 months earlier than the peak in water storage,

likely due to the effect of storage processes. Very similar lags have been found for the

Amazon subbasins (see Table 3 in Frappart et al. 2013), for selected regions over central

Africa (see Fig. 3 in Ahmed et al. 2011) as well as by Rieser et al. (2010) over Australia

(all three studies used satellite precipitation data from TRMM). On the contrary, subarctic

and inland temperate regions experience the highest precipitation during the warmer

summer months, approximately 3–5 months later than the spring maximum in water

storage. For coastal subarctic areas, the precipitation maximum tends to occur in autumn

due to greater temperature differences between the ocean and land, resulting in a 5- to

(a)

(b)

-11 -10 -9 -8 -7 -6 -5 -4 -2 -1 0-3
(+1) (+2) (+3) (+4) (+5) (+6)

out of phase in phasein phase

GRACE Atmospheric

months

Phase shift: GRACE vs Precipitation

Phase shift: GRACE vs Temperature

Fig. 10 Phase shift (in months) between the seasonal cycle of water storage and the seasonal cycle of
a precipitation and b temperature. Small phase shifts (-1, 0 or -11(?1) months) indicate that the
atmospheric forcing is nearly in phase with water storage, whereas large phase shifts (-7, -6 or
-5 months) indicate that they are out of phase. Stippling indicates regions where the correlation between
optimally phase shifted seasonal cycles is not significant (p\ 0.05)
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7-month phase shift between water storage and precipitation (e.g., Alaska, British

Columbia and Scandinavia). More details concerning the phasing of GRACE with snow

storage and discharge measurements can be found in Frappart et al. (2011a).

The seasonal cycle of temperature is generally out of phase with respect to the seasonal

cycle of water storage (Fig. 10b). In most temperate and subarctic regions, the peak

temperature typically occurs in summer, 2–3 months earlier than the autumn minimum in

water storage. Over tropical regions, the seasonal cycle of temperature is completely

opposed to the water storage cycle, with corresponding phase shifts of 4–7 months. This

anti-phasing between water storage and temperature is likely related to the effects of both

temperature and radiation on evapotranspiration. Over equatorial regions, the seasonality

of temperature is much less pronounced but still lagging the water storage cycle by

3–4 months. The southern part of China exhibits a very specific pattern, with maximum

temperatures occurring in summer and seasonal water storage peaking in late summer,

resulting in an almost perfect phasing between water storage and temperature.

4.5 Subseasonal Residuals

Figure 11a shows the correlation between the high-frequency components of GRACE and

precipitation averaged with the new averaging scheme presented in Sect. 3.2. Significant

positive correlations are found over many regions of the world, indicating that a large

fraction of high-frequency GRACE variability can be statistically related to short-term

anomalies of the precipitation forcing. Interestingly, significant correlations can also be

found over large portions of Indonesia, although the GRACE signal in this region is usually

believed to be strongly deteriorated by signal leakage from the ocean. A possible expla-

nation might be that short-term precipitation variability in this tropical monsoon region is

large enough to overcome the higher errors associated with coastal and insular regions. A

notable exception to the global pattern is the Congo river basin where no significant

correlations can be found. This area corresponds to a major convective region for the

global climate system which is still poorly represented by atmospheric reanalyses in

comparison with other regions (Washington et al. 2013). Many extremely arid regions also

show non-significant correlations (Sahara, Atacama, Taklamakan and Gobi deserts), con-

firming the view that high-frequency GRACE variability in these regions is dominated by

noise.

In order to assess the influence of the new averaging method, we can visually compare

the correlations shown in Fig. 11a to the correlations obtained with a simple monthly

arithmetic mean of the daily residuals (Fig. 11b). The exponential decay approach

enhances the correlations over most regions of the world, with an average increase of ?0.3

(excluding regions which exhibit non-significant correlations in Fig. 11a). Figure 12a

enables an even more direct comparison between the distributions of the correlations

shown in Fig. 11a, b. This illustrates the value of the proposed weighting scheme and

reveals that using monthly arithmetic averages of precipitation may have resulted in

underestimating the relation with water storage on the subseasonal time scale. This finding

is of particular interest for studies comparing GRACE data to monthly precipitation time

series (e.g., Forootan et al. 2014a) which typically make use of monthly precipitation

averages.

Values of the calibrated decay parameter s used to compute the monthly averages from

the daily precipitation data are shown in Fig. 11c. Overall, decay time scales exhibit

systematic spatial variability that could potentially be related to many different factors,

including climatic conditions as well as soil and vegetation characteristics. The probability
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Fig. 11 a Correlation between the subseasonal variability of water storage and precipitation averaged with
the weighting function introduced in Sect. 3.2 (Eq. 9). b Correlation between the subseasonal variability of
water storage and precipitation averaged using the arithmetic mean (Eq. 3). c Value of the calibrated decay
parameter (s) with units of days. Stippling indicates regions with non-significant correlation coefficients
(p\ 0.05)
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density distribution of this parameter is also shown in Fig. 12b, and we find that significant

values generally range between 10 and 200 days with a median value of approximately

50 days. Based on the weighting function (Eq. 9), it can be calculated that for the median

value of s = 50 days, the precipitation residuals of the first 100 days preceding the

beginning of a GRACE month account for 65 % of the monthly average. On the contrary,

days covered by the time interval of a given GRACE month account for only 25 % of the

monthly average. This shows that, on the subseasonal time scale, precipitation preceding a

GRACE month usually has a higher impact on correlations with terrestrial water storage

than the precipitation of the coinciding month. This is due to the fact that the influence of

high-frequency precipitation anomalies on regional hydrology tends to decay with time so

that precipitation events occurring just before or at the very beginning of a GRACE month

have a higher impact on the average water storage of a given month. Conversely, pre-

cipitation anomalies occurring during or at the very end of a GRACE month have a lower

impact on the water storage anomalies, or may even occur after the latest GRACE

overpass.

Figure 13a shows the results of the same analysis performed with the temperature data.

It reveals regions where the integrated effect of antecedent temperatures can be statistically

related to water storage anomalies. Temperature is one of the main controls for evaporative
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Fig. 12 a Distribution of the correlation coefficients obtained with a simple average of the precipitation
forcing (grey surface) versus the distribution of the correlation coefficients obtained with the newly
introduced weighting function (hatched surface). The part of significant correlation coefficients (p\ 0.05)
is indicated using a darker colour or double hatching. b Distribution of the calibrated decay parameters used
in the weighting function. Note the base 10 logarithmic scale of the x-axis
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Fig. 13 a Correlation between the subseasonal variability of water storage and temperature averaged with
the weighting function introduced in Sect. 3.2 (Eq. 9). b Correlation between the subseasonal variability of
water storage and temperature averaged using the arithmetic mean (Eq. 3). c Value of the calibrated decay
parameter (s) with units of days. Stippling indicates regions with non-significant correlation coefficients
(p\ 0.05)
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demand, and hence, negative correlations are expected and can indeed be found over many

regions of the world, especially over South America, South Africa, the region of the

African Great Lakes, India, Indonesia and northern Australia. As for precipitation, the use

of the exponential decay approach leads to enhanced correlations when compared to the

arithmetic mean (Fig. 13b). However, improvements are less important than for precipi-

tation and are often concentrated in regions where a significant relationship can already be

found with the simple mean. Decay time scales over these regions (Fig. 13c) generally fall

between 1 to 3 months, yielding a data-driven first-order estimate of how long temperature

anomalies can significantly impact the subsequent state of terrestrial water storage. Positive

and significant correlations can occasionally be found over some areas, notably over

Siberia, Scandinavia and Antarctica. For these regions, we hypothesize that these positive

correlations could reflect the tendency of warm winters to be more humid in comparison

with cold winters. On the other hand, warm summers are also expected to increase snow

melt so that we cannot come to a definitive conclusion for these regions based on the

presented results.

4.6 Droughts

In Fig. 14a, we show the maximum average storage deficit (see Sect. 3.4) ever observed

for all drought events identified in the GRACE record. The year corresponding to this

maximum is depicted in Fig. 14b for events with a magnitude larger than 30 mm. This

threshold was chosen to mask out smaller features which are difficult to interpret in a

global assessment but may still be relevant in a regional context. Many droughts that have

previously been documented in the GRACE literature can be identified, notably the 2010

Amazon drought, which is additionally illustrated in Fig. 15a. Drought events in the

Amazon basin were shown to be related to precipitation deficits and ENSO (Davidson et al.

2012; Frappart et al. 2013). A multi-year drought is also found for the period 2004–2008

(Fig. 15a) and likely corresponds to the multiple consecutive dry years identified, for

instance, by Frappart et al. (2012) and Thomas et al. (2014). Note that this is related to the

chosen drought metric, which might not capture all relevant aspects. The ongoing drought

in the Central Valley of California is also identified in Fig. 14b, and the time series of the

average storage deficit (Fig. 15b) shows that this region also suffered from multiple dry

episodes in previous years. This was already identified in previous studies which related

these recurrent drought events to severe groundwater depletion (Famiglietti et al. 2011;

Famiglietti 2014; Chen et al. 2015). Other documented events identified in Fig. 14b

include the 2008–2009 drought in the La Plata basin (Abelen et al. 2015), the 2010–2013

drought in Texas (Long et al. 2013), the 2007–2009 drought in the south-eastern USA

(Houborg et al. 2012) and the 2012–2015 North American drought (Chew and Small 2014;

Hoerling et al. 2013). We also identify the 2006–2007 dry conditions over Lake Victoria

(Swenson and Wahr 2009) and the African Great lakes (Becker et al. 2010) and the

2006–2008 drought in the Zambezi basin (Thomas et al. 2014), which are, in this analysis,

captured together as a large-scale and spatially contiguous event. Drought conditions can

also be found in northern India for the period 2009–2010 even though the linear trend due

to groundwater depletion has been removed from the data prior to drought identification.

The year 2009 was indeed shown to be the driest year of the decade for this region in terms

of precipitation (Chen et al. 2014) and resulted in higher groundwater abstraction rates.

Our analysis shows that the average storage deficit was consecutively maximal in 2010.
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The Sumatra region also exhibits an important ‘‘deficit’’ which, as confirmed by a local

investigation, is probably an artefact caused by the 2004 earthquake. In Australia, multi-

year droughts have been related to precipitation deficits (Garcı́a-Garcı́a et al. 2011).

However, due to the long duration of these decadal drought events, the average storage

deficit is lower. Our results also reveal undocumented features found in the GRACE

record, such as a dry event from 2012 to 2014 over south-eastern Europe (Figs. 14b, 15c)

as well as a severe drought in the Sao Paulo region and a moderate drought over North

Korea in 2015 (both still ongoing at the time of writing). A dry period can also be identified

during 2010–2011 to the North of the Caspian Sea and is likely associated with the 2010

Russian heatwave. Many other events can also be found over central Russia and were, to

our knowledge, never identified using GRACE data.
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Fig. 14 a Maximum value of the average storage deficit observed in the period April 2002–August 2015,
expressed in mm of equivalent water height. b Year corresponding to the maximum value of the average
storage deficit, showing only regions with a deficit larger than 30 mm. Letters A–C correspond to the
location of the time series in Fig. 15
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5 Conclusions

In this study, we have decomposed the GRACE time series into (1) linear trends, (2)

nonlinear inter-annual anomalies, (3) seasonal cycles and (4) subseasonal residuals. The

relative importance of each of these components with respect to the original GRACE

signal has been evaluated, allowing for a global assessment of the dominant features of

temporal variability in terrestrial water storage. In most cases, the GRACE signal is

dominated by seasonal or/and long-term variability, while subseasonal variability gen-

erally accounts for a small fraction of the total signal variance. Partitioning the long-

term variability into linear trends and nonlinear components reveals that some regions

are dominated by linear trends, while nonlinear inter-annual variability is prevalent in

others. The magnitudes of the linear trends have been quantified using the robust

Theil–Sen estimator, reproducing many already documented trends but also revealing

some features that had not been identified previously. In addition, the significance of

the trends was evaluated using statistical hypothesis testing techniques which take serial

correlation (autocorrelation) into account, contrasting the common practice in the

GRACE literature.

In a more detailed analysis, each component of temporal variability (except linear

trends) has been compared with equivalent components extracted from daily precipitation

and temperature time series of the atmospheric reanalysis ERA-Interim:

• Inter-annual variability We have found that the inter-annual variability of GRACE can

be only partly related to anomalies in precipitation and temperature, confirming the

results of previous regional studies. Although limitations of the considered atmospheric

reanalysis may alter the results at the regional level, this suggests that the inter-annual
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Fig. 15 Time series of average water storage deficit for grid cells (see location in Fig. 14b) in a Amazon
(63.5�W/4.5�S), b California (121.5�W/38.5�N), c Romania (27.5�E/45.5�N)
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variability of GRACE is only partly related to the investigated atmospheric drivers,

potentially highlighting the role of human water use as additional driver.

• Seasonal variabilityWe have provided a comprehensive overview on the seasonality of

terrestrial water storage and related it to the seasonal cycles of both precipitation and

temperature. In tropical and equatorial regions, the seasonal cycle of precipitation was

generally found to precede terrestrial water storage with a temporal lag of one to

2 months, while the seasonal cycle of temperature would typically be phase shifted by

6 months with respect to water storage. However, this was clearly not the case in

temperate and cold regions, which is probably due to the more complex interplay

between precipitation, storage processes, snow dynamics and temperature.

• Subseasonal variability We have shown that high-frequency variability of the GRACE

record can be reconstructed from precipitation anomalies once an adequate averaging

filter is applied to the daily precipitation forcing. This filter was designed to explicitly

take the effect of earlier precipitation into account when comparing daily precipitation

series with monthly GRACE data. This new method yields substantially better results

compared to the classical approach based on monthly arithmetic means, providing a

new perspective on the hydrological value of subseasonal (month to month)

fluctuations of the GRACE signal, which have partly been interpreted as noise in

previous studies.

• Droughts Finally, we have surveyed extreme dry events in the GRACE time series. The

most important anomalies in terms of water storage deficits were documented on a

global scale and related to droughts already described in the existing literature.

Undocumented features were also identified using this global approach and will be

subject to further investigation.

In summary, we have surveyed key features of temporal variability in the GRACE

record and related them to the dominant atmospheric drivers, in contrast to the common

practice of comparing GRACE terrestrial water storage to hydrological model simulations.

We have related our results to physical interpretations from the rich body of regional

GRACE studies, resulting in a comprehensive overview which will both contribute to a

general understanding of terrestrial water storage and provide a global observation-based

reference for hydrologists and climate scientists. As a novelty, we have shown that high-

frequency (month to month) fluctuations of the GRACE signal contain a meaningful

hydrological signal, which can be reconstructed from daily precipitation forcing. These

findings have important implications for the assessment of GRACE uncertainties as well as

for comparisons with hydrological model simulations.
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Appendix 1: STL for Unevenly Spaced Time Series

STL was introduced by Cleveland et al. (1990) for evenly spaced time series. In this

appendix, we present a summary of a simplified STL procedure that includes a modifi-

cation of the original algorithm for unevenly spaced time series. An important difference

with the original STL authored by Cleveland et al. is that the seasonal cycle is defined as

constant, i.e. it is not allowed to vary in shape or amplitude over time. We also introduce a

modification in the computation of robustness weights that accounts for time series

exhibiting large differences in variance (heteroskedasticity) between seasons.

Our focus is to decompose the total signal of a given time series X ¼ x1; . . .; xi; . . .; xnf g
associated with a time vector T ¼ t1; . . .; ti; . . .; tnf g into a constantly repeating seasonal

component Xseas, a long-term trend component Xlong and the remaining subseasonal

residuals Xsub.

The STL procedure consists of an inner loop and an outer loop. In the inner loop,

seasonal and trend components are estimated from the time series using several passes of

smoothing filters. In the outer loop, robustness weights are estimated to reduce the influ-

ence of outliers in the time series and are used in the next iteration of the inner loop. This

procedure stops once some user-defined stability criterion has been reached.

Locally Weighted Regression (Loess)

Since the algorithm involves multiple passes of a smoothing filter based on locally

weighted regression (Loess), we first present a generic formulation for this smoothing

filter. The Loess estimator of x at time tz is denoted g tzð Þ and is given by a weighted

polynomial fit of degree d to the values of X that are in the vicinity of tz and are given some

weights w. This vicinity is restricted in time by a maximum time-lag parameter k. The
weights wi associated with each values of X that are in the vicinity of tz are given by the

tricube function (Eq. 11).

wi ¼
0; if D ti; tzð Þj j[ k

1� D ti; tzð Þj j
k

� 	3
" #3

; if D ti; tzð Þj j � k

8

>
<

>
:

ð11Þ

where D ti; tzð Þ is a function of the distance in time between the two points. The values of X
closest to tz will thus have the highest weights. Hence, for each prediction point tz, X is

associated with a vector of weights W that depends on tz, k and the nature of the distance

function D:

W tz; k;Dð Þ ¼ wi; . . .;wnf g ð12Þ

The degree of the polynomial fit g tzð Þ that is fitted at each tz has to be chosen by the user
depending on the application (usually a degree 1 or 2 polynomial is sufficient). Once this is

performed for every time step in T, we obtain G = g t1ð Þ; . . .; g tnð Þf g, the so-called local

regression of the original time series.

We introduce two different metrics for the distance D ti; tzð Þ between two points in time.

The first one is simply an absolute distance in time and is given by:

Dabs ti; tzð Þ ¼ ti � tz ð13Þ

Surv Geophys (2016) 37:357–395 385

123Reprinted from the journal 195



The second one is the periodic distance and depends on the length p of the chosen

periodicity, for instance, suppose the time vector T is in units of days, then p will be equal

to 365.25 days for a seasonal periodicity. The periodic distance is given by:

Dper ti; tzð Þ ¼ ti � tz þ
p

2

� �

mod p
h i

� p

2
ð14Þ

where mod is the modulo operator. Thus, time points spaced from tz by multiples of exactly

p days are assigned a null distance, and then, the distance linearly increases until the time

points spaced by multiples of p/2 days are assigned the maximum distance. Note that these

distance metrics are used not only for the calculation of weights but also as the input vector

of the polynomial fit g tzð Þ to the values of X.

Inner Loop

The inner loop of the STL procedure aims at estimating the seasonal and long-term

components of the time series X through the following steps.

Step 1 Compute the detrended time series X* On the very first pass of the inner loop, the

long-term trend Xlong will not be known yet so that X* is simply the original time series

X. Otherwise, Xlong is subtracted from X, yielding the detrended time series X*.

Step 2 Compute the seasonal cycle Xseas The seasonal cycle is estimated at all points in

T from X* using Loess with Dper and a free parameter kper that defines the vicinity in terms

of periodic distance. The weight vector used in the local polynomial regression is denoted

Wper:

Wper tzð Þ ¼ W tz; kper;Dper


 �

ð15Þ

Note: after the first iteration of the inner and outer loops, Wper is used in combination with

the robustness weights Wrobust. The weights simply correspond to the product of Wper and

Wrobust.

Step 3 Compute deseasonalized time series XD A deseasonalized time series XD is

obtained by subtracting the seasonal cycle Xseas from the original time series X.

Step 4 Compute the long-term trend Xlong The long-term trend is estimated after applying

Loess to the deseasonalized time series XD with the distance function Dabs and parameter

klong which defines the associated weight vector Wlong.

Wlong tzð Þ ¼ W tz; klong;Dabs


 �

ð16Þ

As in step 2, these weights are used in combination with the robustness weights Wrobust

after the first iteration of the inner and the outer loop.

Outer Loop

Once an initial run of the inner loop has been carried out, the original time series can be

decomposed into X = Xlong ? Xseas ? Xresid, where Xresid corresponds to the residuals.

Following Cleveland et al. (1990), extremely large residuals are assumed to correspond to

outliers and are assigned a small or a zero weight. These weights are defined using the

bisquare function:
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wrobust ¼
0; if xresidj j[ h

1� xresidj j
h

� 	2
" #2

; if xresidj j � h

8

>
<

>
:

ð17Þ

where h is:

h ¼ 6 �median Xresidj jð Þ ð18Þ

However, a problem arises when time series exhibit seasonal heteroskedasticity because

the value of h would change when different seasons of the time series are considered. A

typical case of seasonal heteroskedasticity is when precipitation totals are very low during

the dry season but exhibit high variability during the wet season. If we followed the

approach of Cleveland et al., relatively small outliers in the dry season would be unlikely

detected, whereas large but still realistic variations during the wet season would be more

likely detected as outliers. This problem can be avoided by introducing seasonally varying

estimates of h. This is done by calculating h at each prediction point tz using a weighted

median with the weights Wper computed from the periodic distance (step 2):

h tzð Þ ¼ 6 �median Xresidj j;Wper tzð Þ

 �

ð19Þ

Choosing the Parameters

The following parameters need to be defined: p the length of each cycle of the seasonal

component; d the degree of the weighted polynomial regression; ninner the number of

passes through the inner loop; nouter the number of iterations of the outer loop; kper the
maximum time lag for the computation of the seasonal component; klong the maximum

time lag for the computation of the long-term component

Parameter p is obviously determined by the nature of the investigated time series (here,

p = 365.25). We chose a polynomial of degree d = 2 in order to hinder smoothing of the

low and high peaks of the seasonal cycle. For the trend component, a polynomial of degree

d = 1 is sufficient. The number of passes and iterations was chosen so that the resulting

decomposition reaches stability. For the number of passes of the inner loop, Cleveland

et al. recommend ninner = 2. Regarding nouter, we experimentally determined that

nouter = 3 was sufficient for our application.

The parameter kper determines the smoothness of the seasonal cycle, with larger values,

resulting in a smoother estimate of the seasonal cycle. On the other hand, smaller values of

kper will reduce the number of points actually used in the local regression so that the

resulting seasonal cycle is more likely to be affected by outliers or sudden changes arising

from the uneven spacing of the time series. Hence, the choice of kper is a balanced

consideration between accuracy and robustness in the representation of the seasonal cycle.

In this paper, a good compromise was experimentally found with kper ¼ 60 days.

The parameter klong controls the degree of leakage of the long-term component into the

residuals. Larger values of the parameter will result in a smoother estimate of the trend but

also cause some of the long-term signal to be incorporated into the residuals. Vice versa,

smaller values of this parameter will make the long-term component more sensitive to

high-frequency variability. In this application, we followed the recommendations from

Cleveland et al. who showed that klong = 1.5 9 p provides a good compromise in most

cases.

Surv Geophys (2016) 37:357–395 387

123Reprinted from the journal 197



Appendix 2

Analytical Integration of the Weighting Function

Integrating Eq. 6 over the interval aj; bj
� �

associated with the monthly interval t�j must be

done with care since the function w t; tið Þ is discontinuous. In total, three cases can be

considered: (1) the continuous case where aj � ti (Fig. 4a), (2) the discontinuous case

where aj\ti � bj (Fig. 4b) and (3) the continuous case where bj\ti. For convenience, we

note aj ¼ a and bj ¼ b:

W t�j ; ti

� �

¼
Z
b

a

w t; tið Þdt

¼

R
b

a

w t; tið Þdt if a� ti

R
ti

a

w t; tið Þdt þ
R
b

ti

w t; tið Þdt if a\ti � b

R
b

a

w t; tið Þdt if b\ti

8

>
>
>
>
>
>
>
>
<

>
>
>
>
>
>
>
>
:

¼
�se�

1
s b�tið Þ þ se�

1
s a�tið Þ if a� ti

�se�
1
s b�tið Þ þ s if a\ti � b

0 if b\ti

8

>
<

>
:

ð20Þ

The normalized version of W t�j ; ti

� �

is given by (equivalently to Eq. 8):

Ŵ t�j ; ti
� �

¼
W t�j ; ti

� �

Rþ1
�1 W t�j ; ti

� �

dti

ð21Þ

The denominator has to be decomposed into three continuous parts:

Z
þ1

�1

W t�j ; ti

� �

dti ¼
Z
a

�1

W t�j ; ti

� �

dti þ
Z
b

a

W t�j ; ti

� �

dti þ
Z
þ1

b

W t�j ; ti

� �

dti ð22Þ

The first part yields:

Z
a

�1

W t�j ; ti

� �

dti¼ s2e�
1
s b�að Þ � s2e�

1
s a�að Þ

� �

� s2e�
1
s bþ1ð Þ � s2e�

1
s aþ1ð Þ

� �

¼ s2e�
1
s b�að Þ � s2

ð23Þ

The second part yields:
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Z
b

a

W t�j ; ti

� �

dti ¼ s2e�
1
s b�bð Þ þ sb

� �

� s2e�
1
s b�að Þ þ sa

� �

¼ s2 þ sb� s2e�
1
s b�að Þ � sa

ð24Þ

And the third part is:

Z
þ1

b

W t�j ; ti

� �

dti ¼ 0 ð25Þ

Thus after combining equations 23, 24 and 25, equation 22 can be rewritten as:

Z
þ1

�1

W t�j ; ti

� �

dti¼ s2e�
1
s b�að Þ � s2 þ s2 þ sb� s2e�

1
s b�að Þ � saþ 0

¼ s b� að Þ

ð26Þ

which is then injected in Eq. 21, yielding the normalized weighting function (Eq. 9):
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¼
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Becker M, Llovel W, Cazenave A, Güntner A, Crétaux J-F (2010) Recent hydrological behavior of the East
African great lakes region inferred from GRACE, satellite altimetry and rainfall observations. C R
Geosci 342:223–233. doi:10.1016/j.crte.2009.12.010

Benjamini Y, Hochberg Y (1995) Controlling the false discovery rate: a practical and powerful approach to
multiple testing. J R Stat Soc B Methodol 57:289–300

Bergmann I, Ramillien G, Frappart F (2012) Climate-driven interannual ice mass evolution in Greenland.
Global Planet Change 82–83:1–11. doi:10.1016/j.gloplacha.2011.11.005

Beven KJ (2012) Rainfall-runoff modelling: the primer, 2nd edn. Wiley, Chichester. doi:10.1002/
9781119951001

Bonin JA, Bettadpur S, Tapley BD (2012) High-frequency signal and noise estimates of CSR GRACE
RL04. J Geodesy 86:1165–1177. doi:10.1007/s00190-012-0572-5

Chen JL, Tapley BD, Wilson CR (2006a) Alaskan mountain glacial melting observed by satellite
gravimetry. Earth Planet Sci Lett 248:368–378. doi:10.1016/j.epsl.2006.05.039

Chen JL, Wilson CR, Tapley BD (2006b) Satellite gravity measurements confirm accelerated melting of
Greenland ice sheet. Science 313:1958–1960. doi:10.1126/science.1129007

Chen JL,WilsonCR, Famiglietti JS, RodellM (2007a)Attenuation effect on seasonal basin-scalewater storage
changes from GRACE time-variable gravity. J Geodesy 81:237–245. doi:10.1007/s00190-006-0104-2

Chen JL, Wilson CR, Tapley BD, Blankenship DD, Ivins ER (2007b) Patagonia icefield melting observed
by gravity recovery and climate experiment (GRACE). Geophys Res Lett 34:L22501. doi:10.1029/
2007GL031871

Chen JL, Wilson CR, Tapley BD (2010a) The 2009 exceptional Amazon flood and interannual terrestrial
water storage change observed by GRACE. Water Resour Res 46:W12526. doi:10.1029/
2010WR009383

Chen JL, Wilson CR, Tapley BD, Longuevergne L, Yang ZL, Scanlon BR (2010b) Recent La Plata basin
drought conditions observed by satellite gravimetry. J Geophys Res-Atmos 115:D22108. doi:10.1029/
2010JD014689

Chen J, Li J, Zhang Z, Ni S (2014) Long-term groundwater variations in Northwest India from satellite
gravity measurements. Global Planet Change 116:130–138. doi:10.1016/j.gloplacha.2014.02.007

Chen J, Famiglietti JS, Scanlon BR, Rodell M (2015) Groundwater storage changes: present status from
GRACE observations. Surv Geophys. doi:10.1007/s10712-015-9332-4

Cheng M, Ries J, Tapley B (2011) Variations of the Earth’s figure axis from satellite laser ranging and
GRACE. J Geophys Res-Solid Earth 116:B01409. doi:10.1029/2010JB000850

Chew CC, Small EE (2014) Terrestrial water storage response to the 2012 drought estimated from GPS
vertical position anomalies. Geophys Res Lett 41:6145–6151. doi:10.1002/2014GL061206

Cleveland RB, Cleveland WS, McRae JE, Terpenning I (1990) STL: a seasonal-trend decomposition pro-
cedure based on loess. J Off Stat 6:3–73

Crowley JW, Mitrovica JX, Bailey RC, Tamisiea ME, Davis JL (2006) Land water storage within the Congo
Basin inferred from GRACE satellite gravity data. Geophys Res Lett 33:L19402. doi:10.1029/
2006GL027070

Davidson EA et al (2012) The Amazon basin in transition. Nature 481:321–328. doi:10.1038/nature10717
Dee DP et al (2011) The ERA-interim reanalysis: configuration and performance of the data assimilation

system. Q J R Meteorol Soc 137:553–597. doi:10.1002/qj.828
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Döll P, Müller Schmied H, Schuh C, Portmann FT, Eicker A (2014b) Global-scale assessment of
groundwater depletion and related groundwater abstractions: combining hydrological modeling with
information from well observations and GRACE satellites. Water Resour Res 50:5698–5720. doi:10.
1002/2014WR015595

Duan X, Guo J, Shum C, van der Wal W (2009) On the postprocessing removal of correlated errors in
GRACE temporal gravity field solutions. J Geodesy 83:1095–1106. doi:10.1007/s00190-009-0327-0

390 Surv Geophys (2016) 37:357–395

123 Reprinted from the journal200

http://dx.doi.org/10.1007/s11269-007-9191-y
http://dx.doi.org/10.1016/j.gloplacha.2011.11.010
http://dx.doi.org/10.1016/j.gloplacha.2011.11.010
http://dx.doi.org/10.1016/j.jog.2012.03.007
http://dx.doi.org/10.1016/j.crte.2009.12.010
http://dx.doi.org/10.1016/j.gloplacha.2011.11.005
http://dx.doi.org/10.1002/9781119951001
http://dx.doi.org/10.1002/9781119951001
http://dx.doi.org/10.1007/s00190-012-0572-5
http://dx.doi.org/10.1016/j.epsl.2006.05.039
http://dx.doi.org/10.1126/science.1129007
http://dx.doi.org/10.1007/s00190-006-0104-2
http://dx.doi.org/10.1029/2007GL031871
http://dx.doi.org/10.1029/2007GL031871
http://dx.doi.org/10.1029/2010WR009383
http://dx.doi.org/10.1029/2010WR009383
http://dx.doi.org/10.1029/2010JD014689
http://dx.doi.org/10.1029/2010JD014689
http://dx.doi.org/10.1016/j.gloplacha.2014.02.007
http://dx.doi.org/10.1007/s10712-015-9332-4
http://dx.doi.org/10.1029/2010JB000850
http://dx.doi.org/10.1002/2014GL061206
http://dx.doi.org/10.1029/2006GL027070
http://dx.doi.org/10.1029/2006GL027070
http://dx.doi.org/10.1038/nature10717
http://dx.doi.org/10.1002/qj.828
http://dx.doi.org/10.1007/s10712-014-9282-2
http://dx.doi.org/10.1002/2014WR015595
http://dx.doi.org/10.1002/2014WR015595
http://dx.doi.org/10.1007/s00190-009-0327-0


Dufresne JL et al (2013) Climate change projections using the IPSL-CM5 earth system model: from CMIP3
to CMIP5. Climate Dyn 40:2123–2165. doi:10.1007/s00382-012-1636-1

Eicker A, Schumacher M, Kusche J, Doll P, Muller Schmied H (2014) Calibration/data assimilation
approach for integrating GRACE data into the water GAP global hydrology model (WGHM) using an
ensemble Kalman filter: first results. Surv Geophys 35:1285–1309. doi:10.1007/s10712-014-9309-8

Famiglietti JS (2014) The global groundwater crisis. Nat Climate Change 4:945–948. doi:10.1038/
nclimate2425

Famiglietti JS et al (2011) Satellites measure recent rates of groundwater depletion in California’s Central
Valley. Geophys Res Lett 38:L03403. doi:10.1029/2010GL046442

Feng W, Zhong M, Lemoine J-M, Biancale R, Hsu H-T, Xia J (2013) Evaluation of groundwater depletion
in North China using the gravity recovery and climate experiment (GRACE) data and ground-based
measurements. Water Resour Res 49:2110–2118. doi:10.1002/wrcr.20192

Forootan E, Kusche J (2012) Separation of global time-variable gravity signals into maximally independent
components. J Geodesy 86:477–497. doi:10.1007/s00190-011-0532-5

Forootan E et al (2014a) Multivariate prediction of total water storage changes over West Africa from multi-
satellite data. Surv Geophys 35:913–940. doi:10.1007/s10712-014-9292-0

Forootan E et al (2014b) Separation of large scale water storage patterns over Iran using GRACE, altimetry
and hydrological data. Remote Sens Environ 140:580–595. doi:10.1016/j.rse.2013.09.025

Frappart F, Ramillien G (2012) Contribution of GRACE satellite gravimetry in global and regional
hydrology, and in ice sheets mass balance, water resources management and modeling. In: Purna N
(ed) Water resources management and modeling. InTech, p 322. doi:10.5772/34212

Frappart F, Ramillien G, Biancamaria S, Mognard NM, Cazenave A (2006) Evolution of high-latitude snow
mass derived from the GRACE gravimetry mission (2002–2004). Geophys Res Lett 33:L02501.
doi:10.1029/2005GL024778

Frappart F, Ramillien G, Famiglietti JS (2011a) Water balance of the Arctic drainage system using GRACE
gravimetry products. Int J Remote Sens 32:431–453. doi:10.1080/01431160903474954

Frappart F, Ramillien G, Leblanc M, Tweed SO, Bonnet M-P, Maisongrande P (2011b) An independent
component analysis filtering approach for estimating continental hydrology in the GRACE gravity
data. Remote Sens Environ 115:187–204. doi:10.1016/j.rse.2010.08.017

Frappart F, Papa F, da Silva JS, Ramillien G, Prigent C, Seyler F, Calmant S (2012) Surface freshwater
storage and dynamics in the Amazon basin during the 2005 exceptional drought. Environ Res Lett
7:044010. doi:10.1088/1748-9326/7/4/044010

Frappart F, Ramillien G, Ronchail J (2013) Changes in terrestrial water storage versus rainfall and dis-
charges in the Amazon basin. Int J Climatol 33:3029–3046. doi:10.1002/joc.3647

Garcı́a-Garcı́a D, Ummenhofer CC, Zlotnicki V (2011) Australian water mass variations fromGRACE data linked
to Indo-Pacific climate variability. Remote Sens Environ 115:2175–2183. doi:10.1016/j.rse.2011.04.007

Gardner A et al (2013) A reconciled estimate of glacier contributions to Sea level rise: 2003 to 2009.
Science 340:852–857. doi:10.1126/science.1234532

Geruo A, Wahr J, Zhong S (2013) Computations of the viscoelastic response of a 3-D compressible Earth to
surface loading: an application to glacial isostatic adjustment in Antarctica and Canada. Geophys J Int
192:557–572. doi:10.1093/gji/ggs030

Gudmundsson L, Seneviratne SI (2015) European drought trends. Proc Int Assoc Hydrol Sci 369:75–79.
doi:10.5194/piahs-369-75-2015

Gudmundsson L, Tallaksen LM, Stahl K, Fleig AK (2011) Low-frequency variability of European runoff.
Hydrol Earth Syst Sci 15:2853–2869. doi:10.5194/hess-15-2853-2011
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Abstract Satellite gravity measurements from the Gravity Recovery and Climate

Experiment (GRACE) provide quantitative measurement of terrestrial water storage

(TWS) changes with unprecedented accuracy. Combining GRACE-observed TWS changes

and independent estimates of water change in soil and snow and surface reservoirs offers a

means for estimating groundwater storage change. Since its launch in March 2002,

GRACE time-variable gravity data have been successfully used to quantify long-term

groundwater storage changes in different regions over the world, including northwest

India, the High Plains Aquifer and the Central Valley in the USA, the North China Plain,

Middle East, and southern Murray–Darling Basin in Australia, where groundwater storage

has been significantly depleted in recent years (or decades). It is difficult to rely on in situ

groundwater measurements for accurate quantification of large, regional-scale groundwater

storage changes, especially at long timescales due to inadequate spatial and temporal

coverage of in situ data and uncertainties in storage coefficients. The now nearly 13 years

of GRACE gravity data provide a successful and unique complementary tool for moni-

toring and measuring groundwater changes on a global and regional basis. Despite the

successful applications of GRACE in studying global groundwater storage change, there

are still some major challenges limiting the application and interpretation of GRACE data.

In this paper, we present an overview of GRACE applications in groundwater studies and

discuss if and how the main challenges to using GRACE data can be addressed.
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1 Introduction

Groundwater storage is a vital resource to sustain agricultural, industrial, and domestic

activities both in populous countries such as China and India, and in arid regions lacking

adequate alternative water resources (e.g., the Middle East and North Africa). Ground-

water, as an important component of the global water cycle, also plays a key role in the

global water cycle’s connections with climate change. Groundwater storage change is

controlled by the balance between recharge (i.e., inflow into the groundwater body, or

aquifer, from the soil or surface water reservoirs) and discharge (i.e., outflow from the

groundwater to surface water systems) or groundwater abstractions (Freeze and Cherry

1979). Extended drought and/or excessive groundwater abstractions can lead to ground-

water depletion and regional water resource scarcity and pose significant impacts on the

ecosystem and economic and social developments (Foster and Loucks 2006; Rodell et al.

2009; Gleeson et al. 2010; Famiglietti 2014).

During the past few decades, intensive groundwater pumping, especially for agricultural

irrigation, has led to dramatic declines of groundwater levels in many parts of the world,

which in some places can be as much as up to 100–200 m (Rodell and Famiglietti 2002;

Wang et al. 2006; Scanlon et al. 2012a, b; Famiglietti 2014). Due to the extremely slow

process of groundwater recharge, excessive depletion of groundwater resources in those

regions will not be fully restored in the foreseeable future. Groundwater depletion not only

results in insufficient water to support sustainable local economic development, but also

increases energy consumption as more energy is required to pump groundwater from

greater depths below the surface, increasing demand on an already constrained energy

supply (Konikow and Kendy 2005). Groundwater depletion can also lead to significant

land subsidence, which, in extreme cases as in the San Joaquin Valley of California, has

reached values of 1.2 m, impacting pipelines and transport systems. Other regions with

severe subsidence include Bangkok, Thailand (Giao and Nutalaya 2006) and Jakarta,

Indonesia (Abidin et al. 2008), increasing flood risks.

Monitoring and understanding groundwater storage changes, especially the long-term

variability, are critical for maintaining sustainable economic development and healthy

ecosystems, and better understanding the global and regional hydrological cycles and

climate change. Despite their importance to freshwater supplies, groundwater resources are

often poorly monitored, and accurate quantification of groundwater storage change has

been difficult due to insufficient in situ groundwater level observations (Famiglietti et al.

2011). Even though in some regions in developed countries (such as the USA and Aus-

tralia) monitoring well networks can be dense, quantifying regional groundwater storage

changes from well data is still complicated by uncertainties in aquifer storage coefficients

to convert water level changes to storage volumes (Rodell et al. 2007). Inadequate spatial

and temporal coverage of monitoring networks is also a general issue. Additional com-

plications include data formatting and inconsistencies, and human and mechanical moni-

toring, and recording errors. Furthermore, restrictive data sharing policies (due to political

reasons) in other parts of the world may also limit studies of groundwater storage change

using in situ well data.
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Uncertainties in groundwater recharge estimates from water budgets in land surface

models, e.g., the WaterGAP Global Hydrology Model (WGHM) can be large, particularly

in semiarid regions (Döll et al. 2012). The primary discharge mechanism is often

groundwater pumpage estimates, often based on country estimates from the Food and

Agricultural Organization (FAO), also highly uncertain. In addition, limited in situ

observations of groundwater levels reduce the reliability of the simulated groundwater

storage (GWS) changes, especially at long timescales (Döll et al. 2012). These parameters

are often unknown or difficult to quantify on a large regional basis. Therefore, accurately

modeling long-term GWS change or groundwater depletion is challenging.

The Gravity Recovery and Climate Experiment (GRACE) is the first dedicated satellite

time-variable gravity mission and provides an alternative and unique approach for moni-

toring large-scale mass changes in the Earth system (Tapley et al. 2004). Since its launch in

March 2002, GRACE has been measuring global gravity changes on a monthly basis, with

unprecedented accuracy (Wahr et al. 2004). Earth gravity changes are caused by mass

redistribution within different components of the Earth’s system, including the atmosphere,

ocean, hydrosphere, cryosphere, and solid Earth. GRACE-observed gravity changes can be

used to infer terrestrial water storage (TWS, the sum of snow water equivalent, surface

water, soil water, and groundwater storage) changes, given that other geophysical causes of

gravity change can be estimated and removed (e.g., Wahr et al. 2004; Chen et al. 2009). As

atmospheric and oceanic contributions to gravity change have been removed in GRACE

data processing using estimates from numerical models (Bettadpur 2012), over non-gla-

ciated land areas, GRACE-observed mass changes mostly reflect TWS changes. Therefore,

when water storage changes in snow, surface water reservoirs, and soil are known, GRACE

gravity measurements provide an alternative and complementary tool for quantifying GWS

changes over large regions.

GRACE time-variable gravity data have been successfully used to quantify long-term

GWS changes in different regions over the world, including the northwest India (NWI)

(Rodell et al. 2009), the High Plains Aquifer (HPA) (Scanlon et al. 2012b) and Central

Valley in the USA (Famiglietti et al. 2011), the North China Plain (NCP) (Feng et al.

2013), the Middle East (Voss et al. 2013), and southern Murray–Darling Basin (MDB) in

Australia, where groundwater storages have been significantly depleted in recent years (or

decades) (Leblanc et al. 2009, 2012). In a commentary article, Famiglietti (2014) discussed

the groundwater crisis which many parts of the world are facing in the recent decade

through GRACE-observed groundwater depletions in some major aquifers or regions in the

world. In this paper, we present an overview of the present status of monitoring GWS

changes using GRACE time-variable gravity measurements, outline major challenges

when using GRACE data in groundwater studies, and discuss if and how these challenges

can be addressed.

2 Groundwater Depletion from GRACE

GRACE time-variable gravity fields are represented by spherical harmonic coefficients and

can be used to estimate mass redistributions. However, a major challenge in estimating

mass changes using GRACE gravity solutions is the well-known non-uniqueness of

gravitational inversion for a 3D Earth (Chao 2005). In most GRACE applications, people

have assumed that GRACE-observed gravity changes are mostly caused by mass redis-

tribution on the Earth’s surface (or close to the surface). This assumption appears valid in
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most parts of the world and over a wide range of timescales. The surface mass density

change (Drðh; kÞ in kg/m2) can be computed as (Wahr et al. 1998),

Drðh;/Þ ¼ ME

4pa2

XN

l¼2

Xl

m¼0

2lþ 1

1 þ kl
Wl

ePlmðcos hÞ � DClm cosðm/Þ þ DSlm sinðm/Þ½ �; ð1Þ

where h and k are geocentric colatitude and longitude, respectively, a is Earth’s mean

radius (6.371 9 106 m), and Me is the mass of the Earth (5.97219 9 1024 kg); ePlm are the

fully normalized associated Legendre functions of degree l and order m, and DClm and DSlm
are GRACE gravity spherical harmonics coefficient change. Wl ¼ WlðrÞ is the normalized

Gaussian weighting function (with a maximum weight of 1), dependent on a chosen

averaging radius (r).

GRACE satellite gravimetry is the first satellite remote sensing technique that is directly

applicable to the assessment of large-scale GWS changes (Yeh et al. 2006; Swenson and

Wahr 2006; Rodell et al. 2007). Over non-glacialized land areas, GRACE observes the

total water mass change within a vertical column, including the atmosphere, terrestrial

water, and solid Earth. Even when mass changes in the atmosphere and solid Earth can be

removed using estimates from numerical models, GRACE itself cannot separate the dif-

ferent components of TWS changes. Therefore, water storage changes in snow, surface

water reservoirs, and soil have to be estimated from other independent data source(s), such

as land surface models (LSMs) in order to use GRACE to quantify GWS change (Rodell

and Famiglietti 2002).

DTWS ¼ DWsoil þ DWsnow þ DWsurface reservoir þ DGWS ð2Þ

or

DGWS ¼ DTWS � ðDWsoil þ DWsnow þ DWsurface reservoirÞ ð3Þ

The top panel of Fig. 1 shows the long-term TWS changes (in cm/year equivalent water

height) observed by GRACE for the period January 2005 and December 2009. The reason

for picking up the period of 2005–2009 is to illustrate some of the strong groundwater

depletion signals during that particular period such as those in southern MDB and Central

Valley. At each grid point, the TWS rate is determined by an unweighted least squares fit

of GRACE TWS changes calculated from the GRACE release-5 (RL05) gravity solutions

provided by the Center for Space Research (CSR), University of Texas at Austin. We

selected this 5-year period to better illustrate some significant long-term regional TWS and

GWS changes during this particular time span. Some of the GRACE-observed long-term

TWS changes may simply reflect water storage changes in surface water reservoirs, snow,

and soil (SSS). After the total SSS water storage changes (shown in the middle panel of

Fig. 1) estimated from the WGHM (version 2.2) (Güntner et al. 2007) have been subtracted

from GRACE TWS changes, the residual changes should represent GWS changes over

non-glacial regions (Fig. 1c). Some of the prominent mass change features such as those

over the Greenland, Canadian Arctic Archipelago, and southern Alaska apparently rep-

resent ice mass losses during the studied period.

As the uncertainty of model-estimated SSS water storage change is unknown, some of

the derived ‘‘groundwater’’ changes may be introduced by errors in model SSS estimates

and/or GRACE TWS estimates. However, GRACE measurements have indeed captured

some interesting long-term regional groundwater changes over the world that can be

verified by either in situ groundwater level data or analysis of precipitation data. GRACE-
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observed long-term regional groundwater changes include significant groundwater deple-

tion in northwest and northern India (Rodell et al. 2009; Tiwari et al. 2009; Chen et al.

2014), the Middle East (Voss et al. 2013; Joodaki et al. 2014), California’s Central Valley

(Famiglietti et al. 2011; Scanlon et al. 2012a), and the southern MDB in Australia (Leblanc

et al. 2009, 2012; Chen et al. 2015a), and lower groundwater depletions in the NCP in

China (Feng et al. 2013) and HPA in the USA (Strassberg et al. 2009; Scanlon et al. 2012b;

Famiglietti and Rodell 2013).

Fig. 1 a GRACE-observed TWS changes (in cm/year equivalent water height) for the period January
2005–December 2009. The post-glacial rebound (PGR) effect is removed using model estimates (Geruo
et al. 2013). b Water storage changes in soil, snow, and surface reservoirs from WGHM for the same 5-year
period. c ‘‘Groundwater’’ storage changes from GRACE-WGHM, i.e. (a–b). Decorrelation filter and 300 km
Gaussian smoothing were applied to GRACE data, and 300 km Gaussian smoothing was applied to WGHM
data
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An alternative to applying Eq. (3) with modeled SSS data is to incorporate GRACE

TWS observations into a land surface model via data assimilation and allow the model to

separate the TWS components (Zaitchik et al. 2008). This approach is only appropriate if

the model explicitly represents groundwater storage. Currently, most LSMs do not. This

technique has been applied successfully to isolate groundwater storage changes from soil

water and snow water storage changes and to apply the results for drought monitoring in

North America (Houborg et al. 2012) and Europe (Li et al. 2012), but to date it has not

been used for assessing long-term groundwater trends.

2.1 Groundwater Depletion in North West India

Rodell et al. (2009) and Tiwari et al. (2009) combined GRACE TWS estimates and soil

and snow water estimates from the Global Land Data Assimilation System (GLDAS)

hydrological model (Rodell et al. 2004) and found that TWS decreased significantly in the

Ganges–Brahmaputra river basins (northwest and north India) during the period August

2002–October 2008. As precipitation in the region was close to the normal level during the

period, the GRACE-observed TWS decrease was not related to drought but to GWS

depletion due to groundwater pumping for irrigation and domestic consumption. The

estimated groundwater depletion rate averaged over the Indian states of Rajasthan, Punjab,

and Haryana is 17.7 ± 4.5 km3/year (4 ± 1 cm/year) over the period August 2002–Oc-

tober 2008 (Rodell et al. 2009), and the estimated rate for a broader region covering north

India (from northwest to northeast) can be up to 54 ± 9 km3/year (2 cm/year; Tiwari et al.

2009) during the same period.

Using an extended record of GRACE measurements combined with Global Land Data

Assimilation System (GLDAS) snow and soil water storage estimates, and a different

method for correcting leakage bias of GRACE estimates, Chen et al. (2014) reassessed the

groundwater depletion rate in the NWI region. The newly estimated groundwater depletion

rate is 20.4 ± 7.1 km3/year (2.4 ± 0.59 cm/year) averaged over the 10-year period Jan-

uary 2003–December 2012. However, during the first 5 years (2003–2007), the newly

estimated rate (29.4 ± 8.4 km3/year; 3.5 ± 0.70 cm/year) is significantly larger than

previous estimates for roughly the same period. The difference is attributed to the

improved treatment of leakage effects through global forward modeling and extended

studied region (which is different from the three state regions defined in Rodell et al. 2009).

The groundwater depletion in NWI occurred in a broad region that includes neighboring

Punjab Province of Pakistan (especially northern Punjab) (see Fig. 1 of Chen et al. 2014).

GRACE-observed groundwater depletion in the NWI region is corroborated by

groundwater recharge and consumption data from the Indian government (Rodell et al.

2009). Northern India is one of the most populous regions in the world. Excessive

groundwater pumping for agricultural irrigation and domestic consumption in response to

the growing demand for water has exceeded the replenishable groundwater supply, causing

a steady decreasing of the water table (Tiwari et al. 2009). Analyses of precipitation data

and model-predicted water storage changes in surface reservoirs and subsurface soil (plus

snow if applicable) indicate that annual precipitation in NWI generally has been at normal

cFig. 2 a GRACE-observed ‘‘groundwater’’ storage change rates (in cm/year of equivalent water height) for
the period January 2005–December 2009, same as Fig. 1c, but enlarged for the Southeast Asia region. b and
c Comparisons of GRACE-observed TWS change, WGHM model estimates of SSS water change, and GWS
change from GRACE to WGHM (in cm equivalent water height) for the period January 2003–December
2012, for two points (a) A and (b) B marked by white triangles on Fig. 2a
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levels (Rodell et al. 2009; Chen et al. 2014), and model-predicted SSS water storages have

not shown any decreasing trends. This further indicates that GRACE-observed water

storage decreases in the NWI region most likely (see Fig. 2) represent GWS changes.

Leakage from ice melting of nearby mountain glaciers may also affect GRACE-estimated

groundwater depletion in this region; however, the effect is relatively small and estimated

to be *-3 km3/year (Rodell et al. 2009), well within the estimated uncertainty level

(Chen et al. 2014).

Interpretation of GRACE-observed mass loss in NWI may be more complicated than

previously represented over the period 2005–2009; GRACE-observed mass loss extends

over a broader region that covers parts of northeast India, Bangladesh, and southwest

China, with the center of mass loss actually in southwest China. Furthermore, the

region also covers part of the Himalayan mountain glaciers. The spatial pattern of this

mass loss signal may vary when using different time spans of GRACE data, but

nevertheless the contributors to this mass loss may include groundwater depletion in

northeast India, northern Bangladesh, and southwest China, Himalayan mountain gla-

ciers melting, and additional SSS water storage changes that are not correctly modeled

in the WGHM. The southwest China region has experienced extended drought in the

past decade, which may have contributed to GRACE-observed water storage decrease

in this broad region.

2.2 Groundwater Depletion in the California Central Valley

Another interesting groundwater depletion signal observed by GRACE is in the Sacra-

mento and San Joaquin River Basins in California (see Fig. 3), which encompass the

Central Valley and its underlying groundwater aquifer system. The Central Valley is the

most productive agricultural region in the USA, growing more than 8 % of the food

produced in the USA (Faunt 2009). With limited surface water resources, groundwater has

been a major water supply for agricultural activities in the Central Valley region. Excessive

groundwater pumping has led to steady decreasing water tables (Faunt 2009; Famiglietti

2011; Scanlon et al. 2012a, b) and also to significant ground subsidence (Galloway et al.

1999) in the region.

Combining GRACE gravity measurements, snow water equivalent data from the

National Operational Hydrologic Remote Sensing Center, in situ surface water storage

estimates for the 20 largest reservoirs in the river basins, and soil moisture estimates from

GLDAS (Rodell et al. 2004), Famiglietti et al. (2011) concluded that the Sacramento and

San Joaquin River Basins lost water at a rate of 4.8 ± 0.4 km3/year during the period

October 2003–March 2010 and determined (based on additional observations and hydro-

logical model information) that the majority of the water losses were due to groundwater

depletion in the Central Valley. Scanlon et al. (2012a, b) extended the analysis of long-

term GWS change in the Central Valley region by comparing GRACE estimates with

in situ well measurements and showed that over the drought period from April 2006

through September 2009, GRACE data (minus SNODAS SWE, in situ surface water

reservoir storage change, and GLDAS soil moisture estimates) indicate a groundwater

depletion rate of 7.7 ± 0.7 km3/year, agreeing very well with in situ well data estimate of

7.7 ± 0.1 km3/year.

The significantly larger groundwater depletion rate from Scanlon et al. (2012a, b) is

mostly the result of selecting a different time span (April 2006 and September 2009) from

that (October 2003 to March 2010) used in Famiglietti et al. (2011). The Sacramento and

San Joaquin River Basins (and the encompassed Central Valley) experienced a major
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drought during the period October 2006 through March 2010, which caused greater

groundwater depletion than the overall average (see Fig. 3b). Using different GRACE

gravity solutions and different data processing methods also contributed to the discrepancy.

The groundwater depletion in the Central Valley is expected to continue. The western

USA, especially California, is experiencing one of the most severe droughts on record.

Fig. 3 a Estimated GWS change from GRACE to WGHM (in cm/year of equivalent water height) over the
period January 2005–December 2009, same as Fig. 1c, but enlarged for the western and mid-western USA
b Comparison of GRACE-observed TWS change, WGHM model estimates of SSS water change, and GWS
change from GRACE to WGHM (in cm equivalent water height) for January 2003 through December 2012,
for point C marked by white triangle on Fig. 3a
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This devastating extreme drought will surely increase further groundwater demand in the

Central Valley for agricultural irrigation and domestic use. Studies based on climate model

predictions show clear links between this mega drought and global climate change and

suggest that it may become a chronic event (Swain et al. 2014; Diffenbaugh et al. 2015).

2.3 Groundwater Depletion in Southern Murray–Darling Basin

The MDB is a large drainage basin (area *1.06 million km2) in the interior of south-

eastern Australia (see Fig. 4a), covering about one-seventh of the continent. It supports

almost three-quarters of the country’s irrigated land and generates about 30 % of the

national income derived from agriculture (van Dijk et al. 2007). Australia is the second

driest continent after Antarctica, with mean annual precipitation of *450 mm (over the

past century) (Lavery et al. 1997). Many parts of Australia have suffered from extended

drought conditions (Leblanc et al. 2009), except for tropical northern and northeastern

regions. Chronic drought conditions and excessive groundwater extraction for agricultural,

industrial, and domestic consumption contribute to depletion of groundwater storage in

regions such as the MDB (Tularam and Krishna 2009).

Australia is generally arid with relatively small seasonal hydrological variations

(Awange et al. 2011). However, GRACE satellite gravity measurements still proved useful

for estimating basin or large regional-scale TWS and GWS changes in Australia (e.g.,

Leblanc et al. 2009; Rieser et al. 2010; Awange et al. 2011). The MDB experienced a

severe drought, termed the Millennium Drought (2001–2009; van Dijk et al. 2013), during

which available in situ groundwater level measurements showed an alarming drop in

groundwater storage in the southern MDB (Leblanc et al. 2012).

By analyzing in situ well data, Leblanc et al. (2009) showed that between 2001 and

2007, GWS in the MDB region lost 104 ± 40 km3 (or 17 ± 7 km3/year). The in situ

estimates agree well with estimates from GRACE gravity measurements (combined with

GLDAS snow and soil water estimates) for the period 2003–2007. Leblanc et al. (2012)

extended the study to cover a longer time span and indicated that, over the period August

2002–December 2010, GRACE-estimated groundwater depletion in the southern MDB is

*18 ± 1.3 km3/year.

In a recent study, Chen et al. (2015a) carried out a new analysis of in situ groundwater

level measurements (from a network of 1395 boreholes) and indicated that, over the

20-year period (1993–2012), groundwater storage in the southern MDB and adjacent

coastal regions in Victoria, Australia, has been declining steadily, until a trend reversal

around 2010 attributed to two wet seasons in 2010 and 2011. The average groundwater

depletion rate is estimated to be 3.4 ± 1.4 km3/year for 1993–2012 (4.0 ± 1.7 km3/year

for 1993–2009). During the 10-year overlapping period (2003–2012) with the GRACE

mission, GRACE-estimated groundwater changes (after WGHM SSS water storage esti-

mates have been removed) agree remarkably well with in situ well data. The new GRACE

estimate of groundwater depletion rate in the broad southern MDB region is

*17.2 ± 4.7 km3/year for the period 2005–2009. After groundwater recharge in the past

few wet seasons, the estimated overall groundwater rate is significantly reduced. Annual

GWS changes are strongly correlated with precipitation anomalies, but the magnitudes of

anomalous precipitation and groundwater storage suggest that only about 20 % of

anomalous precipitation contributes to groundwater recharge. The strong correlation

suggests that this significant groundwater depletion is primarily related to drought plus

groundwater pumping for agricultural and domestic consumption (Chen et al. 2015a).
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2.4 Groundwater Depletions in Other Regions

GRACE also captured groundwater depletion in other regions over the world, including

the Middle East, NCP in China and HPA in the USA (Fig. 1c). The groundwater

Fig. 4 a GRACE-observed groundwater rates (in cm/year equivalent water height) for the period 01/2005
through 12/2009, same as Fig. 1c, but enlarged for the MDB and surrounding regions in Australia.
b Comparisons of GRACE-observed TWS change, WGHM model estimates of SSS water change, and GWS
change from GRACE to WGHM (in cm equivalent water height) for the period January 2003–December
2012, for point D marked by white triangle on Fig. 4a
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depletion signal in the Middle East appears also very significant, comparable to those in

northwest and northeast India (at least over the 5-years period illustrated in Fig. 1c).

After removing contributions from snow, canopy storage, and soil moisture storage

using estimates from the GLDAS Variable Infiltration Capacity (VIC) model and

contributions from five major surface water bodies—Lake Van, Lake Daryace (Lake

Urmia), Lake Tharthar, the Assad Reservoir, and the Qadisiyah Reservoir using in situ

measurements—Voss et al. (2013) show that the north-central Middle East is losing

groundwater at an average rate of 13 ± 1.5 km3/year for the period January 2003–

December 2009. A similar study (Joodaki et al. 2014), using GRACE TWS estimates

and the Community Land Model (CLM) 4.5 LSM estimates, shows that the largest

groundwater depletion in the Middle East is occurring in Iran, with a loss rate of

25 ± 3 km3/year during the period 2003–2012. GRACE-observed significant Iranian

groundwater loss is supported by in situ well data (Joodaki et al. 2014). After the

CLM4.5 model predicted natural variations in groundwater is removed from GRACE

estimates, anthropogenic pumping contributions are estimated to be 14 ± 3 km3/year,

over half of the total groundwater loss. The large difference in the estimates of the two

studies is due to different coverages of the studied regions, different time spans, and

different LSMs used in the studies.

The NCP in North China is one of the largest irrigated areas in the world and is

subjected to intensive groundwater-based irrigation. Combining GRACE gravity mea-

surements and model estimates of snow water and soil moisture, Feng et al. (2013) showed

that, over the period 2003–2010, the NCP region lost a significant amount of groundwater

with an average rate of 8.3 ± 1.1 km3/year (2 cm/year). However, other independent

assessments from the Groundwater Bulletin of China Northern Plains (GBCNP) indicate

that groundwater depletion rate in shallow aquifers in the plain for the same time period

was only *2.5 km3/year. The large discrepancy in groundwater depletion estimates may

reflect contributions of groundwater depletion from deep confined aquifers in the NCP and

piedmont regions of North China, which is detectable by GRACE but difficult to quantify

using in situ observations (Feng et al. 2013).

The HPA (450,000 km2) is ranked first among aquifers in the USA for total

groundwater withdrawals (Maupin and Barber 2005). A previous assessment (McGuire

2009) based on measured groundwater data shows that high recharge in the northern

HPA enables sustainable withdrawals, whereas lower recharge in the central and

southern High Plains has resulted in focused depletion of groundwater. Extrapolation of

the current depletion rate suggests that 35 % of the southern HPA may be unable to

support irrigation within the next 30 years (Scanlon et al. 2012b). Despite the large

amount of groundwater withdrawn from the HPA, quantification of long-term ground-

water depletion using GRACE has been more complicated, due to the irregular shape and

south–north orientation of the aquifer and difficulty in accurate separation of HPA

groundwater signal from surrounding TWS changes. However, a few previous studies

(Strassberg et al. 2009; Longuevergne et al. 2010) show that GRACE-estimated GWS

changes are highly correlated with those from detailed groundwater level monitoring

data, indicating that GRACE is capable of detecting long-term GWS in the HPA region

(Rodell and Famiglietti 2002). Through analyzing GRACE data and GLDAS Noah

model estimates for the period 2003–2013, a recent study (Breña-Naranjo et al. 2014)

shows persistent declines in groundwater storage across the HPA at an average rate of

12.5 ± 0.4 km3/year.

408 Surv Geophys (2016) 37:397–417

123 Reprinted from the journal218



3 Major Challenges in Monitoring Groundwater Change Using GRACE

3.1 Uncertainty of SSS Water Storage Changes

As GRACE can only measure the total water mass change (assuming atmospheric and solid

Earth signals have been removed using model estimates), independent determination of

SSS water storage changes plays a key role in separating the GWS contribution from

GRACE-observed TWS change. Any uncertainty or bias in SSS water storage estimates

will directly translate into errors in GRACE GWS estimates (through Eq. 3; see Rodell and

Famiglietti 2002). Although there are limited snow cover and water level measurements of

surface reservoirs available, adequate in situ soil moisture (SM) measurements on large

regional or basin scales are not available in most regions. Furthermore, calculations of

snow water equivalent (SWE) water from remote sensing measurements of snow cover are

often subject to large uncertainty. Hence, removal of SWE and SM storage changes from

the GRACE TWS is generally done using output for these storage changes from LSMs or

global hydrological models (Rodell et al. 2007, 2009), such as the GLDAS (Rodell et al.

2004), WGHM (Güntner et al. 2007), and the CLM (Oleson et al. 2013).

The accuracy of LSM-based estimates of SM and SWE variations depends on the

quality of the input meteorological data and the ability of the model to simulate physical

processes. Water storage changes in surface reservoirs (lakes, manmade reservoirs, and

rivers) can be estimated from limited available in situ observations (Rodell and Famiglietti

2001; Famiglietti et al. 2011; Scanlon et al. 2012). Comparisons between estimates from

two different models (e.g., GLDAS and WGHM) can provide an approximate of the level

of uncertainty of model-estimated SSS variability.

Figure 5 shows the comparisons of long-term SSS trends for the 10-year period from

2003 to 2012, predicted by GLDAS Noah and WGHM. Significantly large discrepancy

exists between the two model predictions (even at long-term timescales), and the magni-

tudes of the differences (shown in Fig. 5c) are at the same level as the signals themselves.

Apparently, the large discrepancy is not due to the absence of a surface reservoir com-

ponent in the GLDAS model, but mostly attributed to the uncertainty of modeled SWE and

SM estimates. Much progress is required before LSMs can accurately model long-term

trends in SWE and SM. Fortunately, in some of the regions studied, where groundwater

storage has experienced significant depletion in recent years (e.g., NWI, HPA, Central

Valley, and NCP), model-predicted SSS trends and uncertainties are relatively small and

largely do not affect GRACE-estimated groundwater rates. Additionally, precipitation and

other measurements can be used to help diagnose likely SSS water storage changes and the

possible uncertainties of model predictions (Rodell et al. 2009; Chen et al. 2014).

3.2 Uncertainties in GRACE TWS Storage Changes

Limited by the coarse spatial resolution of GRACE measurements (at *200–500 km),

accurate quantification of subregional TWS and/or groundwater storage changes is chal-

lenging. The spatial resolution of GRACE time-variable gravity solutions is mostly con-

trolled by two factors: (1) the altitude of the GRACE satellites (*450 km now) and the

distance (*220 km) between the twin satellites and (2) the need for spatial filtering (or

smoothing) to suppress strong spatial noise in GRACE data (i.e., stripes and other residual

noise) to extract reliable mass change signals. The high degree and order terms of GRACE

spherical harmonic coefficients are mostly dominated by noise. Therefore, appropriate
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spatial filtering, such as decorrelation filtering (Swenson and Wahr 2006) and/or Gaussian

smoothing (Jekeli 1981), is needed to reduce noise.

Truncation of GRACE time-variable gravity solutions (at degree and order 60) and use

of spatial filtering or smoothing degrade the spatial resolution and dampen the retrieved

magnitude of GRACE-observed mass changes. Experiments shown in Fig. 6 demonstrate

these effects through simulations using WGHM-simulated long-term TWS changes due to

excessive groundwater withdrawal or pumping in certain regions, e.g., NWI and NCP. The

Fig. 5 a GLDAS SSS rates (in cm/year equivalent water height; water in surface reservoirs, a minor
component, is not included in GLDAS) over the period January 2003–December 2012. b WGHM SSS rates
during the same 10-years period. c GLDAS-WGHM SSS rates, i.e. (a) minus (b). No smoothing or
truncation has been applied to the model SSS data
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four panels in Fig. 6 show WGHM-predicted long-term TWS rates at each grid point (on

1� 9 1� grids) in part of Asia in four different cases: (a) true model prediction; (b) model

prediction with only truncation (at degree and order 60) applied; (3) model prediction with

truncation and 300 km Gaussian smoothing applied; and (4) model prediction with trun-

cation and 500 km Gaussian smoothing applied.

Truncation alone (Fig. 6b) results in significant leakage (i.e., signal spread outside

original area) and attenuation of signal amplitude, relative to the original true signal

(Fig. 6a). After truncation at degree and order 60 (same as used in GRACE RL05 monthly

solutions) and 300 km Gaussian smoothing, the magnitudes of TWS changes in the NWI

and NCP regions have been reduced to less than 50 % of the true signal. After 500 km

Gaussian smoothing, the magnitudes of TWS rates are further attenuated to only

*20–30 % of the true signal. Leakage and attenuation effects depend not only on the

degree and order (60 here) of the truncation and scales of spatial filtering or smoothing, but

also on the spatial pattern and distribution of the true mass change. Nevertheless, to

accurately quantify long-term variations in TWS or groundwater storage using GRACE

time-variable gravity data, leakage and attenuation biases in GRACE estimates have to be

effectively reduced. This is a challenging task, which requires both a thorough

Fig. 6 WGHM-predicted long-term TWS mass rates (in cm/year equivalent water height change) at each
grid point (on 1� 9 1� grids) in part of Asia in 4 different cases: a true model prediction from WGHM;
b model prediction with only truncation (at degree and order 60) applied; (3) model prediction with
truncation and 300 km Gaussian smoothing applied; and (4) model prediction with truncation and 500 km
Gaussian smoothing applied

Surv Geophys (2016) 37:397–417 411

123Reprinted from the journal 221



understanding of GRACE leakage and attenuation effects and their dependency on tem-

poral and spatial spectra of GRACE-observed TWS changes, and accurate knowledge of

how to quantify and reduce leakage and attenuation biases.

There are a number of methods that can help reduce the leakage bias. Scale factors can

be used to correct the bias in GRACE values (Velicogna and Wahr 2006). Scale factors can

be estimated from model-estimated TWS storage changes by comparing model-predicted

TWS values with the same model estimates after truncation and filtering (Chen et al. 2005;

Landerer and Swenson 2012). However, the scaling factor method may only be valid for

restoring seasonal amplitude and not for restoring the amplitudes of secular trends, as it is

generally believed that seasonal TWS variability (or at least its spatial patterns) can be

reliably simulated by LSMs, while interannual trends are commonly not well represented.

The success of this method relies on whether the model used represents well the correct

spatial patterns of the signal. Long-term TWS and groundwater changes are either absent

or mostly not well modeled in the hydrological models, and therefore, the scale factor

method is not recommended for multi-year and long-term timescales, unless people can

construct good synthetic data models that can faithfully represent long-term TWS and

groundwater storage change.

Forward modeling has proved to be an effective tool for accurately quantifying leakage

effects and to obtain unbiased estimates of regional mass changes using GRACE gravity

data. This method has been originally developed for studying long-term ice melting rates

of polar ice sheets (e.g., Chen et al. 2006, 2009; Wouters et al. 2008) and mountain glaciers

(e.g., Chen et al. 2007), when the locations of ice mass changes are approximately known

(which are considered constrained experiments). The forward modeling method has later

been extended to global scales with no constraints in the studies of global sea level rise

(e.g., Chen et al. 2013) and regional groundwater depletion (e.g., Chen et al. 2014). In the

forward modeling approach, iterative numerical simulations are used to find a ‘‘true’’ mass

change field that best matches the GRACE-observed mass change, after repeating the same

data processing procedures as applied to GRACE data, which include truncation of

spherical harmonics, treatment of low-degree terms, and spatial filtering. The major

advantage of forward modeling is that it is solely dependent on GRACE data and is

unaffected by model uncertainty as in the scale factor approach. The details of the forward

modeling algorithm and procedures with and without constraint are available in a recent

article (Chen et al. 2015b).

Leakage error in GRACE estimates can also be reduced by using high-resolution

mascon solutions that are derived either directly from GRACE satellite range and range

rate measurements (Rowlands et al. 2005; Luthcke et al. 2013) or from GRACE spherical

harmonic solutions (Jacob et al. 2012; Schrama et al. 2014). Please note that forward

modeling can be regarded as a mascon approach using GRACE spherical harmonic

solutions and is solved in the spatial domain, as compared to the spherical harmonic

domain (e.g., Jacob et al. 2012).

In addition to the leakage and attenuation effects discussed previously, other error

sources also affect GRACE-observed TWS and groundwater storage change. Some low-

degree spherical harmonics of GRACE gravity solutions, especially the zonal term C20,

are not well determined and are recommended to be replaced by independent measure-

ments from satellite laser ranging (Cheng and Ries 2012). The degree-1 terms (C10, C11,

S11), representing geocenter motion (mass center of the Earth system with respect to the

origin of the reference frame) are not available in GRACE solutions. The uncertainty (or

absence) of these low-degree terms on TWS and groundwater estimates may not be

negligible, depending on spatial scales of the studied regions (e.g., Chen et al. 2005).
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However, because groundwater depletion often occurs in relatively small confined regions

(such as NWI, HPA, Central Valley, and NCP), the effects from uncertainties of those

lowest degree terms (longest wavelength mass change) are expected to be small.

It is worthy of note that groundwater storage change estimates derived from GRACE

observations likely have larger uncertainty in humid regions (e.g., Bangladesh) due to large

seasonal water storage changes (Shamsudduha et al. 2012). This is because the uncertainty

of model-estimated seasonal TWS changes in these humid regions can be translated into

relatively large uncertainty of interannual or long-term TWS changes and therefore affect

the estimates of long-term TWS and groundwater change. When time series are relatively

short (e.g., a few to several years), the uncertainty of GRACE-estimated long-term

groundwater change can be large due to strong seasonal and interannual variability. With

longer records (over 13-years so far) of GRACE gravity solutions available, the associated

uncertainty will become less of a concern.

4 Summary

The 13-year record of GRACE time-variable gravity solutions provides a revolutionary

means for measuring water mass movement and redistribution in the global water cycle

and offers a unique tool for monitoring long-term groundwater storage change at conti-

nental to global scales (Famiglietti 2014). GRACE measurements have captured significant

groundwater depletion in many aquifers or regions globally, including NWI (and neigh-

boring eastern Punjab Province in Pakistan), HPA, and Central Valley in the USA, the

NCP in China, the Middle East, and the southern MDB in Australia. Among those, the

NWI and Middle East regions show the most significant and persistent groundwater

depletion over the past decade, with rates as large as 20.4 ± 7.1 km3/year and

25 ± 3 km3/year, respectively, for the period 2003–2012 (Chen et al. 2014; Joodaki et al.

2014). The Central Valley is also losing a large amount of groundwater with estimated

depletion rates range from 4.8 ± 0.4 to 7.7 ± 0.7 km3/year, depending on the time span of

the studies, and GRACE estimates agree well with in situ well data (Famiglietti et al. 2011;

Scanlon et al. 2012). Even though the estimated Central Valley groundwater depletion

rates appear not so significant compared with those for NWI and the Middle East, the

current record-breaking severe chronic drought in California is only expected to worsen the

already dismal situation there.

A summary of GRACE-estimated groundwater depletion rates for regions or aquifers

discussed in the present study plus some other regions compiled by Famiglietti (2014) is

listed in Table 1. The definitions of aquifers or regions may be somewhat different in

different studies and some of them may be overlapped. It is difficult to get an accurate

estimate of the total groundwater depletion rate over the world based on these estimates

due to the different time spans covered by different studies and the omission of many other

aquifers or regions. However, given the significant and persistent groundwater depletions

in some of the regions, the total groundwater depletion rate over the past decade in these

studied regions can be easily over 100 km3/year. Excessive groundwater depletions not

only pose as a great threat to the sustainability of regional water resource supply and

ecosystem, but also contribute to global sea level rise. The 100 km3/year groundwater loss

over land will contribute *0.27 mm/year to the global sea level rise. The actual total

groundwater depletion rate over the world could be significantly higher than the above
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estimate, as many other aquifers or regions with relatively small magnitudes of ground-

water depletions are not included.

Due primarily to the sparseness of soil moisture observations, quantifying groundwater

change using GRACE time-variable gravity measurements often depends on accurate

removal of SSS water storage changes by subtracting modeled estimates (Rodell et al.

2007) or by assimilating GRACE TWS data into a land surface model (Zaitchik et al.

2008). This is one of the major challenges limiting effective application of GRACE data to

study GWS changes. Any uncertainty in model-estimated SSS water storage changes will

be reflected in the residual groundwater storage changes. Further, modeled interannual SSS

trends are with significant uncertainty (as shown in Fig. 5c). GRACE-observed TWS

changes are subject to large ‘‘leakage’’ of signals from adjacent regions, due to the trun-

cation of GRACE gravity spherical harmonic coefficients and the spatial filtering required

to suppress the dominant spatial noise in GRACE data. How to reduce leakage bias in

GRACE TWS and groundwater estimates is another major challenge to overcome. The

effect of uncertainty in GRACE low-degree spherical harmonic coefficients on GRACE

groundwater estimates is expected to be small, due to the scales of groundwater depletion

in most cases being significantly smaller than the length scales of those harmonics.

The GRACE mission is entering its 14th year, and the GRACE follow-on mission is

scheduled to be launched in 2017. With the long record (now 13 years) of GRACE time

series, and improvement of data quality and data processing methods, GRACE time-

variable gravity measurements will continue offering great potential to improve under-

standing of the global water cycle and for monitoring and quantifying long-term variability

in groundwater resources globally.

Table 1 Summary of GRACE-estimated groundwater depletion rates (in units of km3/year) for selected
aquifers or regions over the world discussed in the present study, plus some compiled by Famiglietti (2014)

Aquifer or region (References) Depletion rate
(km3/year)

Time
period (year.month)

Northwestern India, Rodell et al. (2009) 17.7 ± 4.5 2002.08–2008.10

Northwestern India, Chen et al. (2014) 29.4 ± 8.4 2003.01–2007.12

Northwestern India, Chen et al. (2014) 20.4 ± 7.1 2003.01–2012.12

Northern India (NW ? NE India), Tiwari et al. (2009) 54 ± 9 2002.04–2008.06

Middle East, Iran, Joodaki et al. (2014) 25 ± 3 2003.01–2012.12

Middle East, North-Central, Voss et al. (2013) 13 ± 1.5 2003.01–2009.12

Southern MDB Australia, Leblanc et al. (2012) 18 ± 1.3 2002.08–2010.12

Southern MDB Australia, Chen et al. (2015a, b) 17.2 ± 4.7 2003.01–2010.01

Central Valley USA, Famiglietti et al. (2011) 4.8 ± 0.4 2003.10–2010.03

Central Valley USA, Scanlon et al. (2012a, b) 7.7 ± 0.7 2006.04–2009.09

High Plains Aquifer, Breña-Naranjo et al. (2014) 12.5 ± 0.4 2003.01–2012.12

North China Plain, Feng et al. (2013) 8.3 ± 1.1 2003.01–2010.12

Arabian Middle East, Richey (2014) 15.5 2003.01–2013.01

Canning Basin Australia, Richey (2014) 3.6 2003.01–2013.01

Guarani South America, Richey (2014) 1.0 2003.01–2013.01

Northwest Sahara, Richey (2014) 2.7 2003.01–2013.01

Arabian Richey (2014) 2.7 2003.01–2013.01

Please note that definitions of aquifers or regions may be different in different studies and some of them may
be overlapped
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Abstract Except for frozen water in ice and glaciers, groundwater is the world’s largest

distributed store of freshwater and has strategic importance to global food and water

security. In this paper, the most recent advances quantifying groundwater depletion (GWD)

are comprehensively reviewed. This paper critically evaluates the recently advanced

modeling approaches estimating GWD at regional and global scales, and the evidence of

feedbacks to the Earth system including sea-level rise associated with GWD. Finally,

critical challenges and opportunities in the use of groundwater are identified for the

adaption to growing food demand and uncertain climate.

Keywords Groundwater depletion (GWD) � Climate variability � Socioeconomic

development � Water scarcity � Sustainability � Projections

1 Introduction

Groundwater is the largest storage of freshwater available for use by humans and

replenished by precipitation in a form of groundwater recharge (Fig. 1). It is estimated that

there is 4.2 million km3 of groundwater within 2.5 km of the Earth’s surface (USGS 1999).

Due to its slow response time, groundwater storage is relatively insensitive to seasonal or

even multi-year climatic variation (Manga 1999; Tague et al. 2008; Taylor et al. 2013;

Pokhrel et al. 2013). As a result, groundwater is generally a more reliable water resource
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than surface water (water in rivers, lakes, and wetlands), especially during droughts when

discharge from groundwater-fed springs and shallow wells are often the only remaining

sources of water (Tallaksen and van Lanen 2004; Aeschbach-Hertig and Gleeson 2012;

Taylor et al. 2013). Being considered as a reliable water resource, renewal rates of

groundwater are low in many regions of the world where groundwater recharge is limited

due to low rainfall and high evaporation rates (Edmunds 2003; Sturchio et al. 2004; Döll

and Fiedler 2008). In these parts, the risk of overexploitation is large (Konikow and Kendy

2005; Scanlon et al. 2007; Wada et al. 2010; Konikow 2011).

Many parts of the world rely heavily on groundwater for human uses, particularly

areas with limited rainfall, or high water demand from irrigation and households such as

India, the USA, Pakistan, China, the Middle East, and Mexico (Scanlon et al. 2010;

Siebert et al. 2010; Wada et al. 2012a). For the USA, half of the population relies on

groundwater for drinking water uses (USGS 1999). Irrigation involves the large-scale

redistribution of freshwater from rivers, lakes, reservoirs, and groundwater, which has led

to environmental flow degradation, groundwater depletion (GWD), changes in surface

energy budgets associated with enhanced evapotranspiration, and eventually sea-level

rise (SLR).

Except for frozen water in ice and glaciers, groundwater is the world’s largest dis-

tributed store of freshwater and has strategic importance to food and water security. In this

paper, the most recent advances evaluating human impacts on groundwater resources are

comprehensively reviewed. This paper includes the recently advanced modeling approa-

ches quantifying GWD and the evidence of feedbacks to the Earth system including sea-

level rise associated with GWD. Critical challenges and opportunities in the use of

groundwater are also identified to adapt to growing food demand and uncertain climate in

the twenty-first century.

Fig. 1 Conceptual representation of climate, groundwater, and pumping (Courtesy: Michael Dean
Hitchcock)
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2 Human Water Use and Groundwater Pumping

To sustain growing food demand and increasing economic development, humans extract

vast amounts of water from surface water and groundwater resources (Ramankutty and

Foley 1998; Ramankutty et al. 2008; Flörke et al. 2013) (Fig. 2). Global water withdrawal

has increased by 8 times from 500 to 4000 km3 year-1 since the beginning of the twentieth

century with a rapid increase at a rate of 15 % per decade between 1960 and 2010 (Wada

et al. 2014a). Agriculture, mostly irrigation, is the principal user of water and accounts for

70 % of the total, with the remaining part attributable to the industrial and domestic sectors

(Falkenmark et al. 1997; Shiklomanov 2000a, b; Döll and Siebert 2002; Vörösmarty et al.

2005, 2010; Oki and Kanae 2006; Haddeland et al. 2006; Bondeau et al. 2007; Fischer

et al. 2007; Gerten et al. 2007; Hanasaki et al. 2008a, b; Rost et al. 2008; Liu and Yang

2010; Siebert and Döll 2010; Siebert et al. 2010; Wisser et al. 2010; Biemans et al. 2011;

Flörke et al. 2013; Konzmann et al. 2013; Wada et al. 2013a, b). To boost water avail-

ability, tens of thousands of reservoirs have been built in many tributaries of the major

rivers and their total storage capacities exceed 8000 km3 worldwide (Chao et al. 2008;

Lehner et al. 2011).

Due to soaring water withdrawal, water scarcity condition is deteriorating in northwest

India, northeast Pakistan, northeast China, the Middle East, and North Africa, increasing

uncertainty for sustainable food production and economic development (Gleick 2000,

2003, 2010; World Water Assessment Programme 2003; Oki and Kanae 2006; Hanasaki

et al. 2008a, b; Döll et al. 2009; Kummu et al. 2010; Vörösmarty et al. 2000, 2010; Wada

et al. 2011a, b, 2014a, b; Gain and Wada 2014; Famiglietti 2014). The United Nations alert

that in these regions, the shortage of water is beginning to constrain economic growth

(World Water Assessment Programme 2009). In water-scarce regions, the water demand

often exceeds the available surface water resources due to high water demand from irri-

gation (Siebert et al. 2010; Wisser et al. 2010; Biemans et al. 2011; Wada et al. 2013b;

Haddeland et al. 2014).

Groundwater resources serve as the main source of such intense irrigation in areas

overlying productive aquifers (Foster and Chilton 2003; Konikow and Kendy 2005; Siebert

et al. 2010; Aeschbach-Hertig and Gleeson 2012; Wada et al. 2012a, b). Importantly, as

long as groundwater abstraction is smaller than groundwater recharge, it will only reduce

the groundwater discharge to surface water (base flow) (Lo et al. 2008). However, if

groundwater abstraction exceeds the recharge over extensive areas for prolonged periods,

persistent GWD occurs where groundwater reserves still exist, leading to falling ground-

water levels (Konikow and Kendy 2005; Karami and Hayati 2005; Llamas and Martı́nez-

Santos 2005; Shah 2005; Foster and Loucks 2006; Reilly et al. 2008; Rodell et al. 2009;

Tiwari et al. 2009; McGuire 2009; Scanlon et al. 2010; Wada et al. 2010; Konikow 2011;

Famiglietti et al. 2011; Döll et al. 2012, 2014; Gleeson et al. 2012a, b; Scanlon et al. 2012a,

b; Taylor et al. 2013; Voss et al. 2013; Famiglietti, 2014). In that case, fossil groundwater,

not being an active part of the current hydrological cycle, is used as an additional, albeit

non-renewable, source of water supply that may have devastating effects on natural

streamflow, groundwater-fed wetlands, and related ecosystems (Foster and Chilton 2003;

Foster et al. 2004; World Water Assessment Programme 2009; Aeschbach-Hertig and

Gleeson 2012). Over-pumping of groundwater can also cause extensive land subsidence

due to the compaction of unconsolidated aquifer systems, being the single largest cause of

subsidence. Excessive pumping has resulted in permanent subsidence and related ground
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failures due to that accompanying release of water mostly non-recoverable reduction in the

pore volume of the compacted soils in the aquifer system (USGS 2000).

Excessive groundwater pumping for irrigation can also perturb regional climate. Over

the Ogallala Aquifer in the Great Plains (USA), groundwater-fed irrigation enhances

regional precipitation by 15–30 % during July from the easternmost part of the aquifer to

as far downwind as Indiana (DeAngelis et al. 2010) and a downwind precipitation by

20–30 % over the Midwest (Kustu et al. 2011). Thus, intensive groundwater irrigation

causes local streamflow decrease in the Great Plains, but an increase in streamflow in the

Midwest linked to the enhanced July precipitation (Kustu et al. 2010, 2011).

In order to analyze the human-induced change on water resources, a number of models

that simulate the terrestrial part of the hydrological cycle on a regional to global scale

(Yates 1997; Nijssen et al. 2001a, b) have been developed. These include Macro-PDM

(Arnell 1999, 2004), WBM (Vörösmarty et al. 2000), VIC (Sheffield and Wood 2007),

WASMOD-M (Widén-Nilsson et al. 2007), and LPJmL (Gerten et al. 2007; Konzmann

et al. 2013). TRIP (Oki et al. 2001) has been used as a river routing model coupled with

hydrological models. H08 (Hanasaki et al. 2008a, b, 2010), MATSIRO (Pokhrel et al.

2012a, b; Koirala et al. 2014), PCR-GLOBWB (Van Beek et al. 2011; Wada et al. 2014a),

and WaterGAP (Alcamo et al. 2003a, b; Döll et al. 2003, 2009, 2014) include anthro-

pogenic effects in global water balance simulation, considering groundwater and surface

water use (water withdrawal, return flow, and consumptive water use) and reservoir

regulation.

Conventionally, groundwater use is estimated from tubewell inventories or phreatic

surface fluctuations; however, such information is hardly available over a large aquifer

system. Table 1 shows data- and model-based estimates of the global groundwater

pumping rate. The data-based estimates are primarily based on available country statistics,

falling into a range of 600–800 km3 year-1. However, the model-based estimates vary

substantially among the studies. Wisser et al. (2010) estimate total groundwater use to be

1700 km3 year-1. Döll (2009) estimates that to be 1100 km3 year-1 using a fraction of

groundwater-to-total water withdrawals per country and WaterGAP model simulation

(Alcamo et al. 2003a, b). Vörösmarty et al. (2005), Rost et al. (2008), Wisser et al. (2010),

Hanasaki et al. (2010), Pokhrel et al. (2012a, b) and Yoshikawa et al. (2014) implicitly

quantified unsatisfied water use (i.e., non-renewable water use), ranging from 400 to

1200 km3 year-1. The estimates vary substantially by implicitly quantifying the amounts

with water demand exceeding locally accessible supplies of surface water (one grid cell)

and are thus not limited to groundwater. Wada et al. (2010) combined the available global-

scale information of country groundwater abstraction rate obtained from the International

Groundwater Resources Assessment Centre (IGRAC; http://www.un-igrac.org/) with

hydrological model simulation.

The data-based estimates contain many missing country data in Asia, Africa, South

America, and Europe (e.g., Afghanistan and the Former Yugoslavia). In addition, a con-

siderable part of groundwater pumping may remain unreported. For example, the IGRAC

database reports groundwater abstraction of 190 km3 (year 2000) for India, while Foster

and Loucks (2006) suggest 240 km3. Given extensive missing data and non-reported

groundwater abstraction, the model-based estimates (e.g., Vörösmarty et al. 2005; Rost

et al. 2008; Wisser et al. 2010; Hanasaki et al. 2010) have a clear advantage; however, they

neglect physical, technologica,l and socioeconomic limitations in water use that exist in

various countries. Potential errors in these methods can be substantial, given the consid-

erable variation among the estimates.
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Estimating groundwater recharge poses an additional uncertainty since observed

recharge rates are rarely available at the scale used in hydrological models. Natural

replenishment of groundwater occurs predominantly from precipitation (i.e., diffuse

recharge) and from surface water bodies such as ephemeral streams, wetlands or lakes

(focused recharge via leakage) (Scanlon et al. 2002, 2005, 2006, 2007, 2010; Crosbie et al.

2012; Taylor et al. 2013). Therefore, recharge is strongly influenced by climate variability

including climate extremes (i.e., droughts and floods) that often relate to modes of climate

variability such as El Niño Southern Oscillation (ENSO) at multiyear timescales (Tren-

berth et al. 1988; Wilhite 2000; Seager 2007; Crosbie et al. 2012). Modeled global esti-

mates of diffuse recharge range from 13,000 to 17,000 km3 year-1, equivalent to 30–40 %

of the world’s renewable freshwater resources (Döll and Fiedler 2008; Wada et al. 2010;

Wada and Heinrich 2013) (Fig. 3). These modeled global recharge fluxes do not include

focused recharge which, in semi-arid environments, can be substantial. Wada and Heinrich

(2013) estimated additional recharge from irrigation to be 500 km3 year-1 globally, which

is \5 % of the global diffuse recharge, but can be substantial over arid environments

(Fig. 4).

3 Global and Regional Assessments of Groundwater Depletion

Large-scale assessment of GWD remains challenging. The lack of observation-based

information on groundwater pumping and recharge as well as groundwater-level change

hinders accurate estimates of GWD across the world (Konikow 2011; Gleeson and Wada

2013).

In order to estimate the rate of GWD at a regional- to continental- and global-scale, three

different approaches have been primarily employed: (1) using ground-based measurements

such as water table depth and a regional-scale (calibrated) groundwater flow model to

simulate groundwater storage change due to pumping (volume-based method), (2) use of a

large-scale hydrological and water resources model to estimate groundwater fluxes of

pumping and recharge, and then resulting GWD (flux-based method), and (3) utilizing near

in situ satellite observation such as the GRACE (Gravity Recovery and Climate Experi-

ment) to infer groundwater storage change from total terrestrial water storage change (TWS:

snow water, surface water, soil water, and groundwater storage) (satellite-observed method;

see Chen et al. (2015) in this issue for the detailed descriptions). Table 2 summarizes recent

estimates of GWD at regional and global scales using these different approaches.

Since the impact of GWD is highly localized, regional groundwater flow modeling

provides accurate estimates of groundwater-level change (Aeschbach-Hertig and Gleeson

2012). Cao et al. (2013) built a multilayer, heterogeneous and anisotropic flow model using

MODFLOW (Harbaugh et al. 2000) in order to simulate spatiotemporal variability in

GWD across the North China Plain (NCP) (volume-based method). Simulated average

GWD was found to be about 4 km3 year-1 from 1960s to 2008. However, GWD varied

with time: 2.5 km3 year-1 in the 1970s, 4.0 km3 year-1 in the 1980s, 2.0 km3 year-1 over

1990–1996, 7.0 km3 year-1 over 1997–2001, and 4.0 km3 year-1 over 2002–2008. Using

the GRACE-derived total TWS changes, Feng et al. (2013) and Huang et al. (2015)

estimated GWD in the NCP to be 8.3 (±1.1) km3 year-1 over 2003–2010 and 4.0 (±0.6)

km3 year-1 over 2003–2012 respectively. Hu et al. (2010) also applied a groundwater flow

model over the same region and found that about 30 % reduction in irrigation could

prevent GWD in the plain, and an additional 10 % reduction in irrigation pumping would

induce groundwater recovery.
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Groundwater recharge [millimeter per year]
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Fig. 3 Global diffuse groundwater recharge from a Döll and Fiedler (2008) and b Wada et al. (2010), and
the difference (a, b). These are estimated at a grid scale (0.5� by 0.5�; 50 km by 50 km at the equator)
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Since its launch in 2002, the GRACE gravity estimation has been increasingly

employed to quantify groundwater storage changes at regional scales (satellite-observed

method). The GRACE detects changes in TWS by measuring temporal variations in the

gravity field (Tapley et al. 2004). Groundwater storage changes can be assessed after

subtracting remaining TWS changes from GRACE-derived total TWS changes. However,

the isolation of groundwater storage change from GRACE-based TWS can cause a large

difference using other water storage components derived typically from land surface or

hydrological models that have different process orientations and model structure, e.g.,

inclusion of irrigation and reservoir operations (Rodell et al. 2009; Tiwari et al. 2009;

Jacob et al. 2012; Shamsudduha et al. 2012; Voss et al. 2013). Huang et al. (2015)

indicated that the shallow groundwater declines faster than the deep groundwater in the

NCP, but the shallow groundwater storage recovers quickly during the recent 2008–2011

drought. In general, many large-scale models do not accurately represent surface water–

groundwater interactions and simulated soil water storage may be under- or overestimated

(see Döll et al. (2015) in this issue for the detailed descriptions). In addition, coarse spatial

resolution and noise contamination inherent in GRACE data pose a challenge estimating

GWD in small aquifers (Longuevergne et al. 2010; Famiglietti et al. 2011; Scanlon et al.

2012a, b) and subsequently global application of estimating GWD (Famiglietti 2014;

Richey et al. 2015). Moreover, using in situ groundwater-level observations, Shamsudduha

et al. (2012) showed that GWD estimates for the humid tropics (e.g., Bangladesh) derived

from GRACE gravity estimation may be subject to large uncertainties due to highly

seasonal water storage changes.

Use of a global-scale hydrological model enables to simulate the distribution of global

hotspots of GWD. Wada et al. (2010) calculated GWD defined as groundwater abstraction

in excess of recharge (flux-based method) (Fig. 5). The analysis was limited to sub-humid-

to-arid climate zones to avoid overestimation arising from increased capture of discharge

and enhanced recharge due to groundwater pumping (Bredehoeft 2002). The results

revealed that global GWD increased from 126 (±32) to 283 (±40) km3 year-1 over

1960–2000. Wada et al. (2012a, b) applied a correction factor to constrain the original

Irrigation return flow to groundwater [millimeter per year]
0 - 2 2 - 20 20 - 100 100 - 300 300 - 1000

Fig. 4 Global irrigation return flow to groundwater system estimated at a grid scale (0.5� by 0.5�; 50 km by
50 km at the equator)
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GWD estimate (Wada et al. 2010) by regionally reported numbers, producing a 30 %

lower estimate (204 ± 30 km3 year-1). The results also showed that GWD contributes

nearly 20 % to global irrigation water supply. A recent study by Döll et al. (2014) com-

bined hydrological modeling with information from well observations and GRACE

satellites. They also simulated focused groundwater recharge from surface water bodies in

dry regions, while Wada et al. (2010, 2012a, b) included only diffuse rain-fed recharge.

Moreover, Döll et al. (2014) applied deficit irrigation (70 % of optimal water requirement)

and estimated global GWD to be 113 km3 year-1 during 2000–2009 (see Table 2). Pokhrel

et al. (2015) used an integrated hydrologic model, which explicitly simulates groundwater

dynamics and pumping within a global land surface model. Simulated global GWD was

found to be 330 km3 year-1 for 2000. Large uncertainty inherent in flux-based method can

be largely reduced by combining hydrological model simulation with local well obser-

vations or GRACE satellite observation (Döll et al. 2014).

Recent advancement in remote sensing technique also enables to quantify GWD over a

large extent. Ahmad et al. (2005) combined remote sensing and water balance approaches

Annual groundwater depletion [million cubic meter per year]
0 - 2 2 - 20 20 - 100 100 - 300 300 - 1000 > 1000

(a)

(b)

Fig. 5 Global GWD for the year 1960 and 2010 estimated at a grid scale (0.5� by 0.5�; 50 km by 50 km at
the equator)
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and revealed large GWD in Pakistan. Cheema et al. (2014) used remotely sensed evapo-

transpiration and precipitation combined with a hydrological model and spatial information

on canal water supplies to quantify the extent of GWD in the Indus (31 km3; Table 2). Van

Dijk et al. (2014) integrated water balance estimates derived from GRACE satellite

observation, satellite water-level altimetry, and off-line estimates from several hydrolog-

ical models, using the data assimilation framework. The data assimilation framework

improved the estimate of global GWD derived from the flux-based method from 168 to

92 km3 year-1 (average 2003–2012).

Rapid advancement in large-scale hydrological modeling and increasing availability of

near in situ satellite observation on groundwater storage change from the GRACE satellites

provide a new opportunity to estimate the amount of GWD at a regional to global scale.

This is particularly useful for areas with insufficient data and in transboundary river basins

and aquifers where political conflicts sometimes hinder data sharing among sovereign

countries.

4 Groundwater Depletion and Sea-Level Rise

Sea-level rise (SLR) is generally attributed to thermal expansion and the melt of glaciers,

ice caps, and ice sheets. However, groundwater pumping for agriculture (mostly irrigation)

and other uses (industry and households) contributes to SLR through the persistent removal

of dormant groundwater from subsurface storage as a net transfer of freshwater to active

hydrological cycle at the Earth’s surface.

The rate of GWD and its contribution to SLR has been subject to much debate (Gornitz

1995; Gregory et al. 2013). In the IPCC AR4 (Solomon et al. 2007), the contribution of

non-frozen terrestrial waters including GWD to sea-level variation is not included due to

its perceived uncertainty. One of the earliest studies by Sahagian et al. (1994) estimated

that GWD occurs at a rate of 86.7 km3 year-1 contributing 0.24 mm year-1 to SLR, while

Gornitz (2001) indicated that GWD can contribute 0.10–0.30 mm year-1 to SLR (see also

Table 2). Foster and Loucks (2006), who assessed GWD over the Middle East and North

Africa, estimated 26.8 km3 year-1 equivalent to 0.075 mm year-1 of SLR. These studies

evaluate direct groundwater storage changes, but cover only limited number of aquifers

and did not account some of large aquifer systems of intensive groundwater mining (e.g.,

Indo-Gangetic Plain and North China Plain).

More recently, based on the flux-based method Wada et al. (2010) estimated the current

rate of global GWD to be 283 (±40) km3 year-1 (0.8 ± 0.1 mm year-1), responsible for

25 (±3) % of recently observed SLR. Critical assumption is that 97 % of the GWD adds

up to the ocean based on the ratio of groundwater recharge to total precipitation on Earth

and assuming all other stores (atmospheric moisture and surface waters) to remain con-

stant. Later, Wada et al. (2012b) revised their approach and estimated that the average

global GWD rate amounts to 163 (±28) km3 year-1 during 1990–2000, equivalent to a

SLR of 0.46 (±0.08) mm year-1. During the twentieth century, the contribution of GWD

to global sea level increased from 0.035 (±0.009) to 0.57 (±0.09) mm year-1 (see Fig. 6).

When the contribution of global GWD to SLR is placed in context with other terrestrial

water sources including reservoir impoundment, water release due to deforestation, marsh

drainage, or wetland loss, and storage loss from endorheic lakes (mostly from the Aral

Sea), it is important to note that reservoir impoundment due to dam building is of the

opposite sign in its sea-level contribution, suggesting that the volume of water accumulated

432 Surv Geophys (2016) 37:419–451
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in reservoirs up to 2010 amounts to *30 mm sea-level equivalent (Chao et al. 2008).

However, Lettenmaier and Milly (2009) indicated that the volume of silt accumulated in

reservoirs should be removed, which is equal to *4 mm sea-level equivalent. Indeed,

silting up of existing reservoirs may already be, or in coming decades may become, a larger

effect on impoundment than construction of new reservoir capacity (Wisser et al. 2013).

The net contribution of terrestrial water sources to global SLR is rather small with the

average rate of ?0.05 (±0.016) mm year-1 over the period 1900–1950. However, as a

result of increased dam building from the mid-twentieth century, the net contribution
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Fig. 6 a Historical and future trends of global GWD rates and b Historical and future trends of the
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became consistently negative with the average rate of -0.21 (±0.08) mm year-1 during

1950–1990, and -0.15 (±0.09) mm year-1 during 1970–1990. Since the 1990s, dam

building has been tapering off and GWD has been steadily increasing, and the net con-

tribution became positive with the average rate of ?0.25 (±0.09) mm year-1 over the

period 1990–2000. During the recent decade, GWD is fast becoming the most important

positive terrestrial water contribution, and currently already outweighs the negative con-

tribution from dam building (Wada et al. 2012b).

The flux-based method, however, overestimates GWD as it does not account for

increased capture due to decreased groundwater discharge and enhanced recharge from

surface waters (Bredehoeft 2002). The methods ignore the compensating changes due to

pumping in other water fluxes, such as groundwater recharge and discharge. While the

estimated rate by Wada et al. (2012b) is fairly well constrained, simplifying assumption

may influence the results as they assumed the correction factor to be constant over time.

They also assumed that groundwater is attainable throughout the projection, which may be

optimistic in regions, where groundwater level may become too low for local farmers with

limited technologies to extract. In addition, uncertainties arise from imposed scenarios of

climate and socioeconomic development.

A subsequent volume-based study by Konikow (2011) estimated global GWD to be 145

(±39) km3 year-1 (0.41 ± 0.1 mm year-1). This estimate used direct evidence of

groundwater storage changes from groundwater-level observations, calibrated groundwater

modeling, and GRACE satellite data to calculate GWD (101.6 km3 year-1;

0.29 mm year-1) for the USA and other five aquifer systems of the world (north India,

North China Plain, Saudi Arabia, Nubian and Sahara). GWD of the rest of the world

(43.7 km3 year-1; 0.12 mm year-1) was extrapolated by employing the fixed ratio of

depletion to abstraction observed in the USA (15.4 %). Thus, this volume-based estimate

does not account for regional variability in the relationship between GWD and abstraction.

Although near-in-situ estimates of regional GWD are becoming more and more available

by the benefit of the GRACE data, no global estimate of GWD based on direct groundwater

observations exists.

Satellite observations open a path to monitor groundwater storage changes in data-

scarce regions (Strassberg et al. 2007). Rodell et al. (2009) and Tiwari et al. (2009) report

substantial GWD over north India (17.7 ± 4.5 km3 year-1; 0.05 ± 0.013 mm year-1) and

north India and adjacent regions (54 ± 9 km3 year-1; 0.15 ± 0.025 mm year-1) (see also

Table 2). Famiglietti et al. (2011) and Scanlon et al. (2012b) assessed GWD in the Cali-

fornia’s Central Valley in the USA and found substantial GWD (3.1 ± 0.6 to

8.9 ± 0.9 km3 year-1), primarily due to irrigation.

5 Future Projections of Groundwater Depletion

Future projections of GWD are subject to large uncertainties due to the use of climate

projections from General Circulation Models (GCMs) and future scenarios of socioeco-

nomic and land use conditions (Van Vuuren et al. 2011). Only a few studies provide future

assessments of GWD worldwide.

Wada et al. (2012b) projected that the contribution of global GWD to SLR is expected

to increase to 0.82 (±0.13) mm year-1 by 2050 from 0.57 (±0.09) mm year-1 in 2000

(Fig. 6). The increase is driven by growing water demand during the twentieth century, but

is primarily affected by decreased surface water availability and groundwater recharge, and
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larger evaporative demand from irrigated areas due to changes in precipitation variability

and higher temperature over the twenty-first century. Due to decreasing dam building and

increasing groundwater pumping, the net terrestrial water contribution to global sea level

further increases to the rate of ?0.84 (±0.12) mm year-1 by 2050. The percentage con-

tribution of GWD to global SLR will reach 17 (±3) % by 2050.

Yoshikawa et al. (2014) found that under a consistent expansion of irrigated areas, the

amount of non-renewable water use is projected to reach *1150 km3 year-1 by 2050,

which will equal a quarter of the total irrigation water requirements. However, they used

globally a medium population growth scenario (0.9 % year-1) to extrapolate the future

irrigated area change, which is rather high (from 2.7 in 2000 to 3.9 million km2 in 2050).

The expansion of irrigated areas has been slowing down in many countries. A few studies

provide the future increase in irrigated areas, but their estimates are low for most parts of

the world: 0.6 % year-1 by 2030 for developing countries with 75 % of the global irrigated

areas (Bruinsma 2003); from 2.87 in 2005 to 3.18 million km2 in 2050 (Turral et al. 2011);

global growth rates of only 0 to 0.18 % year-1 by 2050; and then they stabilizes (Mil-

lennium Ecosystem Assessment 2005).

Wada and Bierkens (2014) quantified the fraction of the consumptive blue water use

that is met from non-sustainable water resources, using the Blue Water Sustainability Index

(BlWSI) (Fig. 7). The BlWSI incorporates not only GWD but also non-sustainable surface

water use that compromises environmental flow requirements (Alley et al. 1999; Smakhtin

2001; Smakhtin et al. 2004; Rockström et al. 2009; Gerten et al. 2013; Pastor et al. 2013).

BlWSI - Total [-]
0 - 0.01 0.01 - 0.05 0.05 - 0.1 0.1 - 0.15 0.15 - 0.2 0.2 - 0.25 0.25 - 0.5 > 0.5

BlWSI - Groundwater [-]
0 - 0.01 0.01 - 0.05 0.05 - 0.1 0.1 - 0.15 0.15 - 0.2 0.2 - 0.25 0.25 - 0.5 > 0.5

BlWSI - Surface Water [-]
0 - 0.01 0.01 - 0.05 0.05 - 0.1 0.1 - 0.15 0.15 - 0.2 0.2 - 0.25 0.25 - 0.5 > 0.5

(b)(a)

(c)

Fig. 7 Global average non-sustainable water use (BlWSI) (dimensionless) for a surface water, b ground-
water, and c the total at a subbasin scale (except the Antarctica and Greenland) (1960–2010)
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By the end of this century, human water use is projected to rise drastically over Africa,

Central, West, and South Asia, western USA, Mexico, and Central South America (the

increase: [100 %), where the increase is primarily driven by rapid population growth

(Fig. 8). Global water withdrawals are projected to increase to 6000 km3 year-1, while

global water consumption is expected to rise to 3000 km3 year-1. As a result of rapid

increase in human water use, GWD is projected to become more intense predominantly

over the Indus, Saudi Arabia, Iran, Algeria, the southwestern and Central USA, and

northern Mexico (Rodell et al. 2009; Tiwari et al. 2009; Famiglietti et al. 2011; Konikow

2011; Scanlon et al. 2012a, b; Cao et al. 2013; Voss et al. 2013). Over these regions, one-

third of the irrigation water consumption will likely be sustained at the expense of GWD by

2050. The increase in GWD is driven by multiple factors: an increase in human water use,

a decrease in surface water availability, higher low flow frequency (higher drought

occurrence), or an increase in surface water over-abstraction. Highest surface water over-

abstraction occurs over South, West, and Central Asia, northeastern China, Spain, and

Argentina where more than a quarter of surface water consumption is non-sustainable or

sustained at the expense of environmental flow. Future hotspots of non-sustainable water

use from both surface water and groundwater appear over the southwestern USA, Mexico,

Argentina, the Mediterranean region, the Middle East and Northern Africa region and

southern Africa (Fig. 9). These regions will suffer from both increasing human water use

and drier climate conditions.

Table 3 shows country estimates of total and non-renewable groundwater abstraction

for major groundwater users. Over the period 1960–2010, a drastic increase in non-re-

newable groundwater abstraction is observed for India, Iran, and Saudi Arabia. By the end

of this century, the amount of non-renewable groundwater abstraction is expected to be

doubled for almost all major groundwater users. The increase is particularly pronounced

for India, Pakistan, USA, and Mexico, where the regions with rising population and water

use will coincide with those with decreasing surface water availability and groundwater

recharge under climate change. For China, population growth is mild and climate change

has a low impact on surface water availability and groundwater recharge. Over Iran and

Saudi Arabia, the baseline surface water availability and groundwater recharge (for the

historical period) is low and the increase in non-renewable groundwater abstraction will be

driven by socioeconomic change.

The global signal suggests an increasing trend of water supplied from non-sustainable

water resources especially since the late 1990s, despite larger water availability (Jung et al.

2010). By 2100, the use of non-sustainable water resources is projected to increase to 1100

(±200) km3 year-1, of which 45 (±10) % or 500 (±100) km3 year-1 and 55 (±10) % or

*600 (±100) km3 year-1 will be met from surface water over-abstraction and non-

renewable groundwater abstraction, respectively, indicating that 40 % of the annual human

water consumption will be non-sustainable (Fig. 10).

The estimate of non-renewable groundwater abstraction by Wada and Bierkens (2014)

(*450 km3 year-1 by 2050) is less than half of that derived by Yoshikawa et al. (2014)

(see Table 1 for the comparison of non-renewable groundwater abstraction among dif-

ferent studies). Since the change in irrigated areas is not considered, the future irrigation

water use of Wada and Bierkens (2014) is *25 % lower compared to that of Hanasaki

et al. (2013a, b) and Yoshikawa et al. (2014) (see Table 4). However, the increase in

irrigation intensity and water productivity, and the improvement in irrigation efficiency

may substantially mitigate the rise in future irrigation water demand (Gleick 2000; Gerten

et al. 2011; Elliott et al. 2014; Haddeland et al. 2014). These estimates address
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sustainability only in terms of water quantity, but does not account for water quality, e.g.,

water pollution that affects the amount of readily available water over a region.

In addition to the increase in groundwater use, climate change will bring more extreme

climate conditions and higher low flow frequency in many parts of the world (Lehner et al.

2006; Davie et al. 2013; Prudhomme et al. 2014; Trenberth et al. 2014; Dankers et al.

2014), which will increase our reliance of water use on groundwater resources (Famiglietti

et al. 2011; Scanlon et al. 2012a, b). During prolonged drought events, groundwater

pumping drastically increases, resulting in a higher groundwater dependence (Famiglietti

et al. 2011; Scanlon et al. 2012a, b; Castle et al. 2014; Famiglietti 2014). A recent study of

Castle et al. (2014) indicated that during a recent sustained drought, groundwater

accounted nearly 80 % of freshwater loss in the Colorado River Basin, suggesting a

considerable risk to the long-term ability to meet future allocations to the seven Basin

states.

Changing climate will impact regional water availability and demands (Arnell 1999,

2004; Alcamo and Henrichs 2002; Alcamo et al. 2003b, 2007; Dirmeyer et al. 2006;

Lehner et al. 2006; Feyen and Dankers 2009; Dai 2011, 2013; Haddeland et al. 2011;

Sheffield et al. 2012; Jasechko et al. 2013; Elliott et al. 2014; Haddeland et al. 2014;

Prudhomme et al. 2014; Schewe et al. 2014). Wetter conditions do not, however, always

produce more groundwater recharge. During greater ([ twofold) winter precipitation in the

southwestern USA, enhanced evapotranspiration from desert blooms largely or entirely

consumes the water surplus (Döll 2009; Portmann et al. 2013; Taylor et al. 2013). Increase

BlWSI - Groundwater [-]
0 - 0.01 0.01 - 0.05 0.05 - 0.1 0.1 - 0.15 0.15 - 0.2 0.2 - 0.25 0.25 - 0.5 > 0.5

BlWSI - Surface Water [-]
0 - 0.01 0.01 - 0.05 0.05 - 0.1 0.1 - 0.15 0.15 - 0.2 0.2 - 0.25 0.25 - 0.5 > 0.5

BlWSI - Total [-]
0 - 0.01 0.01 - 0.05 0.05 - 0.1 0.1 - 0.15 0.15 - 0.2 0.2 - 0.25 0.25 - 0.5 > 0.5

(b)(a)

(c)

Fig. 9 Global average non-sustainable water use (BlWSI) (dimensionless) for a surface water, b ground-
water, and c the total at a subbasin scale (except the Antarctica and Greenland) (2069–2099)
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in irrigation water demand due to higher evapotranspiration can also affect the amount of

groundwater recharge (Pfister et al. 2011a, b; Konzmann et al. 2013). Döll (2002), Fischer

et al. (2007), and Wada et al. (2013b) indicated an increase in global irrigation water

demand by 10–30 % by the end of this century, which is expected to induce more recharge

from surface water irrigation. However, the increase varies substantially depending on the

degree of global warming and associated regional precipitation changes (Alcamo et al.

2003a, b; Haddeland et al. 2014; Schewe et al. 2014).

The current degree of non-sustainable use may compromise the future livelihoods of

millions of people and their living standards (Falkenmark et al. 2009; Hoekstra 2009; Hoff
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Fig. 10 Estimated trends of consumptive blue water use, surface water over-abstraction, non-renewable
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Table 4 Comparison of estimated sectoral water use (withdrawal and consumption) to other estimates (km3

year-1)

km3 year-1 Withdrawal/
Consumption

1960 2000 2025 Mid-century
(*2050)

End-century
(*2090)

Agriculture (Irrigation/Livestock)

Hanasaki et al. (2013a, b) – 3214/– – 4137/– 4829/–

Yoshikawa et al. (2014) –/671 –/1358 – –/2355 –

Wada and Bierkens (2014) 1278/655 2644/1392 3385/1422 3490/1494 3664/1655

Industry

Hanasaki et al. (2013a, b) – – 1169/– 1437/– 1259/–

Yoshikawa et al. (2014) – – – – –

Wada and Bierkens (2014) 356/116 752/257 1084/348 1443/489 1438/551

Domestic

Hanasaki et al. (2013a, b) 598/– 822/– 973/–

Yoshikawa et al. (2014) – – – – –

Wada and Bierkens (2014) 85/57 328/199 609/337 930/470 1116/623
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et al. 2010; Fishman et al. 2011; Gleeson et al. 2012a, b; Hoekstra and Mekonnen 2012).

Reliable information of readily accessible groundwater reserves in many aquifers is largely

unknown (CEDARE 2001; Konikow 2011; Fan et al. 2013; De Graaf et al. 2014a, b).

6 A Way Forward

The sustainable use of global water resources is a key issue to economic development and

food production (Postel et al. 1996; Gleick 2003, 2010; Oki and Kanae 2006; Döll et al.

2009; Rodell et al. 2009; Kummu et al. 2010, 2012, 2014; MacDonald 2010; Vörösmarty

et al. 2010; Wada et al. 2010; Wisser et al. 2010; Famiglietti et al. 2011; Konikow 2011;

Gleeson et al. 2012a, b; Pokhrel et al. 2012a, b; Voss et al. 2013; Gleeson and Wada 2013;

Schewe et al. 2014; Hanasaki et al. 2013a, b). However, human fingerprints on Earth’s

water resources are being obvious from the shrunk Aral sea (Pala 2006, 2011), from rivers

heavily affected by human water use such as the Colorado and the Yellow (Gleick 2003),

and from dwindling groundwater resources over intense irrigated regions such as the

Ogallala aquifer (Scanlon et al. 2012a, b), the California’s Central Valley (Famiglietti et al.

2011), the North China Plain (Cao et al. 2013), northwest India and northeast Pakistan

(Rodell et al. 2009; Tiwari et al. 2009), and the Tigris-Euphrates (Voss et al. 2013).

Groundwater resources have been a reliable and readily available source of water supply,

resulting in an increasing reliance on depleting groundwater resources in recent years.

However, the degree of aquifer depletion is reported at an alarming rate over the Indus,

Saudi Arabia, Iran, northeastern China, the southwestern and Central USA, and northern

Mexico (Rodell et al. 2009; Tiwari et al. 2009; Famiglietti et al. 2011; Konikow 2011; Döll

et al. 2012; Scanlon et al. 2012a, b; Cao et al. 2013; Voss et al. 2013; Famiglietti 2014).

This paper critically evaluated approaches modeling global GWD in the light of human

water use. Despite model limitations and series of assumptions employed in the modeling,

large-scale modeling efforts advance an important step beyond earlier work by attempting

to account more realistically for the nature of groundwater pumping and associated impacts

on the terrestrial water fluxes. These models have also been applied to assess future

sustainability of groundwater use under envisaged population growth and socioeconomic

developments. This section is dedicated to address future perspectives of sustainable

groundwater management. Possible applications of the modeling framework are discussed

in a wider perspective, identifying number of emerging issues for further research.

6.1 Quantifying the Sustainable Yield with Use of Satellite Observations
and Integrated Modeling Framework

Over the last decade, GRACE satellite observations have provided an unprecedented view

of the worldwide depletion of groundwater aquifers (Strassberg et al. 2007; Rodell et al.

2009; Tiwari et al. 2009). The integrated water resources modeling framework can be used

to provide a reanalysis of past GWD in a data assimilation framework using both observed

discharge and GRACE observations. Also, it can subsequently be used to project future

GWD under scenarios as well as establishing sustainable yields for renewable groundwater

reserves and the time horizon of unsustainable use for fossil reserves. However, uncer-

tainties arising from different models are substantial and a multi-model approach is pre-

ferred (Dirmeyer et al. 2006; Gosling et al. 2010, 2011; Haddeland et al. 2011; Wada et al.

2013b).
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6.2 Assessing Food Security

By 2050, the global population will exceed 9 billion, and a 50 % increase in annual

agricultural output is expected to be required to keep up with food demand. However,

available surface freshwater to meet the increase in irrigation water demand is subject to

large uncertainties due to climate change (Tang and Lettenmaier 2012). As a result, one

may need to rely more on groundwater being the only perennial source of freshwater in

many regions (Taylor et al. 2013), contributing to regional food security. However, this

will worsen progressive depletion of groundwater resources (Scanlon et al. 2012a, b) and

will jeopardize a long-term sustainable water supply and associated food production.

6.3 Assessing Regional Mitigation Strategies on Food Security

Once groundwater resources are depleted or unavailable (e.g., economically or techno-

logically unfeasible), irrigated crops relying on such resources will be severely impaired,

which causes the loss of income for local farmers and a global decrease in crop production

that may affect countries in another continent. To avoid such critical events occuring in the

future, various measures can be proposed, involving innovations in water and food tech-

nology, and economic incentives (e.g., environmental tax) (Gleick et al. 2010; MacDonald

2010; Vörösmarty et al. 2010; Fader et al. 2010, 2013; Foley et al. 2011; Kummu et al.

2012; Elliott et al. 2014). However, these solutions require a substantial amount of eco-

nomic investment that may not be easily realized for developing countries with limited

financial and technological resources (Wada et al. 2014b). The cultural dimension then

may provide another solution such that a change in diet from rice to cereals (e.g., wheat

and maize) would save a large amount of water that can then be used for other crops or

other water use sectors. Water management and governance also plays an important role.

For instance, subsidizing electricity or diesel fuel for groundwater pumps, in order to boost

food production, leads to a large increase in active irrigation wells even in areas with

available surface water and during the rainy season.

Finally, large-scale modeling is essential in evaluating the mitigation and adaptation

measures to ensure future water and food security in the light of groundwater resources.

Assessing water resources considering GWD is critical for developing sustainable water

management as policy goal and management plans, especially where and to what extent to

focus limited management resources.
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Döll P (2009) Vulnerability to the impact of climate change on renewable groundwater resources: a global-
scale assessment. Environ Res Lett 4:036006. doi:10.1088/1748-9326/4/3/035006
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Abstract The primary objective of the gravity recovery and climate experiment follow-

on (GRACE-FO) satellite mission, due for launch in August 2017, is to continue the

GRACE time series of global monthly gravity field models. For this, evolved versions of

the GRACE microwave instrument, GPS receiver, and accelerometer will be used. A

secondary objective is to demonstrate the effectiveness of a laser ranging interferometer

(LRI) in improving the satellite-to-satellite tracking measurement performance. In order to

investigate the expected enhancement for Earth science applications, we have performed a

full-scale simulation over the nominal mission lifetime of 5 years using a realistic orbit

scenario and error assumptions both for instrument and background model errors. Unfil-

tered differences between the synthetic input and the finally recovered time-variable

monthly gravity models show notable improvements with the LRI, on a global scale, of the

order of 23 %. The gain is realized for wavelengths smaller than 240 km in case of

Gaussian filtering but decreases to just a few percent when anisotropic filtering is applied.

This is also confirmed for some typical regional Earth science applications which show

randomly distributed patterns of small improvements but also degradations when using

DDK4-filtered LRI-based models. Analysis of applied error models indicates that

accelerometer noise followed by ocean tide and non-tidal mass variation errors are the

main contributors to the overall GRACE-FO gravity model error. Improvements in these

fields are therefore necessary, besides optimized constellations, to make use of the

increased LRI accuracy and to significantly improve gravity field models from next-gen-

eration gravity missions.
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1 Introduction

The GRACE (gravity recovery and climate experiment) mission (Tapley et al. 2004)

launched in 2002 is the only mission capable to monitor mass variations in the Earth

system. Major advances that GRACE has provided in Earth sciences have recently been

summarized by Wouters et al. (2014). Prominent examples are:

• Mass balancing of the continental water content, which is ultimately a sum of

precipitation, evaporation, runoff and storage, enabling us to monitor the season-

dependent changes in the major river basins, as well as huge groundwater extraction

due to irrigation, e.g., in India (Rodell et al. 2009) or California (Scanlon et al. 2012).

• Quantification of the increase or decrease in the ice and snow masses in the polar or

large glacier areas has been achieved by scientists who were able to demonstrate a

strong correlation between the climatic phenomenon ENSO/La Nina, the rainfall

patterns in West Antarctica and the reduction of ice mass there (Sasgen et al. 2010).

• Monitoring of global mean eustatic sea-level variations as a consequence of mass re-

distribution between continents and ocean basins for the partitioning of observed sea-

level changes into mass and temperature contributions (Cazenave et al. 2009), as well

as the regional re-distribution of water masses in response to time-variable surface

winds that are tightly connected to time variations of hemispheric current systems such

as the Antarctic Circumpolar Current (Bergmann and Dobslaw 2012).

• Observation of changes in the solid Earth following large earthquakes, such as

Sumatra–Andaman (2004), Chile (2010) and Fukushima (2011, Wang et al. 2012).

These results are based on the more than 13-year long time series of monthly estimates

of the global gravity field of the Earth. All GRACE instruments are still producing nominal

high-quality observation data, the solar activity is still moderate, and fuel consumption is

still lower than predicted. Therefore, the mission lifetime of GRACE could in principle be

extended through 2018. Unfortunately, the batteries on both satellites are degrading and as

a consequence the accelerometer (to observe non-gravitational forces due to atmospheric

drag or solar radiation pressure), the instrument control units, and/or the microwave

assembly (part of the microwave instrument (MWI) K-band inter-satellite ranging system)

are powered off during the maximum eclipse season, thus interrupting the nominal science

data flow every 161 days for a period of approximately 3–4 weeks (Flechtner et al. 2015).

Further information on the mission status is regularly provided at http://www.csr.utexas.

edu/grace/operations/mission_status.

Due to the tremendous success of GRACE data applied in many Earth science disci-

plines, there has been a long-standing strong request by the international user community

to launch a GRACE follow-on (GRACE-FO) mission as fast as possible to extend the mass

flux time series with the minimum practical data gap between both missions. GRACE-FO

is, as GRACE, again implemented under US-German partnership (Flechtner et al., 2015).

Overall mission management and satellite and instrument responsibility is with the Jet

Propulsion Laboratory (JPL) which will procure the satellite buses and accelerometers,

provide the microwave instrument, GPS receiver, and a significant portion (electronics,
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laser) of a joint laser ranging interferometer (LRI). Germany will provide the launch

vehicle, perform mission operations, participate in the joint science data system (SDS) and

will provide major (optical) contributions to the LRI. All German contributions are

managed by the GFZ German Research Centre for Geosciences. The NASA/GFZ part-

nership is stipulated in a memorandum of understanding (MOU), the roles and responsi-

bilities in a cooperative project plan (CPP). GRACE-FO passed the preliminary design

review (PDR) in January 2014 and entered Phase-C in March 2014. The critical design

review (CDR) was successfully completed in February 2015. The system integration

review (SIR) was successfully performed in July 2015. Both satellites will be launched

with a Russian DNEPR in August 2017 into a circular polar orbit with an initial altitude of

490 km.

The primary objective of the GRACE-FO mission is to continue the record of cli-

mate change observations established by GRACE by extending the time series of high-

resolution monthly global models of the Earth’s gravity field for an additional 5-year

period (Flechtner et al. 2015). For this, evolved versions of the GRACE microwave

instrument (MWI), GPS receiver, and accelerometer will be used. Whenever possible,

lessons learnt from GRACE will be taken into account to improve the GRACE-FO

MWI-based gravity field models. For example, GRACE-FO attitude control will be

based on three star camera heads instead of two in the case of GRACE. This will make

attitude determination more robust (especially in phases of blinding by the Sun and/or

the Moon). Also the radiator on the bottom of the GRACE-FO spacecraft will be rigid

instead of using foils on GRACE to get rid of artificial signals (so-called twangs)

observed in the GRACE accelerometer records (Flury et al. 2008). A secondary

GRACE-FO objective is to demonstrate the effectiveness of the LRI in improving low

satellite-to-satellite tracking (SST) measurement performance which is directly linked to

the accuracy of the derived gravity field models (Sheard et al. 2012). The LRI will be

the first ever inter-spacecraft laser interferometer and should lead to improved spatial

and temporal resolution for future next-generation gravity missions (NGGM). Another

secondary objective is to continue GRACE radio occultation measurements for opera-

tional provision of temperature or humidity profiles of the neutral atmosphere to

numerical weather services (Wickert et al. 2009).

In a previous study, Loomis et al. (2012) investigated the accuracy and spatial reso-

lution of monthly gravity field recovery using several possible configurations of a

GRACE-FO mission by a simulation experiment covering a 25-month period. These

scenarios were based on a GRACE-like orbit at 480 km altitude and 220 km separation

using on-board accelerometers with the same noise characteristic as GRACE, and

alternatively flying in drag-free mode at 250 km altitude at 50 km separation. They

investigated the ability of these configurations to recover 1� 9 1� mascon blocks in

Greenland and in the Amazon basin in the presence of instrument and background model

errors. The MWI SST range-rate errors were assumed as for GRACE (0.2 lm/s), and for

the Laser SST measurement performance, they assumed an optimistic (laboratory) value

of 0.6 nm/s. Their main conclusion was that the increased precision of the laser link does

not improve gravity estimation when flown with GRACE-like on-board accelerometers,

altitude and spacecraft separation and that also only modest improvement is realized for

the best-case scenario (laser, low-altitude, drag-free) primarily due to temporal aliasing

errors.

As the GRACE and GRACE-FO Science Data Centers (UTCSR, JPL and GFZ) will

base their monthly Level-2 gravity field model estimates on spherical harmonics, we have

performed a new full-scale simulation over the nominal 5-year mission period and we have
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performed a new full-scale simulation over the nominal 5-year mission period in order to

investigate possible improvements by the LRI on GRACE-FO when compared to GRACE-

FO MWI derived gravity models. The intention of the paper is not to compare the gain of

GRACE-FO with respect to GRACE when analyzing baseline MWI data. In contrast to

Loomis et al. (2012), we did not just use the difference in two atmosphere and ocean

models to take into account high-frequency aliasing errors, but applied a reasonably per-

turbed background model of non-tidal atmosphere and ocean variability that is part of the

updated ESA Earth system model specifically prepared for future gravity mission simu-

lations (Dobslaw et al. 2015a, b). Finally, the Loomis et al. (2012) assumptions for LRI

instrument noise were updated according to the actual GRACE-FO specifications (Sheard

et al. 2012). The orbital decay, ground track pattern and orbital errors were simulated in

order to fit to the real GRACE and expected GRACE-FO situation. In contrast to the

mascon results, the GRACE spherical harmonic solutions require post-processing (filter-

ing) in order to get rid of artificial striping due to increasing spherical harmonic errors with

increasing degree and for specific orders. For this we applied and compared different

isotropic and anisotropic filters with various resolutions such as Gaussian averaging (Wahr

et al. 1998), the so-called DDK filtering (Kusche 2007), or the destriping method by

Swenson and Wahr (2006).

Our simulation assumptions and strategy are explained in Sect. 2. The global results,

when comparing the recovered GRACE-FO MWI and LRI monthly gravity model time

series with the simulated ‘‘true world’’ input gravity signals are then described in the

spectral and spatial domain (Sect. 3). Section 4 focuses on typical GRACE-FO regional

results for hydrological, glaciological, oceanographic or solid Earth applications. In

Sect. 5 we investigate the various contributions of instrument and background model

errors to the overall MWI- and LRI-based result. A summary and our conclusions are

provided in Sect. 6.

2 Simulation Assumptions and Strategy

The 5-year full-scale simulation is based on realistic assumptions for the upcoming

GRACE-FO mission. The simulated orbits start at the target initial altitude of 490 km with

an inclination of 89.0� and an eccentricity of 0.0015 and end at an altitude of about 450 km

after the nominal GRACE-FO mission lifetime of 5 years. This decay of about 40 km is

similar to the early GRACE mission descent. The solar activity values (necessary to

simulate non-gravitational forces and accelerometer data, respectively) were taken from

the period 1995–1999 which should represent similar characteristics as expected for

2018–2022. In order to maintain the inter-satellite link between 170 and 270 km, it was

necessary to apply a reset of the inter-satellite distance each year (the same is done by

regular orbit maintenance maneuvers during the GRACE mission lifetime). The simulated

osculating altitude, satellite separation and solar activity values are shown in Fig. 1. We

have not simulated any orbit maneuver to keep the ground track spacing dense throughout

the complete mission period. Such kind of maneuvers are also not performed within the

GRACE mission and led to temporary unfavorable repeat cycles (see http://www.gfz-

potsdam.de/grace), e.g., in September 2004 (4 days) or February 2015 (2 days). Figure 2

depicts the ground track patterns for August 2019 (worst case within the 5 years, see

Fig. 3), March 2021 (not optimal, but sufficient enough for nominal gravity field recovery)

and May 2021 (representative month for an optimal sampling scenario).
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Fig. 2 Ground track pattern for August 2019 (left), March 2021 (middle) and May 2021 (right)
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In a first (forward simulation) step, 5-s (integration step size as for GRACE) satellite

orbits and true SST observations have been simulated using GFZ’s Earth parameter and

orbit system (EPOS) software package which is also operationally applied for GRACE real

data analysis. Non-gravitational forces have been simulated from models for atmospheric

drag (MSIS86, Hedin 1987), solar radiation pressure (umbra and penumbra using solar flux

values as depicted in Fig. 1), and Earth albedo and infrared (Knocke et al. 1988). The sum

of these accelerations has been converted into pseudo GRACE-FO 3D accelerometer data.

For nominal attitude, we assumed yaw steering. Additional background models applied

during simulation included a static gravity model [EIGEN-GL04C (Förste et al. 2008, used

up to degree and order 100], Sun and Moon ephemerides (DE405, Standish 1998), ocean

tides (the 8 main constituents Q1, O1, P1, K1, N2, M2, S2 and K2 of EOT08a, Savcenko

and Bosch 2008), and non-tidal mass variations in atmosphere, oceans, hydrology, ice, and

solid Earth (called AOHIS in the following) from the updated ESA Earth system model

(Dobslaw et al. 2015a, used up to degree and order 100). The high–low SST GPS phase

and code observations, used to define a reference frame for LEO orbit integration (Reigber

et al. 2005) have been simulated with white noise of 0.3 and 30 cm, respectively.

In the next step we have added colored noise to the simulated MWI, LRI and

accelerometer data. As no realistic star camera attitude noise was available for the authors

of this study (and has, probably for the same reasons, also not been treated in other

GRACE-FO simulations, e.g., Loomis et al. 2012), we have referred both the simulated

MWI and LRI observations to the center of mass (CoM) of the GRACE-FO spacecraft and

have neglected any attitude error impact, especially on the SST data. The MWI is located

about 1.4 m off from the CoM, while the LRI is virtually measuring to the CoM, thanks to

its racetrack design and the triple mirror assembly (Sheard et al. 2012). Consequently,

attitude errors would primarily impact the MWI-based results. Bandikova and Flury (2014)

have analyzed GRACE Level-1B star camera data and reported systematically higher noise

than expected. The reason was found in the incorrect implementation of algorithms for

quaternion combination in the JPL processing routines. Bandikova et al. (2014) investi-

gated the impact on gravity field determination and found that neither the Celestial

Mechanics Approach nor the variational equations approach is sensitive to these noise

errors. Therefore, attitude errors have not been treated in our study.

The 5-s SST noise values for MWI and LRI are modeled in terms of amplitude spectral

density (ASD) as a square root of power spectrum density (PSD) with a distance-dependent

factor for which we applied the average distance between the two GRACE-FO satellites

(220 km). The method is described in Elsaka et al. (2014) and the values applied in our

study are consistent with the expected performance of the GRACE-FO LRI (Sheard et al.

2012) and MWI (Dahle et al. 2014) SST noise: LRI 80 nm (range) resp. 9.9 nm/s (range-

rate); MWI: 2.1 lm (range) resp. 0.24 lm/s (range-rate). The LRI instrument has lower

errors in the high-frequency part of the spectrum (Sheard et al. 2012) which ultimately

could result in improved estimation of GRACE-FO high-degree spherical harmonic

coefficients (as shown in the simulation results in Fig. 10). Also, it has to be mentioned

that, as for GRACE GFZ real data analysis, the MWI- and LRI-based simulations are made

with range-rate SST data only. The procedure to derive accelerometer noise time series

using spectral density values for a frequency (f) band of 10-4 to 10-1 Hz of GRACE-like

accelerometer errors [(1 ? 0.005/f)1/2 9 10-10 m/s2/Hz1/2 for transversal and radial

direction, (1 ? 0.1/f)1/2 9 10-9 m/s2/Hz1/2 for normal direction] was the same as descri-

bed in Loomis et al. (2012).

In the backward simulation performed again with EPOS software, we used the simu-

lated observations, supplemented with the colored MWI, LRI and ACC noise, to recover
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the 60 monthly gravity field models up to degree and order 100. Here we also substituted

the nominal background models to simulate a realistic error level in the static and time-

variable gravity field. For this we used EGM96 (Lemoine et al. 1998) up to degree and

order 100 as static gravity model and substituted the 8 main ocean tide constituents by

GOT4.7 (Ray 2008) values.

As the a priori background model for the non-tidal mass variability in atmosphere and

oceans, we employed the realistically perturbed de-aliasing model Dobslaw et al. (2015b)

which is part of the updated ESA Earth system model. This perturbed background model

contains (1) errors at large spatial scales that have been derived from appropriately scaled

differences with the original ESA Earth system model (Gruber et al., 2011) assessed

individually for periods between 10–30, 3–10, and 1–3 days, the S1 atmospheric tide, and

sub-diurnal periods. Further, the model includes (2) errors at small spatial scales typically

not covered by global models of atmosphere and ocean variability; and finally (3) errors

due to physical processes not represented in currently available de-aliasing products as

GRACE AOD1B (Flechtner et al. 2014). The updated ESA Earth system model including

the perturbed background model is publicly available together with its technical docu-

mentation via doi 10.5880/GFZ.1.3.2014.001.

The gravity recovery step was performed twice: in a first run, we used explicitly the

MWI data and in the second run we applied only the LRI data. All other observations

(accelerometer, GPS) and background model errors were identical in both cases as this

would also be the case during GRACE-FO real data analysis. Besides spherical harmonic

coefficients, also arc-specific parameters such as initial orbital states and 3-hourly 3D

accelerometer biases and scales have been adjusted (similar to GRACE RL05a). The

resulting MWI- and LRI-based monthly gravity solutions have then been compared with

the simulated (‘‘true’’) gravity field time series in the spectral and spatial domain as well (if

applicable) with real GRACE results to show that the simulated gravity results are as

realistic as possible. For example, to check the simulated orbit accuracy, we have analyzed

the satellites separation derived from GPS data only. For this we have intentionally down-

weighted the MWI data (which have usually a very high weight in order to derive mid-to-

short wavelength gravity coefficients). The resulting global GPS-derived range-rate

residual root-mean-square (RMS) values can then be interpreted as a measure of the orbit

accuracy by comparing them with the much more precise MWI observations serving as a

reference. The results were typically in the order of 1.5 lm/s which is identical to GFZ

GRACE RL05 real data analysis (e.g., for June 2014).

3 Results in the Spectral and Spatial Domain

As a measure of the true error of our simulated gravity field models, unfiltered monthly

differences between the recovered and the a priori static gravity field model plus the

monthly mean HIS component of the time-variable AOHIS a priori model are used. Fig-

ure 3 shows these errors in terms of latitude weighted RMS (wRMS) of equivalent water

heights (EWH) for the complete simulation period of 5 years (2018–2022). The two curves

depict the result obtained using the baseline MWI SST and the demonstrator LRI obser-

vations. It becomes visible that for the unfiltered case the LRI outperforms the MWI

derived results for all months. The two peaks in August 2019 and November 2021 are

correlated with imperfect ground track coverage compared to other months (see Fig. 2

left).
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Table 1 Mean of monthly MWI- and LRI-based wRMS results in terms of EWH for the unfiltered case and
after application of various filters. Note that 8 months with exceptionally large wRMS values due to repeat
orbit pattern (marked with gray background color in Fig. 3) have been omitted

Filter MWI mean wRMS
(cm)

LRI mean wRMS
(cm)

Mean wRMS reduction
(%)

Unfiltered 736.64 564.56 22.9

DDK1 (530 km) 0.70 0.68 1.7

DDK2 (340 km) 1.20 1.19 1.0

DDK3 (240 km) 2.29 2.25 1.7

DDK4 (220 km) 2.73 2.66 2.6

DDK5 (160 km) 4.25 3.97 6.5

Destriping and Gauss
530 km

0.70 0.69 1.2

Destriping and Gauss
340 km

0.94 0.91 3.1

Destriping and Gauss
240 km

3.01 2.64 12.6

Destriping and Gauss
220 km

4.64 3.96 15.1

Destriping and Gauss
160 km

17.59 13.67 23.6

Gauss 530 km 1.13 1.15 -1.5

Gauss 340 km 2.95 2.79 4.7

Gauss 240 km 16.23 13.65 15.1

Gauss 220 km 26.31 21.67 16.8

Gauss 160 km 110.62 87.23 20.4
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Fig. 3 Unfiltered monthly differences between recovered and simulated gravity fields in terms of the
weighted root mean square (wRMS) of equivalent water heights (EWH) for the 5-year simulation period
using simulated GRACE-FO MWI (red) and LRI (blue) data. Periods with imperfect ground track pattern
have been marked gray
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Table 1 shows the corresponding mean wRMS values of 52 (neglecting the gray periods

highlighted in Fig. 3) monthly MWI- and LRI-based models in terms of EWH for the

unfiltered case and after application of various filters. Filtering is necessary to reduce

degree-dependent errors for mid-to-long wavelengths resulting in a decrease in the EWH

error from meter to centimeter level. It is clear that, for the unfiltered case on a global scale

and on average, the LRI observations will outperform the MWI results by 23 % in terms of

wRMS reduction. The corresponding gain for the anisotropic DDK filtered global results is

much smaller (about 1–7 %), whereas in case of applying destriping and/or Gaussian

smoothing the gain by LRI becomes again more significant (about 15–23 % depending on

the Gaussian filter radius). As the Gaussian filter removes high-frequency signals, this filter

is not used for regional analysis in Sect. 4. Note that typical GRACE RL05 GFZ (90�) and
CSR (96�) monthly models show comparable unfiltered values, proving again that our

results are realistic.

Figure 4 shows unfiltered error degree amplitudes in terms of EWH for March 2021 and

May 2021. March 2021 is chosen (also for the following figures) because it represents a

non-optimal, but still sufficiently dense ground track pattern for nominal gravity field

recovery and May 2021 is a representative month for an optimal sampling scenario (see

Fig. 2). It becomes obvious that in the first case (March 2021), the LRI slightly improves

the MWI errors in the mid [below 40� (500 km)] and notable in the short wavelengths

above 60� (333 km), while in the second case, no improvement is seen by the LRI.

Similar conclusions can be drawn when looking at the cumulative difference degree

amplitudes for the two test months (Fig. 5). While for an optimal sampling the LRI does

not improve the gravity recovery error for all wavelengths (May 2021), the March 2021

scenario with non-optimal ground track pattern shows moderate improvements by the LRI

for all wavelengths above 1000 km, e.g., the error will reduce from 4 to 3 cm EWH

(600 km resolution) and from 20 to 15 cm EWH (400 km), respectively.

Another way to visualize the results is shown in Fig. 6 where the unfiltered true and

formal errors per degree and order for May 2021 are shown using a logarithmic scale. The

formal errors are those from adjustment procedure, while the true errors are those described

above. For comparison, GRACE real data errors based on the GFZ RL05a solution for May

2005 are shown as well. For the latter, the true error has been approximated by taking the
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Fig. 4 Simulated MWI (red) and LRI (blue) difference degree amplitudes with respect to the ‘‘truth’’ in
terms of EWH for March 2021 (left) and May 2021 (right). The true signal is given by the monthly mean of
the hydrology, ice and solid Earth (HIS) component of the AOHIS background model (black)
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difference between the solution and its static background model (EIGEN-6C, Shako et al.

2014) plus the time-variable part of EIGEN-6C (up to degree and order 50). The GRACE

real and simulated MWI data show very similar error behavior, thereby verifying that the

Spatial Resolution λ/2 [km] Spatial Resolution λ/2 [km]
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Fig. 5 Simulated MWI (red) and LRI (blue) cumulative difference degree amplitudes w.r.t. the ‘‘truth’’ in
terms of EWH for March 2021 (left) and May 2021 (right). The true signal is given by the monthly mean of
the hydrology, ice and solid Earth (HIS) component of the AOHIS background model (black)
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simulations have been done realistically. In contrast, the near zonal coefficients for

spherical harmonic degrees above 60 are much better determined when simulated LRI

observations are used. This confirms the improvements by LRI in the short wavelengths

(Fig. 4).

Figure 7 depicts the March and May 2021 unfiltered errors in the spatial domain in

terms of geoid height errors. It becomes obvious that the error pattern of both months

differs consistently with the ground track pattern shown in Fig. 2. In the case of a non-

optimal sampling period (March 2021), the artificial spurious North–South stripes due to

instrument or aliasing errors are significantly reduced by approximately 30 % when sub-

stituting MWI by LRI SST observations. In case of an optimal sampling (May 2021), the

MWI errors are reduced by only about 15 %. The different contributions of instrument and

background model errors to the total result are discussed in Sect. 5.

4 Regional Applications Using Simulated MWI and LRI Data

It has been demonstrated in the previous section that the LRI will improve the MWI-based

unfiltered and filtered gravity models on a global scale only moderately and only in case of

a non-optimal ground track pattern. As these globally averaged results are not meaningful

for Earth system applications which have mass variation signals in defined areas such as

changes in hydrological basins or melting of glaciers, we have also investigated how

seasonal, sub-seasonal, trend and instantaneous (Earthquake) signals as included in the

AOHIS source model are recovered when using GRACE-FO MWI or LRI data.
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Fig. 7 Spatial difference between simulated (‘‘true’’) and recovered gravity fields in terms of unfiltered
geoid heights for March 2021 (left) and May 2021 (right) for the MWI (top)- and LRI (bottom)-based results
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Figure 8 left shows the RMS variability over 5 years (52 models of Table 1) of the

difference between simulated (‘‘true’’) and DDK4-filtered recovered gravity fields based on

LRI data in terms of EWH for 1� regular grids. The corresponding plot for MWI-based

gravity fields is quite similar and thus is not shown. Generally, the largest error variability

(up to 150 cm EWH) is visible where ice or solid Earth signals are introduced by the

AOHIS model. The difference between the RMS variability for MWI and LRI is shown in

Fig. 8 right (red means LRI is closer to the truth and blue means MWI is closer to truth)

and confirms that only moderate improvements up to 13 cm EWH can be expected from

LRI data; however, also degradations up to 2 cm become visible.

Figure 9 shows the DDK4-filtered time series in EWH for various 2� 9 2� grid boxes

such as the Amazon and the Danube river basins, the Greenland and West-Antarctica ice

sheet, the Bellingshausen basin in the Antarctic Circumpolar Current and the simulated

Sumatra Earthquake in comparison with the corresponding components of the time-vari-

able source model AOHIS.

Table 2 summarizes these moderate improvements of the order of 2–15 % in terms of

error reduction when using LRI instead of MWI observations but also shows degradations

for Amazon and Sahara (not shown in Fig. 9).

To demonstrate how realistically our simulation was performed, we have derived

monthly DDK4-filtered differences between CSR RL05 and GFZ RL05a Level-2 products,

both after substitution of C20 by the suggested GRACE TN07 values, for the 5-year period

from 2006 to 2010 as a measure for present-day GRACE uncertainties. As can be deduced

from Table 2 the average factor with respect to the simulated MWI result is, neglecting the

Amazon basin, of the order of 0.86. The reasons for this are many manifold and could

include either too optimistically (or neglected, see conclusion section) simulated errors or

not-investigated leakage effects in the simulation.

5 Error Analysis

In order to find out which of the applied instrument and background model errors are the

main contributors to the overall MWI- and LRI-derived global gravity model error (see

Sect. 3), we have investigated the influence of the single error components [instrument

noise, static gravity field error, ocean tide error, and atmosphere and ocean (AO) de-
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Fig. 8 RMS variability of difference between simulated (‘‘true’’) and DDK4-filtered recovered gravity
fields based on LRI over the 5 years investigated in terms of EWH (left). The difference between the RMS
variability for MWI and LRI is shown in the right figure (red means LRI is closer to truth, blue means MWI
is closer to truth)
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aliasing error] on the solution from the solution for May 2021. In order to quantify a

specific individual error contribution, the complete backward simulation step has been

repeated with that specific error source omitted, and then the difference in that solution

from the solution containing all error sources has been evaluated. Thus, the orbits are

recomputed for each individual error source and not only the error propagation through the

observations but also through the computed orbits is taken into account. Figure 10 shows

the corresponding individual degree amplitudes in terms of geoid height error. It can be

clearly seen that the impact of SST noise on gravity field recovery is significantly reduced

if LRI instead of MWI observations are used. The spatial resolution where the signal-to-

Fig. 9 Time series for DDK4-filtered 2� 9 2� grid boxes in EWH (mm) for Amazon (top left) and Danube
(top right), Greenland (middle left) and West-Antarctica (middle right) and Bellingshausen (bottom left) and
for the simulated December 2004 Sumatra earthquake (now in December 2019, bottom right) using MWI
(red) or LRI (blue) data. The black line depicts the corresponding component H, I, O and S of the AOHIS
model
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noise ratio equals one increases from 60� (333 km) to 80� (250 km). However, it becomes

also obvious that the main contributors to still existing striping (see Fig. 7 right) are the

accelerometer (ACC), ocean tide (otid) and AO errors. All other errors, including the MWI

and LRI SST errors, are about one order of magnitude smaller. This confirms that, on a

global scale, the decreased LRI noise cannot improve the monthly gravity model for a

GRACE-like constellation. Consequently, next-generation gravity missions (NGGM)

which may consist of double GRACE-like pairs in a so-called Bender-constellation and

which will move along much lower orbits (Elsaka et al. 2014) have to significantly reduce

these errors in order to benefit from improved LRI SST measurements.

Figure 11 depicts the resulting spatial pattern for the three main error contributors. The

corresponding RSS (root squared sum) gives 14.8 (MWI) and 11.8 (LRI) mm geoid height

error which is consistent with the overall error of 13.5 (MWI) and 11.6 (LRI) mm of Fig. 7

right and proves that the other error sources, including SST noise, do not matter for a

GRACE-like constellation.

Table 2 RMS between recovered and simulated AOHIS signals (mm EWH) for various 2� 9 2� grid boxes
after DDK4 filtering as well as corresponding LRI gain (%) in terms of RMS reduction. Additionally, the
DDK4-filtered ‘‘real data errors’’ (mm) derived from CSR and GFZ GRACE RL05 Level-2 data and the
corresponding factor w.r.t. the simulated MWI RMS values are shown

MWI
RMS (mm)

LRI
RMS (mm)

LRI
Gain (%)

RL05 CSR-GFZ
RMS (mm)

Factor
RL05/MWI

Sumatra 33.58 31.52 6.5 30.57 0.91

Bellingshausen 26.44 22.93 15.3 21.83 0.83

Amazon 23.95 25.49 -6.0 42.88 1.79

Danube 31.78 32.17 -1.2 27.93 0.88

West Antarctica 25.60 25.18 1.7 23.70 0.93

Greenland 29.94 28.50 5.1 21.12 0.71

Sahara 37.13 39.65 -6.3 32.30 0.87
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Fig. 10 Degree amplitudes in
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show the results obtained with
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mean HIS signal
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6 Summary and Conclusions

We have performed a full-scale simulation based on realistic assumptions for the GRACE-

FO orbit scenario, instrument noise for accelerometer, MWI and LRI SST observations as

well as background model errors for the static gravity field and tidal and non-tidal short-

term mass variations to investigate the gain in monthly gravity field determination when

using the LRI SST observations instead of MWI tracking data.

The results show that the 60 unfiltered LRI-derived monthly gravity field models always

outperform the corresponding MWI-based results. The corresponding time series shows an

approximately 23 % smaller wRMS in terms of EWH when compared to the simulated

‘‘true world’’ scenario proving the expectations into the increased LRI SST accuracy. The

corresponding difference degree amplitudes and cumulative degree amplitudes for two test
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Fig. 11 Spatial difference between simulated (‘‘true’’) and recovered gravity fields in terms of unfiltered
geoid heights for MWI (left)- and LRI (right)-derived gravity models for May 2021 in case of ACC errors
only (top), ocean tide errors only (middle) and AO errors only (bottom). Statistics show minimum, maximum
and wRMS of errors
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months March 2021 and May 2021 indicate that for non-optimal ground track pattern

(March 2021) moderate improvements can be expected by the LRI for mid-to-short

wavelengths. For that month also the near zonal coefficients for spherical harmonic degrees

above 60 are much better determined when LRI observations are used. This is also visible

in slightly less meridional striping in the spatial pattern. Applying isotropic Gaussian

filtering in order to get rid of larger errors with increasing degree of spherical harmonic

coefficients shows—on a global scale—also notable improvements of 13–23 % at or below

240 km spatial resolution. In contrast, anisotropic filtering (DDK) results in only minor

reduction (2–7 %) of errors by the LRI instrument.

Looking into typical regional hydrological, glaciological, solid Earth and ocean appli-

cations in the Amazon or Danube basin, Greenland and West-Antarctica, the Sumatra

Earth quake or the Bellingshausen basin in the Antarctic Circumpolar Current it can be

concluded that the globally observed 2.6 % gain, when using DDK4-filtered LRI-derived

monthly models, is not visible everywhere but shows a more or less randomly distributed

pattern. There are regions like on the Southern oceans where we observe 15 % smaller

errors, but in the Amazon or Sahara we also simulated 6 % larger errors when using LRI

data.

The error assumptions for the accelerometer and SST data as well as for the non-tidal

atmosphere and ocean mass variations have been made as realistic as possible. This is

shown by comparison with real GRACE data such as GFZ RL05 orbit errors or remaining

monthly gravity model errors as derived from comparison of CSR RL05 and GFZ RL05a

solutions. Nevertheless, the ocean tide errors have been defined (due to lack of better

knowledge) as the difference in two standard models which may not be fully realistic.

Additionally, the gain which may be achieved using LRI data for GRACE-FO gravity field

determination alone (neglecting the three main error contributors accelerometer noise and

ocean tide and AOHIS background model errors) may be larger as we have not simulated

attitude errors. This error would result in MWI phase center variations, but would not

affect the LRI observations as they are already referred to the center of mass [using a triple

mirror assembly, see Sheard et al. (2012)]. Both, the ocean tide and attitude error are

subjects for future investigations.

As a final conclusion, it can be stated that the LRI will only moderately improve the

MWI-based GRACE-FO monthly gravity model time series. Earth Science applications

will benefit much more from the continued time series based on GRACE data. The main

expectation in the LRI is technology demonstration for future gravity missions. Here, full

advantage will be gained when a LRI will be the prime instrument on a next-generation

gravity mission. This will probably be realized by the combination of a polar orbiting pair

of satellites with a second pair of satellites in lower orbit and at smaller inclination, a LRI

SST, plus improved accelerometers and an improved attitude and control system.
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Abstract In the Lake Chad basin, the quaternary phreatic aquifer (named hereafter QPA)

presents large piezometric anomalies referred to as domes and depressions whose depths

are *15 and *60 m, respectively. A previous study (Leblanc et al. in Geophys Res Lett,

2003, doi:10.1029/2003GL018094) noticed that brightness temperatures from METEO-

SAT infrared images of the Lake Chad basin are correlated with the QPA piezometry.

Indeed, at the same latitude, domes are *4–5 K warmer than the depressions. Leblanc

et al. (Geophys Res Lett, 2003, doi:10.1029/2003GL018094) suggested that such a thermal

behaviour results from an evapotranspiration excess above the piezometric depressions, an

interpretation implicitly assuming that the QPA is separated from the other aquifers by the

clay-rich Pliocene formation. Based on satellite visible images, here we find evidence of

giant polygons, an observation that suggests instead a local vertical connectivity between

the different aquifers. We developed a numerical water convective model giving an
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alternative explanation for the development of QPA depressions and domes. Beneath the

depressions, a cold descending water convective current sucks down the overlying QPA,

while, beneath the dome, a warm ascending current produces overpressure. Such a basin-

wide circulation is consistent with the water geochemistry. We further propose that the

thermal diurnal and evaporation/condensation cycles specific to the water ascending cur-

rent explain why domes are warmer. We finally discuss the possible influence of the

inferred convective circulation on the transient variations of the QPA reported from

observations of piezometric levels and GRACE-based water mass change over the region.

Keywords Lake Chad � Piezometric anomalies � Vertical permeability � Infrared data �
Convection � GRACE

1 Introduction

Water resource management in the Sahel regions of Africa is of prime importance. In

countries such as Mali, Niger, Chad and Sudan to name just a few, water resources

essentially come from groundwater reservoirs that are either weakly or even non-renewable

(OSS-UNESCO 2001). In order to improve their sustainability over the medium and long

term, it is important to understand their dynamics. A direct indicator of phreatic water

dynamics is the variation of their piezometric level (i.e. surface level) forming piezometric

anomalies. Piezometric anomalies have been reported in the phreatic aquifers of Trarza in

Mauritania; Ferlo in Senegal; Gondo, Nara and Azaouad in Mali and Yaere in North

Cameroon (e.g., Archambault 1960; Aranyossy and Ndiaye 1993). In the Lake Chad basin,

the quaternary phreatic aquifer (named hereafter QPA) presents large piezometric

anomalies extending over a few tens of km, forming domes and depressions at the

piezometric surface. Their mean depth is *10 and *60 m, respectively (Schneider and

Wolff 1992).

Various assumptions have been proposed to explain the origin of the piezometric

depressions, e.g., groundwater overexploitation, water drainage into a deeper aquifer,

geological subsidence, changes in sea level and evapotranspiration loss (Dieng et al. 1990;

Aranyossy and Ndiaye 1993). The latter factor was favoured because it explains observed

piezometric depressions, and the associated water deficit generated by evapotranspiration

that is not compensated by lateral groundwater flow. Therefore, it became the most

accepted explanation. METEOSAT images of the Lake Chad basin reveal that brightness

temperatures and piezometric anomalies are correlated (Leblanc et al. 2003). These authors

observed that domes are *4–5 K warmer than the depressions during wet years, sug-

gesting that, above piezometric depressions, evapotranspiration is dominant during the

temperature diurnal cycle and leads to surface cooling.

In sedimentary basins, it has been shown that, at regional scales, convective ground-

water flows are usually governed by surface topography and geothermal gradients of the

sediment infill (e.g., Garven 1995). In numerous cases, weakly compacted clay formations

deposited in the upper part of basins may prevent interactions between superficial and deep

groundwater. However, vertical permeability can be generated in weakly compacted clay

formations by the development of large-scale polygonal fault systems (e.g., Cartwright and

Dewhurst 1998; Neal et al. 1968).
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Building on these different observations, here we suggest that evapotranspiration is

coupled to the water convective circulation, explaining both the piezometric anomalies’

formation and their correlation with observed surface temperature. We first describe the

geological and hydrogeological setting of the Lake Chad basin. We next discuss the

permeability field of the basin, taking into account potential compaction of the clay for-

mations at depth (Sect. 3). In Sect. 4, we develop a 2D convective model simulating large-

scale flow within the whole sedimentary basin. Finally, we investigate whether the mod-

elled convective flow can explain observed bottom hole temperatures (BHT), hydro-

chemical data, and GRACE-based space gravity data of water storage changes.
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the geological cross sections drawn in Fig. 3
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2 Description of the Lake Chad Basin

2.1 Hydrology of Lake Chad

The Lake Chad watershed extends from 5�N–25.6�N to 7�E–27�E, covering

2,500,000 km2 over seven countries (Algeria, Cameroon, Central African Republic, Chad,

Niger, Nigeria and Sudan; Fig. 1). The central part of the basin is flat, while its sur-

roundings consist of mountain ranges, i.e. Tibesti Mountains, Ennedi Plateau, Guera

Mountains and Mandara Mountains (Fig. 1). Without any direct outlet to the sea, it is the

largest endorheic watershed of the world. During the Holocene, Lake Chad extended over

an area of *350,000 km2 (Schuster et al. 2005; Leblanc et al. 2006) but, since the early

1980s, its size decreased to only *2500 km2 (Cretaux and Birkett 2006; Bader et al.

2011). It is now named ‘‘Small Lake Chad’’ (Bader et al. 2011). The current hydrological

active part of the lake is concentrated in its southern part. It is fed by the Chari and Logone

perennial rivers as well as the seasonal Yedseram and Ngadda rivers. In the northern part,

surface waters are essentially seasonal (e.g., the Komadugu-Yobe) (Fig. 1). The average

rainfall above Lake Chad ranges from 200 to 400 mm year-1, and potential evapotran-

spiration is on the order of 2 m year-1 (e.g., Bader et al. 2011; Descloitres et al. 2013).

Discharges from the Chari and Logone rivers represent *91 % of the fresh water supplies,

while seasonal rivers bring only relatively small inputs (Roche 1980). Rainfall represents

only *10 % of the total water supply. Water loss over the lake mainly results from

evapotranspiration (between 80 and 90 %) and infiltration through the lake bottom

(*10 %) (Roche 1980; Olivry et al. 1996; Bader et al. 2011).
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Fig. 2 Free-air gravity map obtained from the world gravity map (WGM) of 2012. Dashed lines locate the
presence of faults delimiting the basin. Double dashed lines represent the artesian limit of the Pliocene
aquifer. Piezometric domes and depressions are located by the plus and minus symbols. Black lines A and
B represent the geological cross sections drawn in Fig. 3
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2.2 Geology of the Chad Basin

The Chad basin is considered as the largest intra-cratonic basin belonging to the east and

central African rift system (Genik 1993; Olugbemiro and Ligouis 1999). These rifts were

active from the Cretaceous to the early Palaeogene and then reactivated during the early to

mid-Tertiary (Genik 1993; Griffin 2006). The free-air gravity map (Fig. 2), based on the

Earth Gravitational Model EGM2012 (Balmino et al. 2011), displays gravity anomalies

ranging between *-30 to *65 mGal. Negative gravity anomalies correspond to thick

sediment infill (i.e. sediment density being lower than the basement density), while positive

anomalies are linked to the shallow depth basement. A large area of nearly constant gravity

(e.g., the Bornu region) can be interpreted as a zone of homogeneous sediment thickness.

Gravity dipoles seen in Fig. 2 (dashed lines) correspond to normal faults delimiting the

Kadzell and Kanem regions (Avbovbo et al. 1986). Between the two regions, the sediment

thickness increases towards the Kanem region while gravity decreases from *-2 to

*-30 mGal. The SW–NE geological cross section through the Kadzell to the Kanem

regions (Fig. 3a) indicates that the sediment infill is fan-shaped and oriented eastward.
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Fig. 3 a Geological cross section between Kadzell and Kanem (modified from Pouclet and Durand 1983).
The deposits consist of inter-bedded clay formations (Fika formation and Pliocene formation) with sandy
deposits as the Quaternary formation, the Continental Terminal formation and the Bima formation. The
Early Pliocene formation is integrated in the Pliocene formation. Red lines highlight the faults of the basin.
The Lake Chad basin is controlled by an extensional tectonic of horsts (2–3 and 4–5) and grabens (1, 3–4,
5–6). Dashed ellipses highlight the stratigraphic throws of faults 7 and 8 that impact the Fika formation.
Vertical black lines highlight the location of temperature profiles P1, P2, P3 displayed in Fig. 10.
b Geological cross section of the upper part of the sedimentary infill, between Bornu and Kanem (modified
from Schneider and Wolff 1992). The Early Pliocene formation has been distinguished from the Pliocene
one
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As indicated by the gravity map (Fig. 2), sediment thickness ranges from *850 m

under Kadzell to *4000 m under Kanem. The stratigraphic sequence starts with the

deposition of the Bima formation (Albian to Cenomanian) that consists of inter-bedded

continental shales and sandstones. Its thickness is *400 and *1000 m below Kadzell and

Kanem, respectively (e.g., Pouclet and Durand 1983; Avbovbo et al. 1986; Olugbemiro

and Ligouis 1999). Then a shallow marine deposit (inter-bedded with some limestone),

called Fika formation, settles from the Turonian to Santonian. Its thickness can reach up to

2 km in the deepest part of the basin (Pouclet and Durand 1983). It is followed by a

sedimentation gap associated with an erosion episode that ends at the end of the Eocene–

Oligocene (Pouclet and Durand 1983; Griffin 2006). The sedimentation starts again pos-

sibly during the Oligocene until the late Miocene, corresponding to the Bodele series that

consist of mixed mudstone and sandstone over a thickness of *100 m (referred to here-

after as the Continental Terminal formation) (Schneider and Wolff 1992). During the

Pliocene, deposits dated from the early Pliocene (referred hereafter as the Early Pliocene

formation) consist of fluviatile sands of 10–40 m thickness (Maduabuchi et al. 2006).

These are overlaid by lacustrine clays with a thickness that can reach *300 m (referred to

hereafter as the Pliocene formation) (Schneider and Wolff 1992; Griffin 2006; Schroeter

and Gear 1973). The stratigraphic sequence ends with the Quaternary formation, essen-

tially composed of aeolian sand and fluvio-deltaic deposits (Griffin 2006). Its thickness

varies from *15 m under Kadzell to *100 m under Kanem.

The eastern border of the rift is characterised by a succession of normal faults (7 and 8

on Fig. 3a) shifting the Bima formation base from 2 to 1 km in depth and the Fika

formation base from 1 km to *500 m. Ellipses A and B in Fig. 3a highlight the throws

generated by faults 7 and 8 at the base of the Fika formation. For example, at circle B, the

throw associated with the fault 8 is *150 m. A detailed geological cross section of the

upper part of the sediment infill from Bornu to Kanem (Schneider and Wolff 1992) is
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displayed in Fig. 3b. Below Bornu, the thickness of the Pliocene and Quaternary forma-

tions is *230 and *70 m, respectively. Below Kanem, because of basin subsidence

(Schneider and Wolff 1992), the maximum thickness of the Pliocene and Quaternary

formations is 300 and 140 m, respectively.

2.3 Hydrogeology of the Basin

The basin comprises three main aquifers. Most of the human water use comes from the

QPA. This phreatic aquifer has a continuous water table in the Quaternary formation,

providing an extensive reservoir covering an area of about 500,000 km2 (Eberschweiler

1993; Schroeter and Gear 1973). Hydraulic conductivity measurements indicate that this

layer has a hydraulic conductivity from 1 to 100 m day-1 (Schneider and Wolff 1992;

Guideal et al. 2011; Descloitres et al. 2013). These values correspond to permeabilities

ranging from 10-12 to 10-10 m2. Piezometric anomalies in this aquifer have been reported

by Schneider (1969) as well as by Schroeter and Gear (1973). Piezometric domes have

been described in the dune field of Kanem and Harr (Fig. 4), east of Lake Chad. The

Kanem dome covers approximately 17,000 km2, and the highest piezometric level stands

at an altitude of 310 m a.s.l. (i.e. at a depth of *10 m below ground). In Harr, the dome

area covers about 5500 km2 and has an altitude of 290 m. In the western part of the QPA,

three deep piezometric depressions affect the water table. The Kadzell depression area is

*4400 km2, and its deepest piezometric level stands at 250 m (corresponding to a depth

of *50 m below ground). The deepest depression develops in Bornu and covers about

16,500 km2. The water table falls at 240 m (i.e. at a depth of *60 m below ground). The

largest piezometric depression is the Chari-Barguimi, located at the south of the lake. It

covers a surface area of 17,500 km2, and its water table stands at an altitude of 230 m (i.e.

at *40 m below ground). The QPA flows from the domes towards Lake Chad and the

depressions (Fig. 4). Moreover, the flow is oriented from the lake towards the depressions

(e.g., Greigert 1979; Isiorho et al. 1996; Leduc 1991).

Piezometric contours superimposed on the gravity map reveal that piezometric domes

and depressions are located on or nearby normal faults limiting the basin (Fig. 2). The

Pliocene aquifer is confined in the Early Pliocene formation. It is of artesian type over the

whole basin, except in the central and eastern part of Kanem (Figs. 2, 3b) where the water

level stands a few tens of metres below the surface (Schneider and Wolff 1992) and flows

from the south towards the northeast. The Continental Terminal aquifer is confined in the

Continental Terminal formation. Its thickness ranges from 100 to 200 m (Eberschweiler

1993). Below Kanem, the Pliocene aquifer and the Continental Terminal merge to form a

single aquifer with a thickness exceeding 275 m (Schneider and Wolff 1992; Eber-

schweiler 1993). During oil drilling, a deep aquifer called Continental Hammadian

(*4 km deep) was discovered in the Bima formation (Schroeter and Gear 1973). How-

ever, very little is known so far about this aquifer.

2.4 Potential Permeability Field of the Basin

Fluid migration in clay-rich formations is extremely slow because of their small perme-

ability (B10-15 m2, e.g., Schwinka and Moertel 1999). In submarine sedimentary deposits,

fractures intersecting in plan view to form polygonal patterns have been described in fine-

grained sediments (e.g., Cartwright and Dewhurst 1998) and are referred as giant polyg-

onal faults. Besides, in some oceanic basins, a regional slope of B1� may have a major

impact on the development of giant polygons (Gay et al. 2004).
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In the Lake Chad basin, the Bornu and Kadzell piezometric depressions and the Kanem

dome are systematically located near to major slope breaks (Fig. 5). In the Bornu region,

we discovered with satellite visible images many lineaments (Fig. 6a, b) that may be

reminiscent of the giant polygons described by Gay et al. (2004). The surface topography

near the slope breaks is close to 1�, a value sufficient to generate fractures in clay-rich

sediment of the Pliocene formation (Gay et al. 2004). An important concentration of trees

along these lineaments is observed, suggesting local access of the vegetation to the deep

QPA water table. In the Kadzell region, no such giant polygonal structures are observed.

However, the presence of meanders or palaeo-meanders (Fig. 6c) along the Komadugu-

Yobe River (or other palaeo-rivers) is indicative of coarse deposits, locally providing a

good vertical permeability down to the Continental Terminal formation (Descloitres et al.

2013). Finally, we find no surface evidence of giant polygons in Kanem, presumably a

result of the thick sandy Quaternary formation. The relatively weak artesianism of the

Pliocene aquifer below Kanem may indicate that the *300 m Pliocene formation is

fractured. Consequently, we suggest that water exchanges indeed exist between the Qua-

ternary and Continental Terminal aquifers on both sides of the basin.

Except in the central part of the basin, the compaction is weak as the depth of the basin

is *1.5 km (Sclater and Christie 1980). Consequently, clay-rich Pliocene and Fika for-

mations (blocks delimited by faults 1–2–3–7–8) may be overpressured (Fig. 3a) (the

artesian nature of the Pliocene aquifer can be evidence of the overpressure of the Pliocene

formation). At the centre of the graben, delimited by faults 5 and 6, the Fika formation lies

between 1 and 3 km depth. At such depth, clays with initial fluid concentration of 60 % per

volume lose up to 40 % of their volume by compaction (Sclater and Christie 1980). Such

water loss induces a *800 m vertical shortening. With an initial density of 1600 kg m-3

for the 60 % water-rich clay, this water loss may increase the clay density up to
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2200 kg m-3. Considering the thickness of the Fika formation and its 600 kg m-3 extra-

weight, a 12 MPa differential load may be induced by compaction. This stress level

exceeds the yield strength of clays containing 24 % of water (Kopf 2002). Accordingly,

compaction may produce clay fracturing in the vicinity of faults 5 and 6, causing an

increase in the clay effective permeability (Luo and Vasseur 2002), and thus fluid per-

colation through the Fika formation and hydraulic connection between all the aquifers.

Finally, in the Bima formation blocks, from faults 6–8, good hydrodynamic connectivity

possibly exists. At fault 8, the throw of the Fika formation (circle B, Fig. 3a) partly inhibits

vertical water circulation.

From the above discussion, we infer the following values of the horizontal permeability

K (Fig. 16): 10-18 m2 for the substratum, with 2 9 10-13 m2 for the Bima formation,

10-15 m2 for the Fika one, 10-13 m2 for the Continental Terminal, 10-15 m2 for the

Pliocene and 10-12 m2 for the Quaternary (this latter value is assumed because of com-

putational limitations, although higher values are equally possible). Faults 5 and 6 are

considered to be *10 km wide, i.e. a reasonable value for faults in a pluri-hectokilometric

sedimentary basin. Their horizontal and vertical permeabilities (Kx and Kz) are assumed to

be from 10-15 to 10-14 m2, respectively (Table 1). Finally, because of the vertical con-

nectivity generated by polygonal fractures or normal faults in Kadzell and Kanem, a

vertical permeability of 10-14 m2 is assigned to the Pliocene formation.

3 2D Convective Model

In this section, we present results from a 2D convective model used to simulate the

circulation of water in the Lake Chad basin. For this purpose, we build upon the numerical

convection model developed by Genthon et al. (1990) for a slightly sloped (\1�) terrain.

The latter study showed that large convective cells develop, with descending/ascending

currents along highly permeable borders spaced a few hundred kilometres apart. Three

conditions are required for this circulation to occur: (a) a minimum slope B1�, (b) an

appreciable horizontal to vertical permeability ratio, and (c) the equivalent vertical Ray-

leigh number (Ra) lower than 4p2 (i.e. the threshold for the development of free porous

flow convection; Eq. 7 in Appendix 1). Such conditions are fulfilled for the Lake Chad

basin where the slope of the sedimentary layer is *1�, the interspersion of high perme-

ability formations (i.e. Bima, Continental Terminal and Quaternary formations) with low

permeability ones (Fika and Pliocene formations) produces a strong effective horizontal

100 m 2 km

N N

(a) (b) (c)

N

100 m

Fig. 6 Google Earth extracts from a fractures (image centred at 13.78�E–11.86�N), b polygonal fractures
(image centred at 13.70�E–12.04�N) highlighted by black dashed lines above the Bornu depression) and
c palaeo-meanders of the Komadugu-Yobe river (image centred at 12.90�E–13.50�N)
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versus vertical permeability anisotropy, and the effective vertical Ra number is at most

equal to 31 (Eq. 7).

We performed numerical simulations in order to assess the possible hydrological

regimes occurring within the Lake Chad basin. The model is built in such a way that it

reproduces the detailed geological cross section of Fig. 3a. The governing equations (mass

conservation, Darcy’s law and heat transport), effective parameters (effective thermal

conductivity and volumetric heat capacity) and boundary conditions used to describe the

Table 1 Physical parameters
used in the 2D convective model

Physical parameters of water

Density 1000 kg m-3

Thermal conductivity 0.6 W m-1 K-1

Heat capacity 4180 J kg-1 K-1

Geophysical parameters of the formations

Quaternary

Density 2650 kg m-3

Heat capacity 900 J kg-1 K-1

Permeability 10-12 m2

Porosity 0.4

Pliocene

Density 2600 kg m-3

Heat capacity 900 J kg-1 K-1

Permeability 10-15 m2

Porosity 0.07

Continental terminal

Density 2650 kg m-3

Heat capacity 900 J kg-1 K-1

Permeability 10-13 m2

Porosity 0.3

Fika

Density 2600 kg m-3

Heat capacity 900 J kg-1 K-1

Permeability 10-15 m2

Porosity 0.07

Fika faults

Permeability Kx = 10-15 m2, Kz = 10-14 m2

Porosity 0.07

Bima

Density 2650 kg m-3

Heat capacity 900 J kg-1 K-1

Permeability 2 9 10-13 m2

Porosity 0.4

Substratum

Density 2600 kg m-3

Heat capacity 950 J kg-1 K-1

Permeability 10-18 m2

Porosity 0.02
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circulation and the temperature distribution within the basin are detailed in Appendices

1 to 4.

We first solve the transient conductive heat equation until reaching the steady state, in

order to evaluate the temperature field (Fig. 7a) when the sediment horizons are assumed to

be impermeable. The time needed to reach steady state is *2 Ma, which corresponds to

the conductive time of a *8-km-thick horizon. We observe that the 70 �C isotherm

deepens towards the eastern border of the basin. This trend results from the increase in the

thickness of the Fika formation towards the East, which acts as a thermal insulator due to

its low thermal conductivity. The temperature drop is particularly strong in the 2-km-thick

Fika formation between faults 5 and 6. Consequently, heat is not actively transported by

conduction and the temperature rises to 173 �C within the underlying Bima formation,

while at similar depths outside this domain the temperature is *150 �C. The sur-

face conductive heat flow profile displayed by the model is represented in Fig. 8. The heat

flow gradually decreases from the west to the centre of the graben located between faults 5

and 6 and then rises again when the thickness of the basin decreases eastward. The Kadzell

region exhibits an important heat flow of 100 mW m-2. This value is due to the proximity

of the high conductivity substratum (5.3 W m-1 K-1) that lies at a depth of *1 km.

Between faults 5 and 6, heat flow reaches a minimum of *65 mW m-2 and a value of

110 mW m-2 on the eastern part of the basin. Finally, the conductive mean heat flow at the

surface is *90 mW m-2.
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Fig. 7 Temperature maps in �C of a the conductive model and b the convective model. The isotherms are
displayed each 10 �C. Vertical white lines highlight the location of temperature profiles P1, P2, P3 displayed
in Fig. 10
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Figure 7b displays the *500,000 years snapshot of the temperature field obtained when

the sedimentary horizons are permeable. Due to the large-scale slopes of the isotherms in

the initial conductive temperature field, convection is triggered whatever the Rayleigh

number; a basin-wide convective cell is generated. We find that a large-scale current

descends along the western border of the basin, then flows towards the east in the Bima

formation and finally rises up to the surface along faults 6 to 8. A cold current is located

just beneath Kadzell and slightly deforms the isotherms crossing the Fika and the Bima

formations. The calculated surface convective heat flow in the Kadzell region ranges from

30 to 60 mW m-2 (Fig. 8). Between faults 2 and 8, small convective plumes develop in

the thermal boundary layer within the Bima formation and are dragged along the basin-

wide west–east current: this results from the fact that the vertical Rayleigh number of that

layer exceeds 4p2 (Eq. 7). The convection triggered in the shallow parts of the basin (e.g.,

between faults 2 and 3) can induce a surface convective heat flow as high as 120 mW m-2

(Fig. 8).

It is notable that, due to the permeability contrast between the Bima and Fika forma-

tions, small-scale convective cells remain confined within the Bima and do not enter into

the quasi-impervious Fika formation. Along the eastern flank of the graben, between faults

6 to 8, a powerful 30-km-wide warm ascending current rises from the bottom of the Bima

formation up to the Quaternary formation, i.e. *100 m beneath Kanem. In the core of this

current, the temperature drops from 120 to 45 �C. Such current provides a high heat flow at

the surface. It ranges between 120 and 200 mW m-2 (Fig. 8), a heat flow range also

observed in other continental rift zones (e.g., Pribnow and Schellschmidt 2000). This high

heat flow has two causes: (a) high conductivity of the sand at the surface

(*2.1 W m-1 K-1) compared to the low conductivity of the clay-rich western part of the

basin (*1.3 W m-1 K-1) and (b) isotherms rise on the eastern part of the basin. The

spatial fluctuation of the heat flow visible in Fig. 8 over the Kanem causes fluctuations of

the temperature field associated with the ascending current. Cold descending currents

follow faults 5 and 6. These cold currents fall through the Continental Terminal, Fika and

Bima formations and locally cause strong temperature drops, and the heat flow is decreased

down to 40 mW m-2. Mean surface convective heat flow amounts to 110 mW m-2, a

value corresponding to a Nusselt number of 1.2 for basin-wide convective cell. This

suggests that although the local conductive heat transfer is significantly perturbed by the
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convective circulation (for instance underneath Kanem), the mean heat transfer through the

whole basin slightly increases due to convection. Such a phenomenon is well known in

sedimentary basin modelling (Quintard and Bernard 1986; see also Appendix 4).

Figure 9a–d displays the vertical and horizontal components of the velocity. Water

enters the basin in the Kadzell region with a mean Darcy velocity of 4 mm year-1

(Fig. 9a). The fluid begins to circulate in the highly permeable (10-12 m2) Quaternary

formation, then falls down into the Pliocene, Continental Terminal and Fika formations

halfway between faults 1 and 2, before penetrating into the Bima formation. At the bottom

of the Bima formation, the fluid circulates eastward at a mean velocity of 10 cm year-1
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Fig. 9 Vertical and horizontal Darcy velocities of the convective model (in mm year-1). a, b Maps of the
positive and negative vertical velocity fields, respectively, and c, d maps of the positive and negative
horizontal velocity fields, respectively
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(Fig. 9c) and follows the lower boundary layer of the basin-wide convective cell. Mean-

while, it is warmed by the basement and, below Kanem, rises up to the surface (Fig. 9d).

Between faults 6 and 8 in the Bima formation, from a depth of 4 km up to 700 m, the mean

velocity of the ascending water reaches 10 cm year-1. The obstruction due to the presence

of the throw at fault 8 in the Fika formation (circle B) decreases the mean velocity to

*4 cm year-1 from 700 m depth up to the surface (Fig. 9c; Appendix 4). Westward of

Kanem, between the surface and 1.1 km depth, an important backflow is generated

(Fig. 9d). The horizontal velocity within the Quaternary formation reaches a maximum of

39 cm year-1 west of fault 8 and then progressively decreases to reach *7 cm year-1

near fault 2. The backflow develops with a mean horizontal velocity of 3 cm year-1 along

the *600-m-thick Continental Terminal aquifer between faults 5 and 6, and to a lesser

extent within the Fika formation (0.3 mm year-1 velocity). A vertical descending current

develops with velocities of 6.5 and 3 cm year-1, within the Continental Terminal for-

mation and faults 5 and 6, respectively, before entering inside the Bima formation

(Fig. 9a). This backflow produces complex mixing of water between Kanem and Kadzell.

Moreover, it cools the Fika formation and generates an asymmetric temperature field

across the graben. Considering the small velocity of the basin-wide convective cell inside

the Bima formation (10 cm year-1), the overturn time of the convective flow is a few tens

of Ma. This indicates that the increase in the mean geothermal heat flow due to the basin-

wide convection generates transient cooling through the 4-km-thick crust and the sediment

infill. Consequently, the surface heat flow progressively decreases during a few tens of Ma,

then reaching the heat flow recorded at the steady-state conductive regime. It is worth

noticing that the convective circulation in the basin is unsteady whatever the evolution

time of the system. This results from two factors: high local Ra numbers in the Bima

formation and along the faults 6–8 and high temperature at the bottom of the basin that

drastically enhances the viscosity and coefficient of thermal expansion (see Appendix 2)

(Fontaine et al. 2002).

Figure 10 shows three vertical temperature profiles derived from our model (Fig. 7b),

crossing Kadzell (P1), the centre of the graben between faults 5 and 6 (P2) and Kanem

(P3). For each profile, the temperatures for the conductive and convective models are

shown. The temperature profiles display a linear behaviour for the conductive model. On

the contrary, the convective circulation impacts the temperature by the presence of con-

cavities. Indeed, when the profile is concave, the current is descending while, when it is
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convex, the current is ascending. In P1, the convective profile is located underneath the

conductive one, suggesting that the layers constituting the Kadzell become colder during

the convective process. The temperature difference between the two profiles reaches 15 �C
at the bottom of the Bima formation (1000 m deep). The concavity of the profile down to

1 km depth is due to the cold water descending current. Nevertheless, the weak concavity

of the profile is explained by the low velocity (*-4 mm year-1) of the fluid, unable to

efficiently cool the sediments. In P2, the convective profile is located beneath the con-

ductive one. The strong concavity of this profile is explained by the presence of the intense

cold descending current within fault 5. The profile is concave down to 3 km, where the

temperature reaches 100 �C. Then, the profile crosses the axis of a small ascending current

within the Bima formation and its temperature remains constant between 3 and 3.6 km

depth. It crosses the thermal boundary layer at the bottom of the Bima formation between

3.6 and 4 km. Finally, the convective profile at P3 is typical of a warm ascending current:

the convective profile is above the conductive one, and the temperature profile is convex

down to 1.5–2 km. At this depth, the temperature reaches *95 �C. At larger depths, the

profile crosses the substratum and reaches *110 �C at 3 km.

Garven and Freeze (1984a, b) showed that pluri-kilometric long convective circulations

develop in sedimentary basins at velocity of 0.1–0.2 m year-1. The general pattern of the

circulation produced by our model (descending/ascending current from one border to the

other border) is consistent with results of Garven and Freeze (1984a, b) and Gvirtzman

et al. (1997). However, the conditions required to generate such cells are generally not

explained in works dealing with basin-wide convection cells. It seems that two conditions

are required: (a) long wavelength horizontal temperature variations in the conductive state

and (b) a vertical Ra number less than 4p2 (otherwise the large-scale convection cells split

into smaller cells). The first condition is achieved from the slope and/or thickness varia-

tions of the different formations, which have their own thermal conductivity. The second

condition is fulfilled in the thickest part of the basin. Assuming an effective vertical

permeability across the whole basin of 10-14 m2 for the thick domain separating faults 5

and 6 (values assigned to the faults themselves), the Ra number is equal to 31 (Eq. 7).

Alternatively, a model run with a Kv of 10-13 m2 in faults 5 and 6 shows splitting of the

basin-wide convective cell into smaller cells. If Kv equals 10-15 m2, the large convective

circulation is too sluggish to have any hydrodynamical and thermal impact at the surface.

Our different runs lead us to conclude that the parameters considered in this study

(Table 1) are optimal to obtain a wide basin convective circulation with a good fit to the

observations.

Figure 11 presents the observed and model-based water table topography along the

profile A. The pressure difference generated between ascending and descending currents is

*0.35 MPa. It correctly reproduces the location of the observed piezometric depression

and dome. The minimum pressure generated by our model is located beneath the Kadzell

region, while the maximum is found below Kanem. This result can be interpreted as

follows: the core of the warm current, circulating along the eastern side of the graben,

presents a mean temperature excess with its surrounding of about 40 �C. Considering the

thermal expansion of water (a = 3.85 9 10-6 K-1 at 40 �C) and current height of 4 km,

we deduce that the buoyancy of the warm current induces a 0.8 MPa excess pressure. Such

an excess pressure is essentially used to drive the backflow of the large convective cell in

the Quaternary and Pliocene formations and eventually along the Bima formation.

Assuming that half of the excess pressure is used to drive the circulation at the top and

bottom cell boundaries, we estimate that the excess pressure on the horizontal interface of
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the current below Kanem, used to drive the backflow, amounts to *0.4 MPa, in agreement

with the model results.

Annual rainfall amounts to 200–400 mm over the region (e.g., Bader et al. 2011; Descloitres

et al. 2013). It accumulates over the aquifer water table maintained by the large convection cell.

Considering the permeability assigned to the different formations, we infer that the rain flows

from Kanem to Kadzell at a velocity of 2 cm year-1 and 2 mm year-1 in the Quaternary and

Pliocene formations, respectively. Such velocities are comparable to the backflow of the warm

current in these formations. This circulation is designated as the ‘‘forced convective flow’’ by

Gvirtzman et al. (1997). Generally, in mountainous areas, the topographic slope is a hundred

times larger than the slopes generated by free convection cells. This shows that ‘‘forced con-

vection’’ is the dominant transfer mode of water in mountainous areas. However, this

scheme does not work in the Lake Chad basin. This does not mean that the topography at the

borders does not impact the basin. The slow eastward circulation of descending cold currents

observed between faults 1 and 2 (with subcriticalRa number) probably results from the ‘‘forced

convection’’ at the western side of Kadzell. Such forced convection explains why the

descending current of the basin-wide convective circulation does not follow fault 1 but is

localised at the centre of the Kadzell area along the P1 profile (Appendix 4).

4 Discussion

In the previous section, we have presented results of a water convection model over the

Lake Chad basin. This led us to propose a scenario describing how water circulates at

depth under the basin. In this section, we examine to what extent the model results fits with
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the observations. Different types of observations are considered as thermal data (subsur-

face and surface temperature data), hydrochemical data, piezometry evolution and water

mass changes.

4.1 Relations Between the Deep Convective Circulation and Thermal Data

4.1.1 Subsurface Thermal Data

Bottom hole temperatures profiles (referred hereafter as BHT) have been collected during

the drilling of oil wells in the Nigerian sector of the basin (Nwankwo and Ekine 2010).

BHT profiles are located in the northern part of Lake Chad as well as at or near the Bornu

piezometric depression (Fig. 4). BHT are obtained at thermal disequilibrium and are used

for internal calibration of the drills. Therefore, they are significantly affected by mud

circulation during and after drilling. The data shown in Fig. 12 are corrected to first order

by using American Association of Petroleum Geologists (AAPG) gradient correction

factors (Nwankwo and Ekine 2010). The uncertainty of individual temperature measure-

ments ranges from 5 to 15 �C. Each borehole temperature profile was averaged according

to depth to determine the local mean temperature gradient. We observe that the mean

temperature gradient substantially increases towards the north-eastern part of the basin. We

also note that, in most cases, temperature profiles do not vary linearly with depth (Fig. 12).

The profiles’ shapes appear similar to those obtained in regions where groundwater cir-

culation transports geothermal heat (Kilty and Chapman 1980; Pribnow and Schellschmidt

2000). In the latter studies, surface heat flow was directly linked to the temperature gra-

dient in the first *300 m of the basin where the profile is linear and crosses the top

boundary layer of the convective circulation. The profiles presented by Nwankwo and

Ekine (2010) show that in the first *300 m the measured and corrected thermal gradients

are similar. The thermal gradients derived from the BHT vary from 30 to 80 �C km-1

(Fig. 4), a range consistent with model-based surface heat flow values ranging from 45 to

120 mW m-2 (Fig. 8). Besides, whatever the error range of the BHT data, the top to

bottom shapes of the Nwankwo and Ekine (2010) BTH profiles are not compatible with

those expected in a medium where heat transport is conductive. Profile concavity, along

ascending or descending convective currents, is also observed in our numerical model
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(Fig. 8). For example, between *200 and *1500 m, the convex shape of the LT-Herwa

and LT-Kuchalli BHT profiles is similar to that of the P3 profile that crosses the warm

ascending current below Kanem (Fig. 8). However, the set of boreholes is not dense

enough to constrain the structure of the convective flow in a domain as large as the Lake

Chad basin. In the Rhine Graben, for example, the 804 available boreholes allow char-

acterising of the east–west convective cells, but with a very complex 3D distribution of the

warm and cold currents (Pribnow and Schellschmidt 2000). By analogy, we can suspect

that the real structure of the flow within the Lake Chad basin is also very complex.

4.1.2 Surface Thermal Data

According to our model (domes and depressions associated with warm and cold currents,

respectively), we suggest that the brightness temperatures observed by Leblanc et al.

(2003) are directly linked to the convective circulation. Leblanc et al. (2003) compared the

piezometric map with monthly composite maximal brightness temperatures from the

METEOSAT satellite. These data were acquired in August 1999, a period corresponding to

the end of the wet season. These authors found that during wet years the piezometric

domes are systematically warmer by 4–5 K than the piezometric depressions. A difference

of surface heat flow by a factor of two above ascending and descending currents is

predicted by our model (see Sect. 3.2). However, a heat flow difference of about

*50–100 mW m-2 cannot maintain a surface temperature difference of 4–5 K (Sabins

1999). Only processes involving the temperature diurnal cycle can explain such a tem-

perature contrast. Leblanc et al. (2003) explained this observation as follows: in the Kanem

region, consisting of aeolian sands, rain infiltrates rapidly and deeply into the soil. Con-

sequently, rain water does not contribute to evaporation. Thus, the observed brightness

temperature reflects dry surface conditions. In the Kadzell and Bornu regions, the surface

consists of a mix of fluviatile deposits (sandy clay) and aeolian deposits. In that case, the

rain percolates more slowly. Thus, water evaporates, acting as a moderator of the tem-

perature increase during the day (via latent heat).

Maximal surface temperatures obtained from 8-day composite MODIS images allow us

to follow temperature seasonal variations over the year. Figure 13 shows daytime and

nighttime maximal surface temperatures obtained during the year 2001, a particularly wet

year (Bader et al. 2011). Temperatures data cover the Kanem, the Kadzell and the Bornu

regions during the dry season (October–June, but we only focus on the January–March

time span) and wet season (July–September). Whatever the season, the daytime temper-

ature in Kanem is on average 3–4 K warmer than at Kadzell (Fig. 13a). During the

nighttime, for both seasons, a similar behaviour is observed, but the temperature difference

decreases to between 1 and 2 K (Fig. 13b). Usually, during the diurnal cycle, the amplitude

of the surface temperature variation on dry ground is larger than on wet ground (Byrne

et al. 1979; Idso et al. 1975; Sabins 1999). In the wet season, Kadzell should be warmer

than Kanem during the night, in contradiction with the observations. If the Kanem soil is

dry, the surrounding atmosphere is likely to be wet, because of the presence of numerous

ponds which evaporate at *2 m year-1 (i.e. *6 mm day-1; Roche 1980). Besides, such

ponds are not the only source of humidity. Because of the high permeability of the Kanem

region, the air in the under-saturated zone circulates by convection with Darcy velocities of

several cm s-1 (Antoine et al. 2009). Such convection maintains a high water concen-

tration in the soil. At night, when the surface temperature is cool enough, warm and humid

convective air leaves the system (Antoine et al. 2009), and most of the water vapour

contained in the warm convective air condenses. Consequently, it is very likely that, during
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the night, water condensation of 1–2 mm per day heats the Kanem surface by 1–2 K.

Eventually, this water infiltrates into the highly permeable sandy soil, recharges the

phreatic aquifer and finally leads to drying of the surface during the day.

During the dry season, the perennial ponds in the Kanem region, linked to the piezo-

metric dome, may be filled by the water coming from the ascending convective current.

This may explain why this region remains warm as the evaporation/condensation cycle is

still at work. Because of the presence of clays in the Kadzell subsurface, the diurnal

temperature cycle is mainly controlled by the in situ evaporation/condensation cycle as

considered by Leblanc et al. (2003). This explains why the surface temperature there is

colder than in the Kanem region.

During the wet season, the temperature contrast between Bornu and Kanem evolves as

in the Kadzell and Kanem regions. During the day, the Kanem region is *5 K warmer

than the Bornu region, while at night the temperature difference drops to *2 K (Fig. 13a).

However, during the dry season, the situation is reversed: during the day, the Bornu region

is warmer than the Kanem region by *3–4 K, while at night both regions have similar

temperatures (Fig. 13b). We suggest that the latter situation results from the impact of the

vegetation and the proximity of the Small Lake Chad and Chari-Logone rivers. Indeed,

during the dry season, soil humidity in Bornu results from water condensation and evap-

oration. To explain the temperature diurnal cycle, condensed water should not be available

during the daytime. We propose that a significant amount of this water is absorbed by the

vegetation (Gaston 1996). In Bornu, the vegetation in the dry season mainly consists of

trees spaced *20 m apart, a relatively large tree density that is important for the basin’s

evapotranpiration/condensation cycle.
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Fig. 13 Satellite TERRA moderate resolution imaging spectroradiometer (MODIS) 8-day composite
maximal surface temperature obtained during 2001 a by day and b at night, for the Kanem, Kadzell and
Bornu regions. We have only considered January, February and March as representative for the dry season
and July, August and September for the wet season
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4.2 Relation Between Deep Convective Circulation and Hydrogeology

4.2.1 Evolution of the Water Composition

In the Nigerian part of the basin, the Continental Hammadian aquifer contains mainly NaCl

waters (Schneider and Wolff 1992). In the Kanem area (Table 2), Schneider and Wolff

(1992) have shown that the Continental Terminal aquifer contains mainly NaHCO3 waters

and that the Pliocene aquifer consists mainly of Na2SO4 waters. On the contrary, the

Quaternary aquifer is described by a geochemical signature of CaHCO3. Chemical vari-

ation of the waters is usually interpreted to be a consequence of separate aquifers. How-

ever, our proposed convective scenario considers that all aquifers are connected by vertical

drains due to the compaction of clay formations. The total dissolved solid (or TDS) of the

QPA is 165 mg L-1, while the mean TDS is 760 mg L-1 for the Pliocene, Continental

Terminal and Continental Hammadian aquifers (Schneider and Wolff 1992). Between

these three aquifers, the salinity is similar except for some localised pockets of higher

salinity. The apparent absence of a notable vertical salinity stratification suggests that the

basin-wide convective circulation crosses the entire basin depth. In the case of a vertical

salinity stratification, the convective cells are confined to layers with constant salinity and

the excess pressure at the phreatic aquifer dramatically reduces the dome height.

In the Kanem region, for the deeper aquifers (i.e. the Continental Hammadian and the

Continental Terminal), changes from NaCl to NaHCO3 waters are interpreted as anion

exchanges during the rising of waters through the Fika formation. The enrichment of the

Pliocene aquifer in SO4
2- sulphates can be explained by the evaporitic deposit of gypsum/

anhydrite during the Early Pliocene. Table 3 presents the detailed chemistry of Pliocene (in

italic) and Quaternary aquifers for three regions in Kanem where the water drills were

geographically close. The content (in ppm) of ions Mg2?, Na?, K? and Cl-, SO4
2-,

HCO3
- decreases from one aquifer to the other. On the contrary, the calcium carbonate

(Ca2?) content increases except for the water wells of Ndelé and Rig Rig. The decrease in

the HCO3
- may result from an increase in the Ca2? in solution, causing CaCO3 precipi-

tation. The decrease in sulphates in solution between these two aquifers may be explained

Table 2 Concentration (in ppm) of the QPA and the Pliocene aquifer (in italic) of the main anions and
cations (Arad and Kafri 1974; Schneider and Wolff 1992)

Ca2? Mg2? Na? K? Na? ? K? Cl- SO4
2- HCO3

- CaCO3

Mondo 55 6.5 – – 83.2 15.9 103 116 190

Ngouri 37.1 14.6 209 2.65 – 79.8 271 311 –

Boudouté 45.2 – – – – 11.5 27.2 130 212.5

Keliganga 1 4.25 168 1.37 – 59.9 62.4 308 –

Ndelé 23.9 4.6 – – 37.5 10.7 49.3 110 67

Rig Rig 37.9 14.9 239 15.2 – 42.5 437 226 –

Wells had been selected by their proximity to the Kanem piezometric dome

Table 3 Equivalent water height obtained by GRACE for the main tiles of the Lake Chad basin

Tiles Kadzell Kanem Bhar-el-Ghazal Harr Yobe Bornu Chari Fitri

Trend (mm year-1) 0.39 0.11 0.89 2.0 1.94 0.48 -0.02 0.50
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by the presence of sulphate-reducing bacteria (SRB) in the Pliocene formation (Chapelle

2000) that use sulphate/sulphur as an energy source. This process is known as anaerobic

respiration. Indeed, these SRB consume the dissolved sulphate and expel hydrogen sul-

phide and carbon dioxide (Sylvia 2004). SRB usually flourish in the warm water system,

found in the ascending current below Kanem. Moreover, the remaining sulphate precipi-

tates due to its solubility (Serafeimidis and Anagnostou 2015) in the Pliocene Formation, in

agreement with the observations of gypsum deposits (Fig. 3b) (Schneider and Wolff 1992).

In the Kadzell and Bornu regions, where the convective current may locally be

descending, the chemistry variation can be essentially explained by the exchanges with the

clays. Indeed, the phreatic aquifer in the Niger is described as containing sodium and

calcium bicarbonate and sulphate waters (Greigert 1979) associated with a relatively low

water temperature. The Pliocene aquifer contains only sodium bicarbonate and sulphate

waters (Arad and Kafri 1974). A hydrostatic pressure increase leads to the fluidisation of

the clay-rich formation (Mainsant et al. 2012) and induces increased exchange surfaces

between clay and water. Due to temperature and pressure changes, the Continental Ter-

minal waters present sodium deficit sulphates, suggesting that the sulphate layer has been

consumed by SRB. In the case of the Continental Hammadian aquifer, the presence of

sodium chloride waters may involve anion exchanges of the clay-rich Fika formation

(Carroll 1959).

4.2.2 Comparison Between Convective Velocity and Transient Variations
of the Piezometric Level: Inference on Water Mass Changes

Piezometric levels of the QPA in the Kadzell and the Bornu regions have changed between

the 1970s and the 2000s (Fig. 14) (Schneider 1969; Schroeter and Gear 1973; Zairi 2008).

In the 2000s, the surface area of the Kadzell depression decreased to 3300 km2 and the

12°E 14°E 12°E 14°E

14°N

12°N

1970’s 2000’s

Lake Chad Lake Chad

Bornu

Kadzell

Fig. 14 Piezometric maps of the Kadzell and Bornu depressions in a the 1970s (Schneider 1969) and b the
2000s (Zairi 2008)
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maximum depth of the water table rose by *10 m; i.e. the QPA rose in that region by

*30 cm year-1. For the Bornu depression, the surface area decreased to 11,500 km2 while

the depth of the depression did not change. Considering the uncertainties in the measure-

ments of the piezometric level during the 1970s, we consider that the 30 cm year-1 estimate

of the water table rise represents a maximum vertical Darcy velocity of *10 cm year-1

(considering a porosity of *35 %). These variations observed over a 30-year time span can

be explained by variations of the surface conditions (Leduc and Loireau 1997; Mahe et al.

2003). A rainfall increase can also explain this observation. Unfortunately, no recent data

are available for the Kanem and Harr domes to check whether the corresponding water

tables have experienced changes since the 1970s or not. The vertical Darcy velocity

obtained by our model in the Quaternary formation near Kadzell is 4 mm year-1. Thus, the

velocity estimate in Kadzell does not match the 30 cm year-1 maximal rise velocity of the

piezometric level estimated above. The convective circulation has no influence on the

piezometric level variations. Besides, the Darcy velocity is proportional to the pressure

gradient; the water table rise requires strong modification of the hydraulic head which may

be due to an important level variation of Lake Chad.

Launched in March 2002, the gravity recovery and climate experiment (GRACE)

mission provides observations of the time-variable gravity field (Bruinsma et al. 2010). We

analysed a new GRACE solution computed by Ramillien et al. (2014), providing regional

surface water mass time series on a 2� 9 2� grid (see also Ramillien et al. 2011, 2012). We

derived linear trends over the Lake Chad basin (11�–17�E and 11�–20�N) for the period

2003–2012 (Fig. 15). In regions where water accumulation (provided by rainfall, rivers or

20° E18° E16° E14° E12° E10° E

18° N

16° N

14° N

12° N

10° N

+
+

--
-

Kadzell Barh-el-GazalKanem Harr

FitriChariBornuYobe

-5 6

Estimated water height (mm yr-1)

Fig. 15 GRACE-based water surface mass trends in mm year-1 from 2003 to 2012 (resolution of each tile
is 2� 9 2�). Tiles around Lake Chad have been named after the covered regions or characteristic features
(Kadzell, Kanem, Barh-el-Ghazal, Harr, Yobe, Bornu, Chari and Fitri). The symbols minus and plus locate
the piezometric depressions and domes, respectively
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groundwater) is greater than the water deficit (the latter being mainly controlled by the

evapotranspiration), the trend is positive while, if water deficit is larger, the trend is

negative. The water mass trend is *1 mm year-1. Our results are summarised in Table 3.

The trend observed in the Yobe tile is linked to water supplied by the Mandara Mountains,

from both rainfall and/or river discharge. A similar explanation is valid for the Kadzell and

Bornu area. The Fitri area is bordered to the south by Guera Mountains that provide water

into this region. The Chari and Kanem areas display very small trends. This suggests that

the water deficit is compensated by water accumulation over the 2003–2012 time span. The

two last areas (Barh-el-Gazal and Harr) display a positive trend close to 2 mm year-1. This

water accumulation cannot be explained only by water supply from rainfall

(*200 mm year-1) or rivers (there are no rivers in this area). We conclude that this water

accumulation results from the ascending convective currents that develop below the

Kanem and Harr domes. These regions are located very close to the zones of the maximum

gravity anomalies (Fig. 2), indicating a zone of deep basement.

The GRACE-based observations are in agreement with a situation where thin sediments

favour the development of zones of convective recharge, whereas the borders of thick

sediments favour zones of convective discharge flows. Another result worth highlighting is

the good consistency between the GRACE-based equivalent water height trend (of

*2 mm year-1) and the transient variation of the piezometric levels (corresponding to

6 mm year-1 elevation of the QPA for sand with a porosity of *35 %). This is at least one

order of magnitude lower than the backflow horizontal velocity of the basin-wide con-

vection circulation. Considering that the convection is in a transient state, the 6 mm year-1

variation of the piezometric level in a 2� 9 2� mesh may result from the transient mod-

ification of the top pressure field induced by the convective circulation.

5 Conclusions

The phreatic aquifers of the Sahelian regions have well-known surface features like

depressions (with a mean depth below the surface of *60 m) and domes (only clearly

observed in the Lake Chad basin). These surface features result from evaporation/infil-

tration differences due to surface pedological variations between depressions and domes

(Aranyossy and Ndiaye 1993; Leblanc et al. 2003). This is corroborated by the observed

correlation between METEOSAT brightness temperatures and piezometric levels of the

QPA in the Lake Chad basin (Leblanc et al. 2003). The results from the present study

suggest that a correlation also exists between piezometric levels and sedimentary thickness

in the basin. Indeed, a comparison with the free-air gravity anomalies indicates that, where

the sediment infill is very thick (*4 km), the piezometric domes develop. On the contrary,

where it is thin, piezometric depressions are observed. This correlation suggests that

sedimentary infill characteristics impact the brightness temperature of the surface. In order

to explain the piezometric variations and the reported correlations, we propose an alter-

native hypothesis that combines evapotranspiration with a deep basin-wide convective

circulation.

The Lake Chad basin comprises four aquifers. These are (from shallow to larger depth):

the QPA, the Pliocene aquifer, the Continental Terminal aquifer and the Continental

Hammadian aquifer. Each aquifer is separated by clay layers generally considered as being

impervious. This statement is true when the clay layer has an extent commensurate with its

thickness. In the study region, the Pliocene formation has an extent of *300 km with a
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maximum thickness of *300 m. Data from seismic prospection in oceanic margins reveal

that overpressured clay layers develop giant polygonal fractures when they are submitted

to horizontal tensile stresses of a few bars. We discovered the existence of such structures

in the Bornu region, located close to the eastern border of the basin. By analogy, the

horizontal tensile stresses applied to the Pliocene formation result from the slope break of

the surface topography. Associated faults probably create a high vertical permeability

connecting the phreatic aquifer with the Pliocene one. Between depths of 2 and 3 km, the

compacted clay Fika formation has a maximum thickness of *2 km. The development of

differential compaction in this layer may explain the formation of fractures, allowing

hydrodynamical connexion between the Continental Terminal and Hammadian aquifers.

We developed a 2D numerical convective model along a cross section from the Kadzell

depression (western border of the basin) to the Kanem dome (eastern border of the basin).

Our model results show that a cold descending current develops below Kadzell and then is

channelled in the Bima formation, along the eastern slope of the basin. Meanwhile, it is

heated by about 50 �C by the basement geothermal heat. The horizontal Darcy velocity of

the fluid in the Bima formation is *10 cm year-1 that corresponds to a mean flow velocity

of *1 m year-1. Thus, it takes 1 Myr for the water to flow from the Kadzell depression to

the Kanem dome. The characteristic time to heat the *4-km-thick infill by conduction is

*500,000 years. These results show that the heat transport in the infill is due equally to

conduction and convection. The warm current, which now has a temperature of *100 �C,

rises along the permeable blocks delimiting the eastern border of the basin. The excess

pressure generated by this warm ascending current at the top of the *4 km sediment infill

potentially explains the piezometric level difference between Kadzell and Kanem. More-

over, our model results show that because: (a) thermal conductivity contrast between

sediments and basement along the western border of the basin, (b) fracturing induced by

the differential compaction, and (c) large sedimentary infill thickness, the eastern border of

the basin is a zone of ascending currents.

According to GRACE space gravimetry data and the transient variation of the con-

vective circulation, the perennial existence of water accumulation over the Kanem and

Harr piezometric domes (where in both regions there are no water supplies except from

rainfall during the wet season) can be explained by water supply from the convective

ascending current. Finally, our model suggests that the development of piezometric domes

and depressions are linked to the convective circulation and require connected aquifers, a

situation which leads to water mixing. Water geochemistry variations between the aquifers

are compatible with our convective model taking into account the cation exchange process

in clays. Comparison of the thermal profiles obtained by our model and BHT data suggests

that the thermal structure of the basin is impacted by the hydrothermal circulation that is

possibly linked to a basin-wide convective circulation. The best test to check this

hypothesis is to obtain BHT profiles in both the Kadzell and Kanem regions and compare

them with the thermal profiles obtained by our model. Unfortunately, such information is

lacking.

Heat provided by the warm ascending current below Kanem is not sufficient to explain

the 1–2 K brightness temperature difference observed in Kadzell during the night. In order

to explain this temperature difference, we need to consider heat provided by water con-

densation during the night and the possible existence of air convection in the under-

saturated zone. In this case, the role of the ascending current is to deliver water to the

surface in order to maintain a minimal humidity whatever the season. Finally, the detection

of ascending water currents near the surface has been made possible by the combination of

a highly permeable formation close to the surface and of warm zones during day and night
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in all seasons, detected by space-based thermal imagers. In the future, regions of arid and/

or semi-arid conditions showing this combination may indicate the existence of water close

to the surface that can be linked to a deep convective circulation.
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Appendix 1: Governing Equations, Parameters and Equations of State

The mass conservation equation for a fluid of variable density within a fluid-saturated

porous medium (rock matrix) without an internal fluid source is:

oðe � qfÞ
ot

¼ �r � ðqf � u~Þ ð1Þ

where e is the porosity, qf the fluid density (kg m-3), t the time and u~ the Darcy velocity

vector (m s-1). We write u~¼ ðU;VÞ, U and V being the fluid velocity component parallel

to the x and z directions, respectively. The fluid is incompressible with a constant chemical

composition, and its density is temperature dependent.

Darcy’s law is used to describe the fluid velocity field u~:

u~¼ �K

l
rp
�!� qg~

� �

; ð2Þ

where K is the permeability, l is the viscosity of the fluid, g~ is the gravity vector and p is

the fluid pressure. The fluid density varies linearly with temperature T in �C:

q ¼ q0ð1 � aðT � T0ÞÞ ð3Þ

where a is the thermal expansion coefficient and q0 is the fluid density at T0 = 20 �C, the

surface temperature of the model.

Heat transport is achieved by both conduction and advection and is described for an

incompressible single-phase fluid by:

Ceq

oT

ot

� �

¼ r � keqrT
�!� �

� CLu~ � r!T ð4Þ

where CL is the volumetric heat capacity defined by CL = qf CP, CP is the specific heat

capacity, Ceq and keq are the weighted average volumetric heat capacity and equivalent

thermal conductivity, respectively, as defined in saturated porous media of porosity /:

Ceq ¼ /qfCpf
þ ð1 � /ÞqsCps ð5Þ

where f and s are subscripts for the fluid and the porous matrix, respectively. We assume

that CL remains approximately constant, a reasonable assumption since the decrease in

density with temperature roughly balances the increase in the specific heat capacity with

temperature. The equivalent thermal conductivity is written as:
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keq ¼ k/f k
1�/
s ð6Þ

where kf and ks are the thermal conductivities of the fluid and the porous matrix,

respectively.

The vertical Rayleigh number Ra characterises the vigour of the convection within the

stratified porous medium and is defined as follows:

Ra ¼ aqgCLKz

lkeq

ch2 ð7Þ

where Kz represents the vertical permeability, g is the acceleration due to gravity, h is the

height of the layer and c is the vertical temperature gradient.

Appendix 2: Parameter values

In our calculations, the parameter describing the temperature dependence, a, follows from

the results obtained by Irvine and Duignan (1985). The viscosity of the fluid l (given in

units of Pa s) also varies with temperature, based on the following analytical expression

(ASME 1968; Kestin et al. 1978; Rabinowicz et al. 1998a, b):

l ¼ 0:00002414 � 10
247:8
Tþ133ð Þ ð8Þ

The pressure dependence of viscosity is not included, because it is small in the range of

depth considered here (Norton 1984). Equation (8) shows that the fluid viscosity decreases

from 17.5 9 10-5 to 13.5 9 10-5 Pa s in the 2–200 �C temperature interval. Above

200 �C, the viscosity remains approximately constant. In our model, the thermal con-

ductivity keq varies with temperature for each type of formation (crystalline rock, sand-

stone, shale). We used the experimental data provided by Clauser and Huenges (1995) for

the thermal conductivities of sandstone, shale and quartz-rich crystalline rock between 0

and 300 �C. Finally, the other parameters such as the porosity /, the heat capacity C of

each phase (rock and fluid) and the density of each phase at 20 �C assigned to each

geological formation are listed in Table 1.

Appendix 3: Method and Boundary Conditions

The simulations are performed using the Comsol MultiphysicsTM finite-element code,

which has already been tested and successfully implemented for convective process sim-

ulations in various configurations (Holzbecher 2004; Eldursi et al. 2009; Guillou-Frottier

et al. 2013). A two-dimensional grid constituted of square elements of size d = 200 m was

considered. Thus, given the dimensions of the basin, the grid is composed of 40 elements in

the z direction and 1500 elements in the x direction. The ratio 0.8d/Vmax, where Vmax

represents the maximal amplitude of the Darcy velocity, determines the optimal time step

at which the time evolution of the convective process can be realistically simulated.

The top of the model represents the surface topography of the Lake Chad basin, which is

impermeable (the vertical velocity at the interface is zero) and maintained at a constant

temperature of 20 �C. The bottom of the model consists of a quartz-rich substratum. It is

maintained at a constant temperature of 247 �C and has a permeability low enough to be
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considered as impermeable (*10-18 m2). The flow and temperature along the lateral

boundaries of the model are symmetric. All these chosen boundary conditions are the usual

ones, except the flow condition along the top interface. Indeed, a real free condition would

be mathematically more elegant. The latter condition is needed to adjust the depth of the

piezometer (i.e. of the saturated zone) at each iteration, in order to obtain a zero pressure

along that interface. That method is particularly costly and difficult to handle, because it

does not necessarily ensure the incompressibility of the fluid. Besides, it is not necessarily

justified as the depth of variation of the piezometer is small (*60 m) compared to the

depth of the basin. Therefore, the pressure perturbation due to convection and surface

topography is small in comparison with the lithostatic pressure variations in the basin.

Accordingly, in our model, the coincidence of the surface topography with the piezometer

results to be an acceptable first-order approximation (McKenzie et al. 1974). Besides, it is

extremely cost-effective as it does not require internal iterations between two time steps of

the temperature equation. As the program retrieves the pressure after each time step, we

can a posteriori compute the height of the piezometer with first-order precision. Because

the topography along the borders of the basin is not flat, local flows are generated and

eventually combine with those developed by convection. Actually, they have a

notable impact on the circulation recovered in the model over the Kadzell and Kanem area

(Sect. 2).

Appendix 4: Evaluation of the Hydrological and Thermal Characteristics
of Our Model

The maps of the fluid viscosity of the thermal expansion and of the effective thermal

conductivity of the basin of our convective model are displayed in Fig. 16a–d. From these

maps, we deduce that, within the Bima horizon, at the location of the P1 profile:

c = 57 �C km-1, K = 2 9 10-13 m2, h = 400 m, a = 2.9 9 10-4 �C-1, keq = 2.3 -

W �C-1 m-1, l = 5 9 10-4 Pa s, and thus, the Rayleigh number is equal to 21 (Eq. 1).

Alternatively, around P2: c = 62 �C km-1, h = 900 m, a = 3.8 9 10-4 �C-1, and

l = 3 9 10-4 Pa s, and the Rayleigh number is equal to 230. Finally, to evaluate the

vertical Rayleigh number of the whole basin above faults 5 and 6, we chose the following

numbers: c = 43 �C km-1, K = 10-14 m2, h = 4000 m, a = 2.6 9 10-4 �C-1,

k = 2 W �C-1 m-1, l = 10-3 Pa s, and thus, the Rayleigh number is equal to 31. These

numbers indicate that (a) convection likely develops in the Bima horizon outside the block

separated by faults 1 and 2, and (b) the basin-wide cell is not split into smaller ones in the

graben delimited by faults 5 and 6. Below Kanem, the evaluation of the effective Rayleigh

number for the entire depth of the basin is more problematic, due to the permeability

variations along the trajectory of the warm current. First, at the eastern border of the basin,

the permeability of the contiguous Bima blocks is 2 9 10-13 m2 in a channel extending

from 4 km to *700 m depth. In that channel, the vertical Rayleigh number is *380 (i.e.

much greater than 4p2) and the mean vertical velocity is 10 cm year-1.

Actually, in a real 3D geometry, hydrothermal convective currents parallel to the walls

of the basin may develop (Rabinowicz et al. 1998a, b). Despite the *150-m-thick Fika

formation (located eastward of fault 8, Fig. 3a), the warm current reaches the QPA through

the zone of the Fika formation shift induced by throws of faults 7 and 8 (ellipses A and B in

Fig. 3a). In the last *700-m-thick upper sediments, the intensity of the flow remains

strong as the mean vertical velocity is *4 cm year-1. The strength of this warm current
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explains the intensity of the backflow of the basin-wide convection, which reaches a

horizontal velocity of 39 cm year-1 over the Kanem, and down to *7 cm year-1 at

Kadzell. The resulting top pressure drop from Kanem to Kadzell explains the piezometric

level topography.

(a)

(b)

(c)

(d)

A B
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7

8

1
2

3 4

5 6

7

8

Fig. 16 Maps of the different physical parameters used for the modelling of the convective circulation in
the Lake Chad basin: a permeability fields assigned to the different formations of the basin. Dashed ellipses
highlight the stratigraphic throws of faults 7 and 8 that impact the Fika formation and vertical black lines
highlight the location of temperature profiles P1, P2, P3 displayed in Fig. 10, b fluid viscosity field (in Pa s),
c variations of the thermal expansion coefficient (in K-1) with the temperature and d distribution of the
effective thermal conductivity (in W m-1 K-1) within the basin
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Finally, let us suppose that the ascending and descending convective velocities along

the lateral border of the basin-wide cell are constant and have an intensity equal to V. Then,

an analytical 1D solution for the steady temperature (Eq. 4) shows that:

T zð Þ ¼ Tbottom þ c
1 � exp �Pe z

h

� �� �

1 � exp �Peð Þð Þ ð9Þ

and

dT zð Þ=oz ¼ �� Pe c
exp �Pe z

h

� �

1 � exp �Peð Þð Þ ð10Þ

where Pe represents the Péclet number, which is written as:

Pe ¼ CLhV

keq

ð11Þ

In Eqs. (9) and (10), z represents the height in the column of total thickness h, where the

flow is ascending or descending, respectively. Over Kanem, ?V * 4 cm year-1,

h * 700 m and keq * 2 W �C-1 m-1 and thus Pe * 1.9. If we assume that Pe � 1, we

see that:

dT z ¼ hð Þ=oz � Pe c � 1:9 c ð12Þ

Alternatively, below Kadzel, where V * -4 mm year-1, h * 1000 m and keq * 2 -

W �C-1 m-1, Pe * 0.3. Therefore, assuming that Pe � 1, we see that:

dT z ¼ hð Þ=oz ¼ exp �Peð Þc � 0:75 c ð13Þ

For Kadzell, close to the top of P1 profile, where the axis of the descending current

associated with the basin-wide cell is approximatively located, the observed conductive

heat flow is *110 mW m-2 and the convective heat flow is *70 mW m-2. These values

show that the approximation deduced from Eq. (13) is valid. Over the Kanem, close to the

top of the P3 profile, the conductive heat flow is *100 mW m-2 and the convective one is

*200 mW m-2. The approximation given by Eq. (12), which is specifically valid for a

fast ascending flow, leads to a good match with this last pair of heat flow values.

In Sect. 2, we emphasise that the mean heat flows at the top of our models are not

significantly different when fluids circulate by convection and when the transport of heat at

the surface is purely conductive: here 110 mW m-2, instead of 90 mW m-2. Actually, this

result can be rationalised as follows. Along the interface of the sediment and the basement,

inside the Bima formation, the mean horizontal velocity V of the L * 240 km basin-wide

cell is *10 cm year-1. Besides, the temperature contrast DT between the descending

current along P1 and the basement is *30 �C (Fig. 10). For a boundary layer approxi-

mation of the mean heat flow / along a cooling plate (Turcotte and Schubert 2002):

/ ¼ 2keqDT

ffiffiffiffiffiffiffiffiffiffiffiffi

CLV

pkeqL

s

� 13 mW m�2 ð14Þ

This expression correctly accounts for the difference of heat flows between the convective

and conductive models.
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Roche MA (1980) Traçage naturel isotopique et salin des eaux du système hydrologique du Lac Tchad, Paris
Sabins LF (1999) Remote sensing: principles and interpretation. W. H. Freeman, San Francisco
Schneider JL (1969) Carte hydrogéologique de la République du Tchad, B.R.G.M
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Tchad. Mémoire explicatif, B.R.G.M
Schroeter P, Gear D (1973) Etude des ressources en eau du bassin du Lac Tchad en vue d’un programme de
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Abstract In 2000, the World population was 6.2 billion people; it reached 7 billion in

2012 and is expected to reach 9.5 billion (±0.4) in 2050 and 11 billion (±1.5) in 2100,

according to the 2012 UN projections (Gerland et al. in Science 346:234–237, 2014). The

trend after 2100 is still one of the global demographic growths, but after 2060, Africa is the

only continent where the population would still increase. The amount of water consumed

annually to produce the food necessary to meet the needs of the populations varies greatly

between countries, from about 600 to 2500 m3/year per capita (Zimmer in L’empreinte

eau. Les faces cachées d’une ressource vitale. Charles Léopold Meyer, Paris, 2013),

depending on their wealth, their food habits, and the percentage of food waste they gen-

erate (on average, 30 % of the food produced is wasted). In 2000, the total food production

was on the order of 3300 million tons (in cereal equivalents). In 2014, it is estimated that

about 0.8 billion inhabitants of the planet suffer from hunger (FAO in World agriculture:

towards 2030–2050. FAO, Rome, 2014. http://www.fao.org/docrep/004/Y3557E/

y3557e00.HTM) and do not get the nutrition they need to be in good health or, in the

case of children, to grow properly (both physically and intellectually). This food deficit

was on the order of 40 million tons of cereal equivalents in 2014. The number of inhab-

itants with a food deficit was about 0.85 billion before the 2008 crisis and was decreasing

annually, but it increased abruptly after 2008 up to 1 billion inhabitants and is slowly

decreasing now. Assuming a World average water consumption for food of 1300 m3/year

per capita in 2000, 1400 m3/year in 2050, and 1500 m3/year in 2100, a volume of water of
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around 8200 km3/year was needed in 2000, 13,000 km3/year will be needed in 2050, and

16,500 km3/year in 2100 (Marsily in L’eau, un trésor en partage. Dunod, Paris, 2009). Can

bioenergy be added to food production? Will that much water be available on Earth, and

where will it come from? Is climate change going to modify the answers to these ques-

tions? Can severe droughts occur? Can there be conflicts related to a food deficit? Some

preliminary answers and scenarios for food production will be given in this paper from a

hydrologist’s viewpoint.

Keywords World water stocks and balance � Climate change � Food supply � Bioenergy �
Green and blue water � Virtual water � El Niño � Water conflicts

1 Where Does the Water We Use Today Come From?

Natural water on Earth has two origins: the perennial water cycle, the major one, and the

stocks of freshwater. Below is an assessment of the origin and use of water for the year

2000, for which most of the data are available, but one must keep in mind that all these

numbers come from different sources, may not always be consistent, and are all uncertain.

1.1 Freshwater Stocks

The freshwater stocks are very large (see, for example, Marsily 2009): about 28.2 million

km3 of ice and 15 million km3 of groundwater (which may be brackish in many places),

plus about 0.3 million km3 in lakes, and 8500 km3 in artificial reservoirs (Chao et al.

2008), plus the newly discovered 0.5 million km3 of semi-freshwater stored in aquifers

beneath the seabed (Post et al. 2013), whose magnitude and salinity still need to be

confirmed and which may be difficult to exploit. The ice stock is decreasing because of

climate change (IPCC 2014), and today the flow in the rivers from high mountains with

glaciers is increased because the ice is melting.

In fact, according to Rabatel et al. (2013), the tropical Andes harbour more than 99 % of

all tropical glaciers: Peru (71 %), Bolivia (20 %), Ecuador (4 %), and Colombia–Vene-

zuela (4 %). Most of the glaciers in the Cordillera Blanca, the largest tropical glacier train

in the World, are predicted to disappear, especially at lower elevations (Bradley et al. 2006;

Vuille 2013) and some as soon as between 2025 and 2045 (Ramirez et al. 2007; Baraer

et al. 2012). The predictions of all the different climate scenarios (IPCC 2014) are that they

will melt as the warming rate has already accelerated over the last three decades and

glacier loss is now occurring at an unprecedented rate (Vuille et al. 2008). In fact, glaciers

all along the Andes cordillera, north to south, are reported to be retreating at varying rates

and to be threatened by future climate change (Nicholson et al. 2009; Willis et al. 2012;

Davies and Glasser 2012; Diaz et al. 2014). However, this retreat is particularly critical for

Peru and Bolivia, as Peru’s highly populated arid Pacific coast depends on water stocks

from glacial melt (for drinking, irrigation, and hydroelectric power) to compensate for the

lack of rainfall, especially during the May to September dry season, when nearly all of the

river flow is due to glacial melt (Chevallier et al. 2011). In Bolivia, glaciers in the southern

Cordillera Real supply approximately 15 % (30 % during the dry season) of the drinking

water for the urban areas of La Paz and El Alto (Ramirez et al. 2007; Soruco 2012; Moya

Quiroga et al. 2014).
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The groundwater stocks are also decreasing, as shown in Table 1, taken from Zimmer

(2013) and Wada et al. (2012).

In Table 1, the countries are listed in decreasing order of annual groundwater with-

drawals for irrigation. The data are for the year 2000. The second column is the excess

withdrawal, i.e. the amount of water taken from stocks. The third column is the total

consumption by irrigation, from groundwater and surface water. The numbers in the line

‘‘Planet Earth’’ show the sum for all countries where estimates were available and not just

for the first six listed. These numbers are quite uncertain; other authors reach values about

half as high as these, see, for example, Konikow (2011), Döll et al. (2014, 2015, this

volume). But the comparison of the withdrawals from the stocks with the total amount of

irrigation water is of concern. About 10 % of the irrigation water used today is non-

sustainable and comes from groundwater stocks that eventually will run out. This is of

special concern at least for India and China, where the stocks will last for perhaps another

10–30 years. The annual amount taken from stocks is relatively small compared to the

global stocks (256 km3 compared to 15 million km3), but this is a false image: what

matters is the volume of residual freshwater stocks that can be exploited at the local and

not at the global scale: if the stock is large, e.g., in the Sahara desert or in Siberia, is it of

any use in India or China?

1.2 The Water Cycle

The renewable fresh water resources of Planet Earth, adapted from Shiklomanov (1999),

Shiklomanov and Rodda (2003) and Trenberth et al. (2007), are estimated today at

113,000 km3/year, which is the total amount of rainfall and snowfall on the continental

surfaces including the Antarctic and Greenland ice sheets (but not the floating ice of the

Arctic). This corresponds on average to a rain depth of 840 mm year-1. The fate of this

rainwater is as follows:

• 73,000 km3/year (65 %) returns to the atmosphere, by direct evaporation and mostly by

plant transpiration. This amount is partly used by rain-fed agriculture and pasture (in

2000, 6300 km3/year) and sustains the needs of all terrestrial ecosystems. It is used to

100 % by nature; hence, it is by no means a ‘‘loss.’’ It is now called ‘‘Green Water’’

(Hoekstra et al. 2011; Hoekstra and Mekonnen 2012).

Table 1 Amount of irrigation water taken from the groundwater stocks, for the year 2000; from Zimmer
(2013) and Wada et al. (2012)

Country Amount of groundwater
pumped annually
(km3/year)

Amount of excess withdrawal
compared to natural recharge
(km3/year)

Total annual consumption
for irrigation (km3/year)

India 190 71 600

USA 115 32 204

China 97 22 403

Pakistan 55 37 183

Iran 53 27 59

Mexico 38 11 71

Total 548 200 1520

Planet Earth 734 256 2510
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• 4000 km3/year (3 %) represents the melting of icebergs, broken-off from the Antarctic

and Greenland ice sheets, which melt in the sea and participate in the general ocean

circulation.

• 36,000 km3/year (32 %) is the total flow on the continents, which is called ‘‘Blue

Water’’; it consists of:

• 26,000 km3/year (23 %) of direct runoff into rivers when it rains; part of which can be

used directly, or stored in reservoirs for later use. This water is also used by the aquatic

ecosystems, in wet zones, rivers, lakes, and coastal zones.

• 10,000 km3/year (9 %) infiltrates into the ground and feed the aquifers, which in turn

feed the rivers when it does not rain (7800 km3/year), or flow directly into the seas or

endorheic zones (2200 km3/year).

A first step is to define the resource available to humans based on these numbers. In

general, the volume of 73,000 km3/year of evapotranspired water going back to the

atmosphere (Green Water) is not considered a resource, which constitutes a major error

since, e.g. for the year 2000, of the estimated 8200 km3/year of water consumed1 by

agriculture to produce our food, about 6300 km3/year is Green Water (5500 km3/year on

rain-fed farm land, over 1.34 billion ha, and 0.840 km3/year on rain-fed pasture, over

3.3 billion ha), and only 1800 km3/year is Blue Water, used for irrigation on 0.26 bil-

lion ha of irrigated land (Griffon 2006; Académie des Sciences 2006; Marsily 2009). The

total surface area of the continents is 13.3 billion ha, of which (according to the FAO 2002,

for 2000) approximately 1.6 is farm land, 3.7 is forest, 4.6 is grass and shrub, and 3.4 is

bare land; the total area that could potentially be farmed, at the expense of forests and grass

and shrub, is 4.2 billion ha. Let us assume for a moment that all the arable land on Earth

was used for rain-fed agriculture. The water evapotranspired by these 4.2 billion ha would

amount to approximately 23,000 km3/year (assuming linearity between area and evapo-

transpiration), which is still larger than the estimated water needs to feed 11 billion

inhabitants in 2100 (16,500 km3/year).

However, the arable land that is not directly farmed by humans today, about 2.6 bil-

lion ha, is of course not bare soils: it contains all the remaining natural ecosystems, from

the tropical forests to the northern forests, the grass lands, the bush land, the wetlands, etc.

Transforming more land into farmland for agriculture, where this is possible, therefore, has

an environmental cost, i.e. that of reducing natural ecosystems and biodiversity.

Similarly, when water is withdrawn from a river, e.g., for irrigation purposes, it is also

withdrawn from the normal functioning of a natural ecosystem. In these systems, life has

become adapted to making use of the resource, as efficiently as possible. The aquatic life is

therefore at equilibrium with the natural flow, its seasonal variations, its floods and

inundation of the plains, its droughts and their frequency, etc. Any withdrawal of water or

any artificial regulation (e.g., by a dam) of the natural functioning of the system will

inevitably have a negative impact on the natural ecosystems, from the source to the mouth

of the river, and even on coastal areas whose ecosystems depend on the flux of freshwater

into the sea for their survival. Note, however, that on average, at the global scale, one ha of

irrigated land produces about three times more food than one ha of rain-fed land (Musy and

Higy 2010).

Thus, the reality is as follows: the global renewable resource of freshwater on Earth

(total rainfall on the continents, 113,000 km3/year) is very large, and today less than 10 %

1 The ‘‘consumed’’ water is that which is evaporated and returns to the atmosphere; in irrigation, it
represents on average 75 % of the withdrawal; in domestic and industrial use, it represents about 15 % of the
withdrawal, the rest is the return flow which goes back to the continental water cycle.
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of it is used by humans, but the remaining 90 % are entirely used to sustain the natural

ecosystems, and the biodiversity that makes the World what it is. Globally, it may be

possible to increase the part of the resource used by humans, but only at the expense of the

functioning of the natural ecosystems. The question is then: Where is the least damage

done by withdrawing water from the natural systems?

The water resource is unequally distributed on Earth. At high latitudes, in the so-called

cold deserts, precipitation is very low,\200 mm/year. Rainfall increases in the temperate

zone, where it reaches 700–1000 mm/year and then decreases (at the latitude of the

Mediterranean zone) to practically zero at the latitude of the ‘‘hot deserts,’’ such as the

Sahara, the Arabic Peninsula, the Taklimakan desert, and Mexico. It then increases again in

the tropical and equatorial zone, to reach an order of 2300 mm/year. The same type of

climate distribution is found for every meridian and in both hemispheres (Shelton 2009).

In Table 2, from Viviroli et al. (2007), the percentage of the World population is given

as a function of the climate and vegetation zones, with the amount of direct river runoff.

One can see that the World population is not distributed in accordance with the water

resource. This is one reason for the local water shortages. Figure 1 gives the areas of the

World where there are water shortages at present (Rijsberman 2006; IWMI 2007; WWAP

2012; WWDR 2012), based on Blue Water only. But two causes are outlined on this map:

(1) physical water scarcity, where more than 75 % of the river flow (Blue Water) is

withdrawn for human use, and (2) economical water scarcity, where the Blue water is

available, but not exploited for lack of resources to finance the equipment to do so (dams,

canals, irrigation systems, etc.). This zone of ‘‘economical scarcity’’ harbours the 0.8–1

billion undernourished inhabitants of the planet, not the ‘‘physical scarcity’’ zone. This is

very important to realize that hunger is not, today at least, linked to a lack of water.

1.3 Virtual Water, Example of Tunisia

The concept of ‘‘Virtual Water’’ was introduced by Allan (1998). It represents the amount

of water needed to produce the goods that are imported or exported from one country to

another. In this case, the goods are agricultural products, but it could be any kind of

product. To truly understand the role of Virtual water in the water balance of a country,

Table 2 Climate classification adapted from Leemans (1992) and life zones from Holdridge (1967); in
Viviroli et al. (2007)

Contains aggregated Holdridge life zones A (%) POP (%) Q (%) q (mm year-1)

Polar and cold Tundra and polar; cold parklands 14.8 3.2 11.9 245

Cool Forest tundra; boreal forest 11.3 4.0 11.6 313

Temperate Temperate forest; warm temperate forest 9.9 23.3 15.2 465

Steppe Steppe; chaparral 9.7 13.6 1.9 59

Arid Cool desert; hot desert 18.5 7.9 0.3 5

Sub-tropical Tropical semi-arid; tropical dry forest 18.3 24.8 8.8 147

Humid
tropical

Tropical seasonal forest; tropical rain forest 17.5 23.2 50.3 872

A: Share in continental surface area (total: 133.6 million km2)

POP: Share in global population (total: 6.2 billion people in 2000)

Q: share in global discharge (total: 36,000 km3 year-1)

q: Average runoff, mm year-1; Antarctica and glaciated parts of Greenland are excluded
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take one example, Tunisia, a country in the arid zone where the water balance has been

thoroughly studied for a long time (Chahed et al. 2008; Besbes et al. 2009, 2014). The

presentation below is taken from these authors.

Tunisia is situated in North Africa and bordered by Algeria, Libya, the Mediterranean

Sea, and the Sahara. The country has a surface area of 164,420 km2 and had 10 million

inhabitants in 2004, and 10.8 in 2013, according to the National Institute of Statistics—

Tunisia. It has about 5 million ha of agricultural land, 11 % of which can be irrigated. The

average rainfall is 220 mm/year, which translates into a rainfall resource of 36 km3/year.

Total hydraulic resources (Blue Water) are estimated at 5 km3/year with the current cli-

mate, i.e. 3 km3/year of runoff and 2 km3/year of groundwater flow. It is considered that

2.1 km3/year of surface water can be exploited through dam construction, and 1.8 km3/

year sustainably supplied by groundwater. The Green water, which is part of the rainfall

resource infiltrated into the soil and available for evaporation and consumption by plants, is

23 km3/year, of which 13 km3/year refer to the whole extent of arable land (5 million ha),

and 10 km3/year to forest and rangeland. The remaining part of the rainfall is evaporated

on bare soils and by wetlands, or transferred to the Mediterranean.

The water demand for food is estimated from the amount of water needed to produce it

(Table 3). It is evident that animal products are very demanding compared to vegetal

products. This is due to the fact that animals eat vegetal products (e.g., grain, soya) and to

the low efficiency of vegetal-to-animal product transformation.

Based on the average diet in Tunisia, the food water demand in 2004 was about

1450 m3/year per capita, while it was only 600 m3/year in 1960, Fig. 2. This strong

increase is due to diet changes, in particular an increase in animal product consumption.

With 10 million inhabitants in 2004, the water demand for food was 14.5 km3/year, when

the available water resource used for agricultural production was 10 km3/year (Irrigation,

Blue 2 and Rain-fed, Green 8). Tunisia was therefore in theory short of about 5 km3/year of

Fig. 1 Physical and economic water scarcity (WWAP 2012)
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water to meet its food demand and was obliged to import food (mostly cereals) as ‘‘Virtual

Water’’ to balance its water budget. Table 4 gives the actual mean water consumption per

type of activity for the years 1990, based on production and trade statistics of food

products.

The direct water needs, which include municipalities, industry, and tourism, are small

(3 %) compared to the agricultural demand. In average rainfall years, half of the water

required to meet Tunisian food requirements is provided by rain-fed agriculture (Green

water), one-sixth by irrigated agriculture (Blue water), and almost one-third by Virtual

water in the form of imported food. Tunisia imports the water equivalent of 5.2 km3/year,

essentially in the form of cereals, and exports agricultural products such as citrus fruit,

dates, olive oil, and early-season vegetables equivalent to 1.5 km3/year for an average

500
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Fig. 2 Evolution of the per
capita water equivalent (m3/year)
of the Tunisian food demand
during the last 40 years

Table 3 Water needed for food production

Vegetal product Water needed (m3 t-1) Animal product Water needed (m3 t-1)

Vegetable oil 5000 Beef 13,000

Rice 1500–2000 Poultry 4100

Wheat 1000 Eggs 2700

Corn 700 Milk 800

Citrus fruits 400

Vegetables 200–400

Potatoes 100

Average values of water used in m3/t to produce raw food (consumed fraction, not in dry matter) (Renault
and Wallender 2000; Zimmer 2013)

Table 4 Comprehensive water
consumption of Tunisia (average
values for the years 2000); from
Besbes et al. (2009)

Sector Water consumption
(km3/year)

Irrigation 2.1

Rain-fed agriculture 6

Net imported virtual water 3.7

Urban water 0.4

Industrial water 0.1

Forests and rangelands 5.5

Water storage in dams for future droughts 0.6

Environment (conservation of wet zones) 0.1

Total water consumption 18.5
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annual net deficit of 3.7 km3/year (Chahed et al. 2008). In 2025, with about 12 million

inhabitants, and probably less water available because of climate change, virtual water is

likely to increase to 50 % of the food demand.

Tunisia’s food security goals are to satisfy, as far as possible, its basic food needs

(cereals, oil, meat, milk). However, it cannot be self-sufficient in some of these products.

Most importantly, climate variations cause large fluctuations in the yield from rain-fed

agriculture (Besbes et al. 2009). The food trade balance of Tunisia has been negative

during the last three decades, except for the rainy years of 1991, 1999, and 2004. This

balance depends strongly on cereal imports, which represent close to 45 % of the total

value of food commodity imports.

Large-scale hydraulic programmes to increase the Blue Water availability make the

water cycle highly artificial, which leads to a reduction in the water feeding natural

hydrologic systems, with consequences for the behaviour of continental and coastal aquatic

ecosystems; a reduction in recharge to aquifers from wadis (the Arabic term for an

ephemeral stream or a dry riverbed where water flows only during the rainy season)

situated downstream of large dams; and a progressive salinization of soils irrigated with

highly saline water. In these conditions, the protection of the environment and of the

resources requires a continuous assessment of the environmental water demand, which

should be included in the planning of water allowances: artificial floods for wetlands and

groundwater recharge or additional irrigation share to prevent salinization of irrigated soils.

Increased irrigation shares for salt leaching in soils were allocated early on, whereas the

understanding of other environmental needs requiring a direct water allowance from

exploited resources has been progressive and is now an essential component of water

resource planning and management. On a national level, the environmental water demand

remains small compared to urban and agricultural requirements, but it represents a growing

concern in the planning of future hydraulic programs.

Sometime in the 1980s, by its demographic growth and food diet changes, Tunisia

reached a situation where it was no longer self-sufficient in the balance of its food budget

(or its water budget) and needed to import food (cereals) or ‘‘Virtual Water.’’ To balance

its financial budget, Tunisia needs to export products or services to raise the money needed

for food import: phosphates minerals (Tunisia has no significant hydrocarbon nor coal

resources), textiles, tourism, services, etc. Provided that food (cereals) is available on the

international market, the real problem of Tunisia, given its demographic situation, is not

water; it is how to raise the money needed to buy food in the market. In this context, the

best use of the available Blue water may not be agriculture, but other industrial or service

activities, with better water efficiency (in terms of $/m3) and better job efficiency (in terms

of jobs/m3) than that offered by agriculture.

But is food available on the World market and likely to remain so in the future?

2 Scenarios for Food Production in 2050

Table 5 (part 1, situation in 2000) is an estimate for 2000 of how much food the planet

produced, with a zonation taken from the Millennium Ecosystem Assessment Report

(2005). Listed per zone are: its area, the area suitable for agriculture, the water resources

(rain, Green and Blue water, potentially exploitable Blue water), the cultivated area in

2000, the percentage of cultivated arable land, the population, the food need, in million

tons of cereal equivalent (i.e. each type of food is converted into cereals), the average yield
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in t/ha, the amount of water consumed (blue water, green water, and % of rainfall), the

food deficit or excess, and finally the amount of arable land that is not cultivated and kept

as ‘‘natural areas,’’ i.e. forest or grassland. Note that these numbers come from different

sources and are often not consistent (and therefore adjusted so as to be consistent in

Table 5) and highly uncertain; they provide only orders of magnitude.

The water consumed by agriculture in 2000 was 8140 km3/year: 1.34 billion ha of rain-

fed agriculture, consuming 5500 km3/year of water; 3.3 billion ha of rain-fed pasture,

consuming 840 km3/year; and 234 million ha of irrigated agriculture, consuming

1830 km3/year of water. It represents 97 % of the total water consumption by man. Three

major cereals, rice, wheat, and maize, each representing approximately one-third, consti-

tute 60 % of the food consumption. The total food production is about 3.3 billion tons of

cereal equivalents per year, for 6.2 billion people. However, about 1 billion are

undernourished; the amount of the food deficit is about 40 million tons per year, mostly in

Asia and Sub-Saharan Africa, as shown in Fig. 1. The current rate of food production

increase does not correspond to that of the demographic growth or, at least, does not reduce

the food deficit fast enough. The food yield is on average 2.11 t/ha, but varies greatly from

0.75 (Russia and the Commonwealth of Independent States, CIS), 0.92 (Sub-Saharan

Africa, SS-Africa) to about 2.9 (Asia and the countries of the Organization for Economic

Co-operation and Development, OECD). The water efficiency (m3 of water used to pro-

duce 1 t of cereals) is on average 2460 m3/t, with SS-Africa at 6150 m3/t, Russia ? CIS at

4600 m3/t and OECD at 1040 m3/t.

The first observation is that the major problems are expected to occur in Asia and in the

West Asia–North Africa (WANA) countries, where the ratio of consumed water

(Blue ? Green) to rainfall is about 16 % (World average: 8 %) and, most importantly, the

ratio of farm land to arable land is 75 and 87 %, respectively (World average: 37 %). The

major issue concerning food, as we will see, is the availability of arable land, not water.

The consumed water is on World average 78 % Green water and 22 % Blue water, but

again Asia and WANA have quite different ratios: 70 % Green and 30 % Blue, and 53 %

Green and 47 % Blue, respectively. A final observation is that ‘‘natural’’ (protected) land,

i.e. arable land that is not cultivated and is covered by forests and grassland, is mostly

found in Latin America (33 % of the total), Sub-Saharan Africa (31 %), and OECD

countries (19 %).

To predict the food balance for the years 2050 or 2100, one needs to determine:

• the number of inhabitants on Earth,

• their eating habits and the amount of wasted food,

• the efficiency of food production per m3 of water, i.e. the efficiency of the agricultural

water use,

• the effects of climate change,

• the amount of cultivated land.

To answer the first question, recent demographic projections made by the UN (2012, see

Gerland et al. 2014; Fig. 3) converge towards 9.5 billion inhabitants (from 9.1 to 9.9) in

2050 and towards 11 billion in 2100 (from 9.5 to 12.5), but the demographic growth will

continue after 2100, mainly in Africa.

The second question (eating habits) is more difficult. Table 3 shows the amount of

water needed to produce the different types of food consumed today, and Table 5 the water

actually used per geographic zone and the yield. If a country goes from a mostly vegetarian

diet to a meat-rich one, the amount of water required for food production will greatly

increase, as, for example, one kg of beef requires 13 times more water than one kg of
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Fig. 3 Demographic growth as projected by the UN in 2012, from Gerland et al. (2014). World and
continental population projections. A UN 2012 World population projection (solid red line), with 80 %
prediction interval (dark shaded area), 95 % prediction interval (light shaded area), and the traditional UN
high and low variants (dashed blue lines). B UN 2012 population projections by continent. In both panels,
the vertical dashed line denotes 2012
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wheat. At this moment, Asia is more vegetarian than meat consuming, but this is changing

rapidly, in particular in China and India. Assumptions have thus to be made on the

evolution of food habits.

The third question concerning agricultural efficiency (see Table 5) is also difficult to

answer, particularly for such a long forecasting period, i.e. 35–85 years. But it is generally

assumed that water use efficiency could be increased by 20 % by 2050, i.e. that the same

amount of food could be produced with 20 % less water. In short, ‘‘more crop per drop’’ is

feasible. When the yield is good (e.g. above to 2–3 t/ha), the water consumption per ton is

about that of Table 3, but when the yield is low (e.g. about 1 t/ha), the water consumption

per ton becomes much higher (up to eight times more), because the plants are less

developed, they do not cover the soil, and much water is evaporated, not transpired

(Zimmer 2013; Rockström 2004). Increasing the yield (e.g., by better plant selection, use

of fertilizers, protection against pests.) will also increase water efficiency.

The effects of climate change are discussed in Sect. 3.

Griffon (2006), Agrimonde (2010) and FAO (2015a), among many others, have built

scenarios of food needs and food production increase for 2050. One of these scenarios is

presented in Table 5, part 2, the situation for 2050. Compared to 2000, the increase in food

production achieved by 2050 should be from 3300 to 6180 million t/year. This number

takes into account population growth, the age of the population, the eradication of hunger,

and diet changes as a linear continuation of what has been observed in the past 10 years.

This food production increase can be obtained by:

• increasing yields and crop efficiency,

• increasing the amount of irrigated land,

• increasing the amount of cultivated rain-fed land,

• reducing food losses, which are currently estimated at 30 % of food production (SIWI

2008).

At present, the rate of areal increase in irrigated land is low,\ 2 million ha/year. In the

first few years of the new millennium, the World Bank and other funding agencies stopped

financing large irrigation projects, as their technical and financial success was considered

poor, but they are now revising their opinions. Unless its rate of increase is raised very

rapidly, by at least a factor of ten, irrigation is not going to be the main factor of production

growth. Scenario 1 in Table 5 is based on small technology changes, nominal investment

in irrigation, and major increase in rain-fed agriculture in Africa, to satisfy the demand on

this continent, in South America, Russia-CIS, and OECD countries, to compensate for the

deficits, and in Asia and WANA, unable to be self-sufficient. Many tests have been

performed, but the major conclusion is indeed that Asia and WANA countries cannot be

self-sufficient food producers in 2050, as is already the case of WANA today. The limiting

factor is soils for Asia and water for WANA. SS-Africa is currently in food deficit and

must import food, but there is plenty of arable land and water in SS-Africa, and it could be

self-sufficient, as is assumed in Table 5, but this is a very strong assumption and requires

rapid development of the agricultural production in SS-Africa, which may or may not

occur. The deficits from Asia and WANA are assumed to be met by extra production by

Latin America, OECD countries, and Russia-CIS. But other scenarios could equally well

have been built, with SS-Africa becoming an exporter, or with different ratios between the

three exporting zones.

The net result of this scenario is that an increase of about 1 billion ha of rain-fed

cultivated land would be required, thus reducing the ‘‘protected area’’ (non-cultivated

arable land) by the same amount. This number is probably too large; other scenarios
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produce half or even a third of that number, with different assumptions on yield and food

habits. If this scenario is linearly extrapolated to 2100, with 11 billion inhabitants, a total

production of 7200 million tons/year of cereal equivalents would be required, i.e. an

additional increase in rain-fed cultivated land of about 0.4 billion ha and a residual

‘‘protected area’’ of 1.2 billion ha, instead of 2.6 today.

Scenario 2 in Table 5 is again taken from Griffon (2006). It assumes that in 2050, in

addition to food production, land is also used to produce second-generation biofuels. In this

scenario, 585 million ha are taken out of the pool of arable land to produce energy, at an

average yield of 3.3 tons of oil equivalent (toe) per ha, producing 1.9 billion toe/year.

According to Müller in FAO (2006), up to 25 % or the World energy needs could come

from biofuels within 25 years. But these 1855 million toe would only represent 8 % of the

energy needs of the planet in 2050, not 25 %, and would reduce the ‘‘protected area’’ to

1 billion ha in 2050.

Water desalination, often mentioned as the solution, is not a realistic option for food

production, given its cost and energy requirements (from 2.5 to 6 kWh/m3 for seawater

with reverse osmosis). Just to provide an order of magnitude, if 4000 km3/year of water (to

produce, by irrigation, the additional food needed from 2000 to 2050) were to be produced

from seawater desalination by reverse osmosis, it would require an amount of energy equal

to half of that produced today per year from the current exploitation of hydrocarbons.

Artificially growing food plants without soil can be efficient, but is also extremely costly

and will most likely not be the solution. Increasing the food productivity by genetically

selected or modified plants is certainly a fascinating research area but, according to Tardieu

(2005), it is today very difficult to expect significant reduction in plant water consumption,

as there is a trade-off between the evapotranspiration of water through the stomata of the

leaves, and the capture of CO2 for photosynthesis: reducing one also reduces the second.

But plants more tolerant to droughts can probably be developed.

Raising insects to provide animal proteins as feed for farm animals, fishes, or as human

food is quite often mentioned (see Rumpold and Schlueter 2013; Makkar et al. 2014; FAO

2015b). Today, about two billion inhabitants of the planet eat insects, but they are mostly

gathered, not farmed. The significance of this protein input in the food balance is unknown,

but assumed to be currently very small. Encouraged by FAO, insect farming is developing

rapidly; the bugs can be cooked and eaten or lyophilized and used as a protein extract

which is then incorporated in food or feed. The energy content of insects varies greatly

(FAO 2012), in general from 90 to 200 kcal per 100 g of raw food, with extreme values for

Australian ants (1272 kcal/100 g), Ivory Coast termites (535 kcal/100 g), or Mexican ants

(404 kcal/100 g); for comparison, raw meat is on the order of 113–208 kcal/100 g. Is this

the solution to the food problem? It may help, but it cannot be considered as a real

breakthrough. Indeed, when insects are farmed, they must be fed with vegetal products or

with animal or vegetal waste. But then they become competitors to other ‘‘transformers’’ of

vegetal or waste into animal products: with 10 kg of vegetal matter, one can make 1 kg of

beef, 3 kg of pork, 5 kg of chicken, and 7 kg of insects. By using insects, one only

increases productivity by a factor of 1.4, at least with the current species. Many studies are

furthermore required to evaluate the long-term health effects of such food.

Thus, the major conclusion of this survey is that additional food will most likely be

produced by an increase in rain-fed agriculture, in those areas where land is still available:

mostly South America and Africa and, to a lesser extent, Russia ? CIS and OECD

countries, while other regions such as Asia and WANA will not be able to be self-sufficient

in food production. In conclusion, water is not likely to be the limiting factor in controlling
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the current demographic growth of the planet; there will be enough land and water to

produce the required food in normal years, but with:

• Enormous ‘‘Virtual Water’’ trade between continents, as Asia and North Africa will not

be self-sufficient and must import food, essentially from South America; see for

instance Dalin et al. (2012) who have estimated the current virtual water trade at

259 km3/year in 1986 and at 567 km3/year in 2007.

• Dramatic reduction in the biodiversity and of natural ecosystems all over the World, by

a reduction in the ‘‘protected areas’’ on arable land, such as forests and grassland or

bush land.

3 Climate Change

The above picture of the World in 2050 is already grim, but let us now look briefly at the

prospects for the effects of climate change. The latest IPCC report (2014) shows that the

effects of climate changes are fairly well predicted as far as the temperature is concerned,

for any specified emission scenario, but that their hydrologic effects are still poorly pre-

dicted. Nevertheless, the current prediction is for a global increase in the total rainfall, the

hydrologic cycle being accelerated, with a displacement towards the poles of the climate

zones, which have been described above. In the Northern hemisphere, it will rain more, for

example, in Northern Europe, less in Southern Europe and North Africa, as the Mediter-

ranean climate zone will move North, and more in the tropical zone and in southern

Sahara. The summer season in Southern Europe will be drier and the evaporation higher,

requiring greater irrigation water supplies. The mountain glaciers will melt partly or totally

(e.g., in the tropical Andes). The effects of temperature and CO2 concentration changes on

crop yields have been summarized by, for example, Agrimonde (2010) or Académie des

Sciences (2011) but are not considered here in view of an expected impact (±5 to 20 %)

much weaker than the uncertainties.

The major issue in the present discussion is whether climate changes will also affect the

climate variability, i.e. the frequency or intensity of extreme events, droughts, or floods.

This is still a controversial issue. The model results apparently do not show significant

changes in the extreme-event frequency, unless a four times higher CO2 concentration in

the atmosphere is reached, which hopefully will never occur. At the very minimum,

climatologists agree that if the mean of the rainfall distribution is shifted, the whole

distribution curve will also be shifted, in the same direction. In other words, if the mean

rainfall increases in one area, then the frequency of floods will increase and that of

droughts will decrease (or, at the same frequencies, the magnitude of the floods will

increase and that of the droughts will decrease), and vice versa if the mean rainfall

decreases.

Whether the shape of the distribution of events will also be modified and not just shifted

is debatable. When observations are considered, a record of about 40 years where a change

in climate can be detected on the mean is very short for detecting changes in the fre-

quencies of extreme events, but the latest IPCC report (2014) indicates that the variability

of climate seems likely to increase. This would mean higher frequencies of extreme events,

floods, or droughts.

In Table 5, it is assumed that, because of climate change, 110 million ha of arable land

will be lost in the zones of Mediterranean latitudes, and 160 million ha will be gained in
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the Northern latitudes because of the warming; moreover, 10 million ha would be lost

because of sea-level rise, according to IPCC (2014).

4 Risk of Droughts

Disregarding climate changes, the Earth has always experienced great climate variability,

depicted, for example, as the seven years of fat cows and lean cows in the Bible. Some

archaeological studies conducted simultaneously in Greece and China seem to show that a

severe drought occurred in these two countries around the year 400 AD (Cook 2013;

Manning 2013), while other researchers suggest that a major climate change-induced

drought may have driven the collapse of the once-flourishing Eastern Mediterranean civ-

ilizations towards the end of the thirteenth century BC, i.e. the late Bronze Age crisis

(Kaniewski et al. 2013). It is likely that such events will occur again; the question is: will

they severely affect food production and occur simultaneously on different continents? In

1998, following a strong El Niño event, there was a large deficit in grain production in

China and Indonesia at the same time (Rojas et al. 2014; Lizumi et al. 2014). These two

countries were able to import and distribute from the World stocks the required amount of

grain, and no major adverse consequences were felt; the global food stock of cereals, of the

order of 400–600 million tons, which is about 2–3 months of the current global con-

sumption, falls to a very low point, but was sufficient. This stock has been decreasing

regularly in the last 20 years, and, as a result, the cereal prices have greatly increased since

2006 with a peak in 2010 (the FAO food price index had doubled compared to 1990–2005).

But since 2008, good harvests have brought down prices (in 2015, they are only about

30 % higher than for 1990–2005), and the cereal stocks are back to 630 million tons

(March 5th, 2015) representing about 3 months of the World cereal consumption (FAO

2015a).

The current theory is that drought situations will occur in the future (Sheffield and

Wood 2011), as they did before, even during the last six decades (Sheffield et al. 2012);

droughts are even expected to increase in frequency and severity in the future as a result of

climate change, mainly as a consequence of decreasing regional precipitation in some areas

but also of increasing evapotranspiration driven by global warming (Dai 2013; Trenberth

et al. 2014). However, it is assumed that these droughts will not occur at the same time on

all continents and that a situation of drought here will be compensated by normal or good

harvest elsewhere; therefore, no major food shortage should occur (FAO 2003, 2006).

This may be true most of the time. But a brief look at history may be of interest here. It

is well known, for instance, that the major volcanic eruption on Krakatoa in 1883 had a

Worldwide effect on temperature and rainfall (a global 5 % reduction in rainfall is often

mentioned). In 2001, Davis published a historical analysis of the nineteenth century

famines and reported on two severe drought episodes that occurred in 1876–1878 and

1896–1900, simultaneously affecting at least Brazil, China, India, and Ethiopia. Contrary

to the general belief, in this case very serious droughts occurred at the same time in

different places, on different continents; Davis (2001) relates these droughts to very strong

El Niño events affecting the monsoon zones.

The consequences of the famines in the nineteenth century were very severe; Davis

(2001) mentions, for each case, around 30 million deaths in China and India only, i.e. a

total of 4 % of the World population at that time (around 1.5 billion in 1875). The Nobel

Prize laureate in economy Armatyra Sen (Sen and Drèze 1999) analysed the same events
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and determined that in most cases of drought, which he called ‘‘Food Availability

Decline,’’ the main cause of death and famines is not the lack of food, but rather the lack of

economic resources of the poor farmers whose crops (their unique source of revenue) have

been lost and who therefore can no longer afford to buy food at the inflated prices. He

showed, for instance, that the same happened in Ethiopia in 1975, when a drought and

agricultural disaster in one part of the country created a large famine and many deaths,

while in other parts of the same country, food was available, and even the means of

transporting it to the famine zone, which was situated along a major highway, but nothing

was done.

In this context, it is interesting to look at observed frequencies of very strong El Niño

events. Ortlieb (2000) tried to reconstruct, from historical archives in South America, the

years of strong and very strong El Niño events from 1525 to 1950. In his list, 1876, 1878,

and 1899 were indeed very strong El Niño years, as stated by Davis (2001), but, on

average, such very strong El Niño events seem to occur about twice every century: they are

indeed relatively rare.

In conclusion, what this brief survey shows is that once or twice per century, or perhaps

more often if climate changes affect the El Niño variability (Cai et al. 2014), a major

drought period lasting several years may affect simultaneously several continents, influ-

encing the food production on a global scale (Vicente-Serrano et al. 2011). Stocks will

probably not be sufficient to satisfy the demand, as the current level of stocks, which equals

about 2–3 months of global consumption, would rapidly be used up, and its transportation

to remote places would still be a problem. The international market prices of food would

suddenly become very high, and ‘‘Food Availability Decline’’ would become a reality,

generating famines of unknown magnitude. The poor countries or the poor rural com-

munities affected by the droughts would be the first to suffer, but may not be the only ones.

There is no reason to assume that this cannot occur. What is, however, unknown is

when: Next year? Ten years from now? The only means of preventing such a catastrophe

would be to very significantly increase the World food stocks or water stocks. But where to

put the food stocks? Near harbours for easy access and transportation? Who would pay?

5 Conflicts

Since at least the Neolithic Revolution, people have identified water as a commodity and

source of economic power and have manipulated its flow (Mithen 2012). It is also well

known that throughout the World’s history, political and environmental mismanagement,

associated with climatic causes, has had a catalytic effect on large-scale disasters,

including the decline/demise of complex societies, such as, for example, the ancient Maya

civilization (Demarest 2004). This Mayan decline is related to complex and intricate

political and environmental reasons (Hodell et al. 1995; Turner and Sabloff 2012; Masson

2012), where successive dry periods were indeed the culprits (Kennett et al. 2012;

Denommee et al. 2014). More recently, the Sudanese 60-year long war, which started in

1955, has also been linked to two long-lasting droughts (1967–1973 and 1980–2000) that

have caused widespread population displacement during which thousands died of starva-

tion (Welzer 2012). Similarly, in the ongoing Syrian crisis, water mismanagement and

climatic conditions (Gleick 2014; Kelley et al. 2015) have played a role in the deterioration

of Syria’s economic conditions, magnifying religious and sociopolitical, even geopolitical,

factors (Azmeh 2014).
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Of course water conflicts are not only related to water scarcity. They may arise due to

flooding, water-quality degradation, but, according to Wolf (1995), for the most part, they

are indeed related to water deficits. As shown above, demographic growth is likely to

generate water stresses, or rather, food deficits. Let us cite here two dramatic examples,

Easter Island and Rwanda, as described by Diamond (2005).

1. Easter Island was discovered in 1722 (at Easter) by the Dutch navigator Jakob

Roggeveen. He found a civilization that was totally isolated, devastated, and whose

members thought that they were alone on Earth, in the middle of a big ocean. From the

fifteenth to the seventeenth century, the inhabitants had destroyed their environment

by cutting down all the trees on the island, only to use them as rollers to move the huge

stone statues, the Moaı̈, which served as emblems of power and nobility to the priests

and leaders. The soil erosion and loss of fertility that resulted made it impossible to

feed a population estimated to have been in the range of 3000–30,000 individuals. In

1680, approximately, an uprising against the priests and leaders occurred, with

massacres and cannibalism, reducing the population to about 30 % of its initial

numbers. Food deficit can indeed generate large conflicts.

2. The second example, Rwanda, is more controversial. In 1994, genocide occurred in

Rwanda (see http://en.wikipedia.org/wiki/Rwandan_Genocide), where 500,000–

800,000 people (about 11–20 % of the population) were killed with machetes over a

period of 100 days (from 6 April 1994 to 16 July 1994). The usual explanation is that

two local tribes, the Hutus and the Tutsis, went to war for political reasons, the Hutus

(usually labourers), 85 % of the population, having been kept as ‘‘second-rate’’ citi-

zens inferior to the Tutsis (more frequently landowners), who considered themselves

the rulers, following the European colonists who selected this group to be both

privileged and educated. This situation exacerbated the tendency of the few to oppress

the many, creating a legacy of hatred, resentment and tension that exploded into

violence many times before and after the Hutu revolution (1959) and the independence

(1962), henceforth reaching its climax in 1994.

But Diamond (2005) claims that the reality is quite different. He maintains that

demographic growth had been about 3 % per year since the 1960s. In 1994, all arable land

was exploited, the population density was 760 inhabitants per km2, as high as in England,

and the food production, given the local agricultural practices, was insufficient to meet the

needs. In 1985, the agricultural production per capita, after a continuous increase from

1966 to 1981, was back to the level of 1960. For Diamond, this food deficit was the cause

of the genocide; as evidence, he states that in areas where there were few or no Tutsis, the

Hutus killed Hutus. Of course there was an existing tribal rivalry, which was involved in

the triggering of the genocide, but the real underlying cause was a food deficit. This

hypothesis is confirmed by a booklet published before the genocide by Belgian agrono-

mists (Wils et al. 1986), who said that a major food deficit crisis was bound to occur, but

nothing had been done to prevent it. In Rwanda, the food deficit was not a water deficit, the

country is very humid and does not lack water, and it was an arable land deficit. But the

consequences are similar: food deficits can results in major conflicts.

Does climate variability (and water scarcity) play an important part in conflicts/vio-

lence, or is it expressing a modern form of environmental determinism? This is an ongoing

debate (see, for example Rahaman 2012; Hsiang and Burke 2014; Cane et al. 2014;

Raleigh et al. 2014; Nordas and Gleditsch 2015; Buhaug 2015). Note that Wolf et al. at

Oregon State University (see Wolf 1995; Subramanian et al. 2012; Kramer et al. 2013)

have studied all the past water conflicts in the World and developed a data base: the
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Transboundary Freshwater Dispute Database (TFDD 2015) where all the disputes, con-

flicts, and settlements have been documented. A map of the current 888 ‘‘hot spots’’ on the

planet has been produced, see Wolf (2014). Based on the TFDD, De Stefano et al. (2012)

have developed a map of potential future conflicts in the World in 2050 (Fig. 4). More than

half of the basins at high risk are in Africa (Congo, Niger, Lake Chad), but other basins at

risk exist in the Catatumbo Basin between Columbia and Venezuela, in the Middle East,

and in Eastern Europe, etc.

6 Conclusions

As predicted by the UN in 2012, the World population growth will put the planet under

intense pressure to produce what will be needed to feed this population, with little place

left for producing, at the same time, second-generation biofuels, and thus to solve the

energy challenge. Contrary to current beliefs, water will not be the limiting factor of food

production at the global scale: there is plenty of water on Earth, mostly through the water

cycle, and in some places through the groundwater stocks. The major source of water to be

used for food production is Green Water, i.e. rainwater infiltrated into the upper soil and

available to the vegetation for evapotranspiration. The real limiting factor for food pro-

duction is the availability of agricultural soils that can be farmed (excluding food grown

artificially without soil, due to its very high costs).

The availability of water and soil is very unequally distributed on Earth, compared to

the distribution of the population. In other words, in many places on Earth, the population

growth will exceed the capacity of the countries to produce the food they need, as is

already the case in some countries. The forecast for 2050 is that Asia (the continent as a

whole) will not be able to feed itself due to a lack of arable land, and West Asia–North

Fig. 4 Potential water-related conflicts in 2050, with the intensity scale (high, medium, low); from De
Stefano et al. (2012)
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Africa even less so, due to a lack of water. Sub-Saharan Africa could have enough water

and soils to feed itself, but if, and only if, intensive agricultural development takes place,

mostly by increasing rain-fed agriculture and its yields and developing irrigation. The food

deficit in Asia and WANA (and in SS-Africa if the required development is not sufficient)

will have to come from the three remaining zones: OECD countries, which need to

increase their production (through irrigation, yield increase, and new land farming), Russia

and the CIS countries (mostly through yield increases), and lastly South America (through

deforestation); all three zones will have to export ‘‘virtual water’’ to the countries with a

food deficit. Sea transport of food is cheap and does not significantly harm the environ-

ment. In places where soils and water are available, but not in the same place (e.g., China

and India), increasing irrigation by long-distance water transfers will be necessary to

reduce the need for ‘‘virtual water’’ transfers.

For the countries that will need to import food, the real problem is to generate, by

exports, the income required to pay for this import. It can be raw materials, e.g., minerals

and oil or electric energy produced in arid zones, or industrial products, or services

including tourism. It may happen that a country with water stress will be better off using

the little water it has to produce goods or services rather than food, both in terms of

economic and employment balance.

For countries with both arable land and water, which are obliged to increase their food

production, two options are available: building dams and irrigation systems, or increasing

the area of rain-fed agriculture, by deforestation. Both options have very negative con-

sequences for the environment, the loss of natural ecosystems and biodiversity. Each

situation may be different, and the two options need to be compared in each individual

case, but irrigation is very efficient in reducing the surface area of land that needs to be

farmed, since, on a global average, one hectare of irrigated land produces three times more

food than one hectare of rain-fed land. But have we developed the tools and methodologies

to compare the negative effects on the environment of each option and to develop the best

mitigation strategies to minimize these effects?

However, the World can sometimes experience very severe food deficits, both spatially

and temporally, when the rains fail. In such situations, we have seen that tragic conflicts or

genocide can happen. The monsoon zone seems to be the most fragile in that respect, with

historical famines which had extremely severe death tolls, e.g., in the nineteenth century,

most likely linked to very strong El Niño events, lasting several years. Very intense

volcanic eruptions can also have drastic effects on rainfall, temperature, and global food

production. The World is not protected against such food deficits, even if the last large

famines occurred more than 100 years ago. The only way to protect the World population

against such events is to create stocks. However, economists do not favour food stocks,

because of their costs, or consider them only as regulators of market prices. On 6 March

2015, China indicated, however, that it would increase by 33 % its budget for agricultural

stocks, up to 24 billion dollars, or from 200 million tons to 250 (these are estimates, the

exact numbers are state secrets). This seems to be a very wise decision, and other countries

should follow that route. But, as hydrologists, we can offer an alternative: create water

stocks. See, for instance, the immense social benefits that Egypt enjoyed with the con-

struction of the Aswan dam: several episodes of droughts (and of floods) were prevented

thanks to the dam, even if its environmental consequences were severe. No Egyptian would

deny that. But how can we store water? We can build more dams, of course; the current

volume of water stored in dams is about 8500 km3 (Chao et al. 2008), and it could be

increased, notwithstanding their environmental consequences.
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But there is a better alternative: storing water underground in aquifers. The volume of

water naturally stored in aquifers is huge: 15 million km3. There is room for water storage

in aquifers equal to 600,000 times the current amount of water stored in dams! Artificial

recharge of aquifers has been tested in many places (see, for example, Dillon et al. 2009)

and can be implemented relatively easily. In drought-prone areas, the aquifers should be

recharged artificially in order to store water for ‘‘bad times,’’ instead of being depleted as is

currently the case. In areas where the aquifers are brackish, it is possible to inject fresh-

water and create ‘‘lenses’’ of fresh water within the brackish aquifer, where mixing would

occur only at the interfaces.

This should be the major task of the next generation of hydrologists: take good-quality

surface water from rivers, when there is plenty, treat it, and store it underground (where it

does not evaporate) in aquifers, to provide water and food in case of drought. Tools such as

GRACE can be an efficient way to monitor the global amount of water stored on Earth.
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