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High-resolution mapping of global surface water 
and its long-term changes
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The location and persistence of surface water (inland and coastal) 
is both affected by climate and human activity1 and affects 
climate2,3, biological diversity4 and human wellbeing5,6. Global 
data sets documenting surface water location and seasonality 
have been produced from inventories and national descriptions7, 
statistical extrapolation of regional data8 and satellite imagery9–12, 
but measuring long-term changes at high resolution remains a 
challenge. Here, using three million Landsat satellite images13, we 
quantify changes in global surface water over the past 32 years at 
30-metre resolution. We record the months and years when water 
was present, where occurrence changed and what form changes 
took in terms of seasonality and persistence. Between 1984 and 
2015 permanent surface water has disappeared from an area of 
almost 90,000 square kilometres, roughly equivalent to that of Lake 
Superior, though new permanent bodies of surface water covering 
184,000 square kilometres have formed elsewhere. All continental 
regions show a net increase in permanent water, except Oceania, 
which has a fractional (one per cent) net loss. Much of the increase is 

from reservoir filling, although climate change14 is also implicated. 
Loss is more geographically concentrated than gain. Over 70 per 
cent of global net permanent water loss occurred in the Middle East 
and Central Asia, linked to drought and human actions including 
river diversion or damming and unregulated withdrawal15,16. 
Losses in Australia17 and the USA18 linked to long-term droughts 
are also evident. This globally consistent, validated data set shows 
that impacts of climate change and climate oscillations on surface 
water occurrence can be measured and that evidence can be gathered 
to show how surface water is altered by human activities. We 
anticipate that this freely available data will improve the modelling 
of surface forcing, provide evidence of state and change in wetland 
ecotones (the transition areas between biomes), and inform water-
management decision-making.

Between any two points in time, part of the Earth’s surface is constantly 
underwater and part is never underwater, with the remainder fluctuat-
ing between these extremes. Coastlines and lake and river boundaries 
advance and retreat, rivers meander, new permanent lakes form and 
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Figure 1 | Different facets of surface water dynamics. a, Map of the 
USA showing Sacramento Valley location (red square). b, Surface water 
occurrence 1984–2015. c, Surface water occurrence change intensity  
1984–2015. d, Surface water recurrence 1984–2015. e, Surface water 
seasonality 2014–2015. f, Transitions in surface water class  
1984–2015. The Sacramento Valley is one of the major rice-growing 

regions in the USA, extracted from the global data set. Seasonal water 
areas in the left and lower right of each panel correspond to flood 
irrigation, mainly rice paddies. The more permanent water features  
(centre and top right of each panel) are reservoirs. See Supplementary 
Information for a description of the water classes.
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others empty, while seasonal inundations and flood– irrigation cycles 
periodically create temporary bodies of water. When and where you 
find water on the planet’s surface is hugely important. The presence (or 
absence) of water influences the climate system, as accounted for in gen-
eral circulation models2, as well as CO2 evasion and methane emissions3. 
Access to water influences movement, viable range and migrations for 
multitudes of species4; it is indispensable for sustainable development5 
and can threaten the security of people, institutions and economies6.

Global surface water dynamics have been recorded from coarse- 
spatial-resolution satellite observations12, higher-resolution  seasonality 
maps have been produced using Landsat satellite imagery at 5- to 
10-year intervals11, and all Landsat images over multiple decades 
have been used to map seasonality and changes at continental19 and  
sub- continental20 scales. The data set presented here (freely available 
from https://global-surface-water.appspot.com/) extends previous 
work by using the entire multi-temporal orthorectified Landsat 5, 7 and  
8 archive spanning the past 32 years to map the spatial and temporal 
variability of global surface water and its long-term changes.

Each pixel in 1,823 terabytes of Landsat data (Extended Data  
Fig. 1a–c) was classified as open water, as land or as a non-valid 
observation using an expert system (see Methods, Extended Data  
Figs 2 and 3, and Supplementary Table 2). Open water is any stretch 
of water larger than 30 m by 30 m open to the sky, including fresh and 

 saltwater. Classification performance, measured using over 40,000 
 reference points (Methods and Extended Data Figs 4 and 5) confirmed 
that the classifier produces less than 1% of false water detections, and 
misses less than 5% of water (Extended Data Table 1).

The long-term water history was used to produce thematic 
 products that document different facets of surface water dynamics. 
Figure 1 shows extracts from the global products for part of the USA’s 
Sacramento Valley (see Fig. 1a). Figure 1b shows occurrence (variations 
in persistence and location) between March 1984 and October 2015. 
The intensity with which occurrence increased or decreased over the 
32 years documents gain, loss and constancy in persistence (Fig. 1c). 
The frequency with which water reappears from year to year across 
the time-series is mapped as recurrence (Fig. 1d), and water surfaces 
present throughout an entire year’s observations are separately mapped 
from those that are seasonal (Fig. 1e). Transitions between permanent 
water, seasonal water and land classes can be determined between any 
two years of observation; transitions between the first and last year of 
observation are shown in Fig. 1f. Temporal profiles document water 
history per pixel, per month and year, and change measurements at the 
global, continental and country scales are produced by combining these 
complementary information layers (Supplementary Table 1).

Three per cent (4.46 million km2) of the Earth’s landmass was under 
water at some time between March 1984 and October 2015. Figure 2a 
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Figure 2 | Global surface water distribution and changes. Global maps, 
with 1° latitude/longitude summaries of surface water area shown on the 
right and underneath. a, Maximum water extent, permanent and seasonal 
surface water occurrence October 2014 to October 2015. b, Gains and loss 

in permanent and seasonal surface water area between 1984 and 2015. All 
measurements made from inland and coastal waters are defined only by 
the GADM reference layer (see Methods).
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shows that over half (52%) of this is found above 44° N, a pattern that 
corresponds overall with previous work9–11. In 2015 permanent bodies 
of water covered 2.78 million km2, and 86% of this (2.4 million km2) was 
geographically and temporally invariant, being consistently present across 
the entire observation record; the world’s ancient lakes such as Baikal and 
Tanganyika, North America’s Great Lakes and the Nordic region’s ‘land of 
a thousand lakes’ are part of these truly  permanent waters. But Fig. 2b also 
reveals striking patterns of surface water occurrence change.

Over the past three decades more than 162,000 km2 of water bodies 
previously thought of as permanent have proved not to be so; almost 
90,000 km2 have vanished altogether and over 72,000 km2 have tran-
sitioned from a permanent state to a seasonal state. During the same 
period almost 213,000 km2 of new permanent water bodies came into 
existence; 29,000 km2 of these used to be seasonally flooded but are 
now underwater all year round, while 184,000 km2 of permanent water 
formed in areas previously devoid of surface water. In the contemporary 
timeframe (October 2014 to October 2015) seasonal water covered 
0.81 million km2.

Surface water is only a part of the water resource, but it is the 
most accessible to human populations21, and provides wide-ranging 
 ecosystem services. Almost 52% of the planet’s truly permanent surface 
water occurs in North America, home to less than 5% of the popula-
tion in 201522, and the continent also holds 18% of the contemporary 
seasonal water. Between 1984 and 2015 North America’s permanent 
water area increased by 17,000 km2. In contrast, Asia, with 60% of the 
human population, accounts for only 9% of the truly permanent and 
35% of the contemporary seasonal water. Asia has gained 71,000 km2 
of permanent water, which is a 23% increase for the continent. Africa 
and Latin America have almost the same share of the world’s perma-
nent water at around 9%, though their populations are very different, 
with Africa (16% of the total) supporting nearly twice as many people 
as Latin America (8.6%). Europe, including Russia, with 10% of the 
global population, has 22% of the permanent water and 18% of the 

contemporary seasonal water. Oceania is the only continental region 
with a net loss of permanent water, albeit a tiny area at 229 km2.

The continental summaries obscure strong regional variation. 
Australia’s millennium drought (between 2001 and 2009) substantially 
affected hydrology16, and measurable impacts of this can be seen in the 
permanent surface water area trends for the drought years (Fig. 3b). 
Regional variation is also apparent in the USA. Although the country’s 
permanent surface water area overall has increased by 0.5% since 1984, 
a combination of drought and sustained demands for water17 have seen 
six western states lose 33%, more than 6,000 km2 (Fig. 3c). These losses 
are modifying social behaviour, driving local water-management policy 
changes and causing shifts in agricultural production17.

Human behaviour may be changing in response to water  distribution, 
but human action is itself changing surface water patterns. Over 70% 
of global net permanent water loss is concentrated in five countries. 
The marked negative anomaly in permanent water cover change  
centred at 45° N, 60° E (Fig. 2b) corresponds to this hotspot of change. 
Kazakhstan and Uzbekistan have lost much of the eastern lobe of 
the southern Aral Sea (Figs 3d and 4). The rate of loss was greatest 
between 1994 and 2009, though lately this has slowed and even par-
tially reversed (Fig. 3d). Diversion of, and withdrawal from, the Amu 
and Syr rivers that once fed the lake are the main causes of loss, but 
changes in water management offer hope of stabilization and partial 
restoration15. Iran, Afghanistan and Iraq have also undergone major 
losses, having respectively 56%, 54% and 34% less permanent surface 
water in 2015 than in the first year of observation (Fig. 3e). These 
losses, which raise serious questions concerning water security and 
transboundary water management23, are caused by factors including 
unregulated withdrawal, dams that change the flow rate and direction 
of rivers, and droughts16.

24 countries spread across all continents have each gained at least 
1,000 km2 of new permanent bodies of water (Supplementary Table 1).  
Much comes from reservoir construction (Extended Data Fig. 6),  
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Figure 3 | Trends in annual permanent water surface area. a, Finland. 
b, New South Wales, Australia. c, Western states of the USA (Arizona, 
California, Idaho, Nevada, Oregon, Utah). d, Aral Sea (Kazakhstan, 
Uzbekistan). e, Iraq, Iran and Afghanistan. f, Tibetan plateau. Uncertainty 

is estimated from the unobserved component of the maximum permanent 
water extent. The true surface water area is within this range. Trend lines 
are provided from years where the unobserved component is less than 5%.
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with most of the countries featuring prominently in the International 
Commission on Large Dams register of dam  builders24. Turkmenistan 
is an exception; there over 90% of the additional water sur-
face—14,411 km2—comes from the recovery of the Garabogazköl 
Aylagy lagoon following the breach in 1992 of a dam between the 
lagoon and the Caspian Sea25. Permanent surface water has also 
greatly increased without dam building on the Tibetan plateau  
(Fig. 4). Virtually all of the region’s endorheic lakes are expanding and 
new lakes are forming, leading to a 20% increase, an extra 8,300 km2 
(Fig. 3f). Lake expansion on the plateau has been linked to increased 
run-off from accelerated snow-and-glacier melt caused by higher 
 temperatures and annual precipitation14. Climate change adaptation 
challenges include grazing land reduction caused by inundation, 
grassland degradation linked to salination following the expansion 
of brackish waters, and threats to transport infrastructure26. The 
 climate-related gains in surface water in this region contrast markedly 
with the drought-related losses in Australia, the western states of the 
USA and in central Asia/the Middle East described above.

Seasonal water surfaces can show strong variability, moving between 
wet and dry years, even shifting geographically. Capturing such 
 variability, especially for short-duration events, is challenging because 
cloud-free satellite observation must be concurrent with the water 
occurrence. The accuracy of seasonal water mapping is  correspondingly 
lower (Extended Data Table 1). Changes in location, duration and  
timing depend on prevailing weather conditions (including changes 
driven by major perturbations such as the El Niño–Southern 
Oscillation), though erosion, sediment transport and deposi-
tion (particularly around coastlines and along river courses) and 
land-use choices also have an impact. Changes in any of these 
conditions can even drive transitions between permanent and 
seasonal classes (as defined in Methods). For example, many  
seasonally flooded paddy fields around the Sundarbans mangrove  
forest in Bangladesh and India have transitioned into permanently 
inundated fishponds (Extended Data Fig. 7). This may be through 
choice and market forces but may also be from necessity, as paddy 
field water and soils become increasingly saline with rising sea  
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Figure 4 | Surface water changes for the Aral Sea and Tibetan plateau. 
Transitions between the first year in which representative observations 
were acquired and the last year of observation. a, The Aral Sea. b, Tibetan 

plateau. The regional context for each location is shown in the insets. The 
32-year trends in water surface area for these mapped regions are shown in 
Fig. 3d and f. The key to the seasonal classes applies to both panels.
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levels and subsiding delta lands27. Seasonally flooded lands can also 
be drowned in the backwaters of new dams, while downstream fluvial 
systems become increasingly fragmented and desiccated; drowning, 
fragmentation and desiccation are all evident for many dammed rivers 
such as the Paraná28 (Extended Data Fig. 8), Colorado and Mekong  
rivers. These processes have broad impacts on humans and 
 biodiversity29, though accurate mapping will lead to improved 
 management of water resources and a deeper understanding of 
 connectivity, temporal characteristics and the consequences of 
land-management decisions30.

The findings reported here reinforce the need for water-resource 
management strategies that integrate climate and socio-economic 
dimensions, as has already been proposed1. This analysis applies a 
 consistent algorithm to all 32 years of the Landsat observations to 
 produce a validated data set that documents global surface water 
dynamics with new levels of spatial detail and accuracy. Linking this 
information to complementary data sets, such as satellite  altimetry 
 measurements, would produce fresh estimates of surface water 
 volumes, river  discharge and even sea-level rise12. General circula-
tion models that  currently treat surface water in a simplistic  fashion2 
should immediately benefit from the accurate location of truly  
permanent water surfaces. Mapping long-term changes in global  
surface water occurrence,  documenting  multi-decadal trends and 
 identifying the timing (to within a given month or year) of events such 
as lake expansion and retreat or river-channel migration provides 
insights into the impacts of climate change and climate oscillation 
on surface water distribution, and concurrently captures the impacts 
humans have on surface water resource distribution.

Online Content Methods, along with any additional Extended Data display items and 
Source Data, are available in the online version of the paper; references unique to 
these sections appear only in the online paper.
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Data. The entire archive of the Landsat 5 Thematic Mapper (TM), the Landsat 
7 Enhanced Thematic Mapper-plus (ETM+ ) and the Landsat 8 Operational 
Land Imager (OLI) orthorectified, top-of-atmosphere reflectance and brightness  
temperature images (L1T)31 acquired between 16 March 1984 and 10 October 
2015 was used32,33.

Landsats 5, 7 and 8 are in near-polar orbit with repeat cover every 16 days; two 
satellites operate concurrently with an 8-day cycle. The ground area imaged by 
adjacent orbits overlaps by 7.3% at the Equator, increasing to 68.3% overlap at 70° 
latitude34. Adjacent orbits to the west of a previous one are collected a week apart, 
thus pixels in the side-lap areas from both orbits are unique views. Sequential image 
frames along an orbit track also overlap, but these are identical data, not unique 
views; we exclude the end-lap but retain side-lap pixels for analysis.

Landsat 5, launched 1 March 1984, collected TM imagery until November 
2011. Landsat 7 was launched 15 April 1999 and acquired imagery normally until 
31 May 2003 when the scan line corrector (SLC) failed35, and Landsat 8 began  
operational imaging in April 2013. The SLC failure causes around 22% of each 
scene to be lost36. This loss increases from the centre, giving SLC-off images a 
slatted appearance at the edges.

Extended Data Fig. 1a–c shows variations in geographic coverage, first year of 
imaging and the number of images acquired from year to year. Landsat 5 had no 
on-board data recorders and its links with data relay satellites failed over time, so 
cover was often limited to the line of sight of receiving stations, and these did not 
provide complete global coverage37. Commercial management of the programme 
from 1985 to the early 1990s38 meant that acquisitions tended to be acquired only 
when pre-ordered35. Geographic and temporal unevenness are particularly appar-
ent up to 1999; the Americas, Western Europe and Africa were first imaged in 1984, 
Australia and South East Asia in 1986, but Kolyma was not imaged until 1995 and 
the northeastern part of the Siberian plateau not until 1999. These gaps are a feature 
of all global data sets based on the Landsat 30-m archives39. Two Landsats operated 
from April 1999 onwards, which improved coverage, especially as Landsat 7 had 
on-board data recording capabilities. The programme’s Long-Term Acquisition 
Plan also began in 1999, which further improved global coverage40. Acquisitions 
fell between 2011 and 2012 as Landsat 5 operations were curtailed, though they 
increased in 2013 when Landsat 8 joined Landsat 7. More images were collected 
in June, July and August than December, January and February in all years, 
except for June 2003, following the SLC failure. However, by August 2003 data 
were once again routinely acquired (albeit with SLC-off gaps). From April 2013 
the programme collected almost all images over land and in 2010 the USGS also 
began their Landsat Global Archive Consolidation, which ingests historic archive 
holdings from receiving stations around the world and produces orthorectified, 
top-of-atmosphere (L1T) data from these13. At the time of this study 3,066,080 L1T 
images (1,823 terabytes of data) covered 99.95% of the landmass. These images 
provided a local maximum number of unique views (including the side-lap areas) 
of 1881 and minimum of 11; the global mean was 537 and median 482. Pixels were 
excluded where over- or under-saturation occurred (manifested as random speckle 
or line-dropout), where one or more spectral bands were missing (typically occur-
ring at image edges), and where scene geo-location was compromised.
Water detection. Although the goal of this study may seem simple—to separate 
water from other surfaces—consistent discrimination on the global scale, over 
multiple decades, is a non-trivial challenge. Water is a highly variable target and 
its spectral properties at the wavelengths measured by the TM, ETM+  and OLI 
sensors vary according to chlorophyll concentration, total suspended solids and 
coloured dissolved organic matter load, depths and water-body bottom material 
for shallow waters41, as well as variations in observation conditions (sun-target- 
sensor geometry, and optical thickness). On the global scale over 32 years all these 
 conditions will be encountered somewhere at some time.

To address the challenge outlined above, techniques for big data exploration 
and information extraction less commonly used by the remote sensing  community 
were exploited, namely expert systems42–44, visual analytics45 and evidential  
reasoning46. Expert systems provide flexibility (to deal with the range of  conditions 
encountered), visual analytics combine human cognitive and perceptual  abilities 
with the storage and processing capacities of cloud computing platforms 
(the  overall premise being that experts will have a better understanding of the 
 problem to be solved if they interact with the data and view it through different 
representations and are thus able to design, test and fine-tune scenarios to extract 
the desired information), and evidential reasoning deals with problems related to 
both  uncertainties and quality issues in the data set.

Expert systems are non-parametric classifiers that can account for uncertainty in 
data, incorporate image interpretation expertise into the classification process, and 
can be used with multiple data sources. The expert system outlined in Extended 
Data Fig. 2 was developed to assign each pixel to one of three target classes, either 

water, land or non-valid observations (snow, ice, cloud or sensor-related issues). 
The inference engine of our system was a procedural sequential decision tree, 
which used both the multispectral and multitemporal attributes of the Landsat 
archive as well as  ancillary data layers. Within the inference engine, expert 
knowledge was  represented in the form of rules having the form: IF condition 
THEN  inference. The condition contains equations describing the cluster hulls 
in a defined  multispectral feature-space and can also be a combination of logical 
statements in which several components are linked through logical operators. The 
chaining of IF–THEN rules forms the problem-solving model that organizes and 
controls the steps and data used in the classification. Tracing the line of reasoning 
used by the inference engine during the development phase meant that the reason 
for the class choice associated with each pixel could be retrieved, which in turn 
allowed the reasons behind particular classification challenges to be identified. 
Solutions to identified failings could then be developed using evidential reason-
ing and addressed in subsequent iterations so that the overall performance of the 
classifier was progressively improved. When the performance of the expert system 
could no longer be noticeably improved it was applied to the entire Landsat L1T 
data set in a single run, and the output of this classification was then validated.

The equations describing the cluster hulls used in the expert system were 
established through visual analytics. The first step was to build a spectral library 
capturing the spectral behaviour of the three target classes across as wide a range 
of conditions as possible. 64,254 samples obtained through visual interpretation 
of 9,149 Landsat scenes recorded spectral variability of the target classes. Records 
held in the library comprised spectral values from all bands. These records were 
enriched by deriving the Normalized Difference Vegetation Index and Hue–
Saturation–Value (HSV) colour-space transformations for the following band 
combinations: shortwave infrared (SWIR2); near-infrared (NIR); red; and NIR/
green/blue using a standard transformation47. The HSV colour model is well 
adapted for image analysis because the chromaticity (H and S) and the overall 
brightness (V) components are decoupled. This is highly desirable because changes 
in observation conditions first affect the V component and then the S component, 
while H remains relatively stable (except when the fundamental nature of the target 
changes, such as when land becomes water). Consequently, this property promotes 
temporal stability in the measurements and HSV-based classifications have been 
successfully used for near-real-time surface water detection at continental scales48.

The information held in the spectral library was then analysed through visual 
analytics with the goal of extracting equations describing class cluster hulls in 
multidimensional feature-space for the expert system. An exact representation of 
clusters in feature-space helps to visualize class spectral overlap and thus to provide 
an understanding of the sources of thematic class uncertainty. Two-dimensional 
representations of the feature-space occupied by the samples held in the spectral 
library are shown in Extended Data Fig. 3. An exploratory data analysis tool was 
designed to support the interactive analysis. This provided multiple coordinated 
views49 of the scatter plots and the source image from which any particular point 
within the plots was obtained. This two-way link between the representations of 
the samples within the multidimensional feature-space and source imagery meant 
that the geographic location (and context) of all samples could be considered along 
with their behaviour in feature-space. This was particularly valuable where the 
spectral properties of water coincided with those of other target classes. In these 
cases all dimensions of the feature-space could be examined to determine whether 
spectral separation was indeed possible.

The expert supervising the inference engine’s development could then interac-
tively draw the vertices of the hulls in this feature-space, which were then  converted 
into equations through Delauney triangulation50 (Supplementary Table 2).  
Drawing the hulls directly into feature-space allowed the expert to account for 
irregular (even concave) shapes of clusters associated with the three target classes, 
and to deal adequately with the skewed data distributions so often encountered 
in remote sensing data sets. This approach also allowed cluster hulls to be defined 
that captured very infrequent—but nevertheless thematically important spectral 
behaviour. For example, the heavily sediment-laden seasonally occurring waters 
in parts of West Africa do not often appear in the time series, and are therefore 
poorly represented in the scatter plots, but these rare occurrences are important. 
The resulting equations are perforce complex because they constitute a precise 
representation of the complex shape of the three clusters within the multidimen-
sional feature-space.

However, not all pixels could be unambiguously assigned to one or other of the 
target classes because overlap between the clusters was such that it could not be 
resolved anywhere in multidimensional feature-space. In these instances  evidential 
reasoning—as part of the expert system—was used to guide class assignment. 
This took into consideration geographic location and the temporal trajectory in 
 multispectral feature-space. Geographic location is important because spectral 
confusion between water and other surfaces can only occur in locations where 
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those other surfaces are found, and time is important because this spectral overlap 
may occur at specific times of the year and not at others.

The temporal trajectory in feature-space was used to gain information  
concerning the likelihood of a pixel being water. If a pixel sits unequivocally within 
a water hull for some of the time, then there is a high likelihood it will actually be 
water even if it occasionally occupies a hull where overlap occurs with other cover 
types, whereas if a pixel always sits in the overlapping domain or moves to the 
hull delimiting land this likelihood is removed. The frequency with which a pixel 
occupies the unequivocal portion of the water hull is used to estimate the likelihood 
of it actually being water.

Geographic locations linked to specific sources of spectral overlap were 
 delineated using ancillary data layers. These constrain a portion of the data set 
within which specific decision rules could be identified and applied.

To detect water over glaciers spectral overlap from supraglacial moraines 
and shadow had to be resolved. The glacier areas were first delineated using the 
Randolph Glacier Inventory 5.051. This defined the geographic regions where  
specific decision rules were required to confirm the water class assignment. Actual 
water over glaciers (melt ponds and surface streams) sometimes occupied the  
unequivocal portion of the water cluster in feature-space and the frequency with 
which this occurred determined the likelihood of water presence at that location.

Lava flow is also often wrongly assigned to the water class. Part of the  spectral 
overlap between lava and water occurs in all dimensions of the multispectral 
 feature-space, although again, over time, a pixel may move into a part of the 
 feature-space where there is no overlap. A global-scale lava mask was established 
from both spectral characterization and visual interpretation of Landsat images, 
and within these boundaries the frequency with which pixels occupied ‘lava 
 overlap-free’ portions of the water cluster were computed over the full span of the 
archive. This frequency was again used as an indicator of the likelihood of water 
presence for those locations.

Shadow, from whatever source, can cause false water detections because the 
underlying spectral characteristics of the surface are not truly represented, and 
may overlap with water. Three sources of shadow were addressed; buildings,  
terrain and clouds.

In the case of buildings, location and spectral behaviour over time were again 
brought into play. The Global Human Settlement Data Layer (GHSL)52,53  targeted 
areas where spectral confusion between water and the shadows cast by  buildings 
needed to be resolved. Building shadows are seasonally dependent (related 
to changes in solar zenith angle), and thus a pixel may move in and out of the 
‘shadow–water overlap’ cluster over time. This movement may be to a land cluster, 
or water. Over time, if a pixel exclusively moves to the water cluster, that location is 
very likely to be a permanent water feature within the urban area. The higher the 
frequency with which a pixel occupies the unequivocal water hull the greater the 
probability of water’s presence at that location. This allows the expert system to 
map permanent water features in urban areas, and also to account for loss of water 
due to urban expansion and land reclamation. However, seasonal water detections 
within urban areas are more problematic, because these pixels will move between 
land and water in multispectral feature-space over time even in the absence of 
shadow.

Terrain shadows may be resolved using a threshold applied on slopes derived 
from a Digital Elevation Model (DEM). Unfortunately, this is only valid if the 
derived slopes represent the conditions on the date a given Landsat scene is 
acquired. Reservoirs are often built in steep terrain, and any dam built after the 
release date of the DEM would be masked, because the slopes recorded in the 
DEM are those prevailing before the reservoir filled. To detect new reservoirs, a 
mask covering areas where terrain shadow is expected was first derived from one 
of four DEMs54–57 (four were used to provide the best available DEM resolution at 
any given location). Within the masked area, pixels detected as water at multiple 
dates across the full year are likely to be water rather than seasonally cast shadow. 
Locations where water is detected in months when the sun is close to nadir are 
especially likely to be water. And again the movement into and out of the une-
quivocal water cluster in feature-space over time was used to identify actual water.

Cloud shadow is an even greater challenge than that from terrain or  buildings, 
because it can occur anywhere and anytime. Thus the cloud shadow mask needed 
to be produced dynamically. Established cloud detection routines, such as FMask58, 
provide scene-by-scene identification of the location and extent of cloud shadow as 
this is linked to the clouds they detect. This supposes that the cloud  producing the 
shadow is present in the image. But clouds outside a scene may still cast shadows 
in adjacent scenes. However, images from adjacent orbits cannot be used to resolve 
this because these occur a week apart. Consequently, cloud detection cannot be 
used as a robust indicator of cloud shadow. However, cloud shadows move over 
time, while water surfaces show more consistent temporal behaviour (even seasonal 
water can be expected in some months, and not at all in others). A temporal  sliding 

window was used across the water history record, post-classification. Within 
this sliding window, if the preceding and subsequent values were identified as 
water, then the observation under consideration was also likely to be water. Water 
 detections bracketed by land detections are much more likely to be shadows. At 
these locations the frequency with which pixels occupied the unequivocal portion 
of the water cluster was again considered across the time series, and the lower this 
frequency the greater the likelihood of shadow.

Finally, visual inspection of the water maps identified scattered residual false 
detections, which were manually removed. Less than 0.002% (72 km2) of the  
maximum water extent was cleaned in this way. These errors were linked to 
industrial sites, photovoltaic farms and urban infrastructure not represented in 
the GHSL52,53, such as airport runways. Some such errors may still remain, but 
their impact is accounted for in the validation.

While the drawing of the cluster hulls and the evidential reasoning are 
 subjective, the visual analytics guide and inform the expert’s decisions, which are 
based on objective use of the spectral library and the associated contextual infor-
mation held in the image archive. Thus, this subjectivity is compensated for by an 
increased degree of confidence in the analysis59 and the absence of biases  associated 
with a priori assumptions concerning normal distributions associated with 
 supervised classifiers such as the maximum likelihood or Mahalanobis  distance.

The expert system was run in Google’s Earth Engine, a computational infra-
structure optimized for parallel processing of geospatial data plus a dedicated 
application programming interface and online access to the USGS L1T Landsat 
archive. Running the expert system on a single computer central processing unit 
(CPU) would have taken 1,212 years, but using 10,000 computers in Earth Engine 
the processing was completed in around 45 days, although building, testing and 
validating the expert system took almost two years.
Code availability. A web interface powered by Google Earth Engine allows the 
expert system to be run on any Landsat 5, 7 and 8 images. Access can be provided 
on request.
Validation. The expert system’s performance was judged in term of errors of 
 omission and commission at the pixel scale. The validation design took into 
account the small spatial extent of inland water surfaces (3% of the land surface) 
and its intrinsic spatio-temporal variation. The validation was performed using a 
total of 40,124 control points distributed both geographically (globally), temporally 
(across the 32 years), and across sensors (TM, ETM+  and OLI). Extended Data 
Fig. 4 summarizes the validation protocol.

Two reference data sets were produced: a sample of 27,268 pixels was 
 dedicated to the estimation of the error of omission and 12,856 pixels were used 
to  characterize errors of commission. Extended Data Fig. 5 shows the geographic 
distribution of all sample points and the associated errors.

To generate the omission error data set, a systematic sample frame (a grid 1° 
latitude by 1° longitude) was used. Under this frame the globe was stratified into 
areas with a high probability of water occurrence based on existing published global 
surface water maps, one for all latitudes up to 60° N (ref. 60) and one from 60° N to 
78° N (ref. 10). A point was randomly selected within the water reference stratum 
in each latitude/longitude grid cell, and an image with less than 10% cloud cover  
corresponding to this location was then randomly selected for each sensor across 
the time span of the archive. In some locations the target of one sample per 
 sensor at each location was not reached because of the absence of water at certain 
times, the total absence of observations over part of the archive or frequent cloud  
coverage.

Both of the published global water maps represent specific time periods and 
cannot guarantee the presence of water across all seasons and at all dates. The 
presence of water for each single validation point at each date was confirmed by 
visually checking all points using the validation tool described below. Only points 
confirmed as water were used in the estimation of the omission error.

To determine commission errors a grid 1° latitude by 1° longitude was again 
used as a systematic sample frame. For each latitude/longitude grid cell, images 
were randomly selected from the archives for all three sensors and the water 
 detection expert system was run on these. One point per sensor from the areas 
classified as water was then randomly selected. The actual presence of water for 
each single validation point at each date was visually checked, again using the 
validation tool. If no water was in fact present, then this corresponded to an error 
of commission.

The validation tool was designed to facilitate the photointerpretation task. 
For each pixel in the database the full-resolution Landsat image selected for the 
 validation (that is, randomly allocated in time to those pixel coordinates) was 
displayed and the specific pixel for interpretation highlighted. Images from the 
same location acquired at dates before and after that of the sample image were also 
presented, along with high-resolution satellite imagery and/or aerial photography 
from Google Earth and the Environmental Systems Research Institute (ESRI). 
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Using all these inputs an expert interpreter confirmed or refuted the presence of 
water at that location and time. The database was automatically populated with 
the results.

Errors of omission overall were less than 5% and commission less than 1%. 
Breaking down the validation sample by sensor showed that all three performed 
comparably well; commission errors ranged by only 0.2% and omission by 1.2%. 
Extended Data Table 1 provides details.

Breaking down the validation sample further by water seasonality class (using 
the seasonality class for the relevant year in which the validation point was 
 randomly acquired) shows that although all three sensors performed  similarly, 
omission for seasonal water classes was, as expected, higher than that for 
 permanent water classes. Accuracy for TM, ETM+  and OLI when judged against 
errors of commission were respectively 99.6%, 99.5% and 99.7%, for permanent 
water, while accuracies considering errors of omission for permanent water were 
98.8%, 97.8% and 99.1%. Errors of commission for seasonal water were very slightly 
higher, with accuracies of 98.8% (TM), 98.4% (ETM+ ) and 98.5% (OLI) and the 
greater errors of omission for seasonal water were reflected in accuracies of 74.9% 
(TM), 73.8% (ETM+ ) and 77.4% (OLI).

Errors of omission for seasonal water are higher than for permanent because 
there are fewer opportunities to observe each water body. These errors will result in 
an underestimation of its occurrence. But omission errors do not occur in the same 
place over time and over the 32 years multiple opportunities for observation arise. 
Thus sites where seasonal water can occur may be missed at one date, but may be 
correctly mapped at another. Overall, less than 1% of the points (214 samples out 
of 27,268) in the validation database where water was actually present remained 
entirely unmapped over time (Extended Data Table 1).
Thematic mapping. The maximum water extent (all locations ever mapped as 
water) during the 32 years was mapped. The frequency with which water was 
present on the surface from March 1984 to October 2015 was captured in a single 
product called surface water occurrence (SWO). To compute SWO, the water 
detections (WD) and valid observations (VO) from the same months are summed, 
that is, water detections and valid observations from March 1984 are added to water 
detections and valid observations from March 1985 and so on, such that 

=∑ /∑ .SWO WD VOmonth month month Averaging the results of all monthly 
SWOmonth calculations gives the long-term overall surface water occurrence. The 
month-by-month time step normalizes occurrence against seasonal variation in 
the number of valid observations across the year. Typically, more cloud-free 
 observations (and thus valid observations) are available during dry seasons than 
wet. Without monthly weighting, the overall water occurrence (that is, computed 
over the full period) would be biased by temporal distribution of the valid 
 observations (that is, giving more weight to the dry season than to the wet season). 
Extended Data Fig. 1c documents the number of scenes per month and year across 
the archive.

Change in water occurrence intensity between two epochs (16 March 1984 to 
31 December 1999, and 1 January 2000 to 10 October 2015) was also produced 
(Extended Data Fig. 6a). This is derived from homologous pairs of months (that 
is, the same months contain valid observations in both epochs). The occurrence 
difference between epochs was computed for each pair and differences between 
all homologous pairs of months were then averaged to create the surface water 
occurrence change intensity map. Areas where there are no pairs of homologue 
months could not be mapped. The averaging of the monthly processing mitigates 
variations in data distribution over time (that is, both seasonal variation in the 
distribution of valid observations, temporal depth and frequency of observations 
through the archive) and provides a consistent estimation of the water occurrence 
change. This map shows where surface water occurrence increased, decreased or 
remained invariant between the two epochs.

The occurrence and occurrence change intensity maps provide a summary of 
the location and persistence of water on the surface, but they do not describe inter- 
and intra-annual variability. We propose water recurrence as a measurement of 
the degree of inter-annual variability in the presence of water. This describes how 
frequently water returned from one year to another (expressed as a percentage). 
Recurrence refers specifically to the temporal behaviour of water surfaces; unlike 
occurrence, recurrence is not systematically computed over the full span of the 
archive, because water may not have been present from the beginning to the end 
of the archive. Thus, we first have to define a ‘water period’—that is, that part of the 
archive where water was present at least from time to time; the recurrence in fact 
quantifies this ‘time to time’. The water period is established individually for each 
pixel. The water period runs from the first month in the first year in which water is 
observed to the last month of the last year in which water is observed of the entire 
32-year period. In addition to defining the water period we also need to define a 
‘water season’ (not equivalent to a ‘wet season’). The water season is identified from 
the monthly water recurrence and is defined as those months of the year that from 

time to time have water. A ‘water year’ is a year with at least one water observation, 
while an ‘observation year’ is a year with at least one valid observation within the 
water season. Water recurrence is then calculated as the ratio of the number of 
water years to observation years. The count of the number of years starts with the 
year in which water was first observed and ends with the most recent year in which 
water was observed. Years that contain only observations outside the water season 
are not counted; we have no way of knowing whether water might have occurred 
in the water season because we have no observations.

We also describe the intra-annual distribution of water, which discriminates 
between ‘permanent’ and ‘seasonal’ water surfaces. A permanent water surface is 
underwater throughout the year, while a seasonal water surface is underwater for 
less than 12 months of the year. In some places we do not have observations for 
all 12 months of the year (for example, because of the polar night in winter) and 
in these cases water is considered to be seasonal if the number of months where 
water is present is less than the number of months where valid observations were 
acquired. A second consideration is that some lakes freeze for part of the year. 
However, during the frozen period water is still present under the ice layer, both 
for lakes and the sea. The expert system treats ice as a non-valid observation, 
so the observation period corresponds only to the unfrozen months. If water is 
 present throughout the observation period (that is, the unfrozen period), the lake is  
considered to be a permanent water surface. If the area of the lake contracts 
 during the unfrozen period, then the pixels along the borders of the lake no longer 
 represent water, and those pixels will be considered to represent seasonal water 
surface.

Seasonality is computed for every year. A single data set for the contempo-
rary period (October 2014 to October 2015) is made available via the website and 
Extended Data Fig. 7a provides an example. The individual years’  computations 
are used to produce the trends analyses provided in Fig. 3. Plotting the  measured  
permanent surface water area for each year would provide such trends. But 
the gaps in the observation record are a source of uncertainty, especially in the 
early years of the archive. Consequently, part of the permanent water surface is 
potentially not taken into account (not observed), and constitutes a source of 
 underestimation of the reported area. To account for this we combine the measured 
values of  permanent surface water area with an estimate of the area of unobserved 
but  potentially  permanent surface water. This is computed using the maximum 
 permanent water extent, that is, any pixel that has ever been  identified as  permanent 
in any year of the record across the full 32 years, minus the observed land values, 
minus any observed seasonal water, minus the observed permanent water. The true 
 permanent surface water area will lie somewhere within this  unobserved range, but 
the actual limits cannot be established. There is no  uncertainty in those instances 
where the observation record is complete; conversely, in those years where no 
observations were made uncertainty is absolute.

Trends are calculated for defined geographic regions. The derived trend 
 parameters (water loss per year, correlation, P-value) were computed using years 
where this unobserved area was less than 5% of the observed area. For countries 
and state-level reporting the Global Administrative Areas dataset (GADM)61 was 
used, for the Tibetan Plateau the boundary established by the Chinese Institute of 
Geographic Sciences and Natural Resources Research62 was used, and the trends 
over the Aral Sea were delimited by top-left coordinates 47° N, 58° E, bottom-right 
43.8° N, 61.5° E.
Temporal profiles. Three histograms are generated. First, monthly  recurrence 
shows the intra-annual distribution of the water, and characterizes water 
 seasonality. It also provides information on the water recurrence for each single 
month. Second, a water history chart shows the class (land, seasonal water and 
permanent water) for each year in which valid observations were acquired. Third, 
month-by-month presence of water and observations within any single year can 
be extracted. Examples can be seen in Extended Data Fig. 6b.
Measuring change. The thematic maps and temporal profiles were used to 
 identify a set of water classes that characterize transitions between the first year in 
which representative observations were acquired and the last year of observation. 
Representative years are identified by comparing each year in turn with the annual 
pattern of monthly recurrence from the temporal profiles. These profiles identify 
months in which water was observed, and indicate the percentage of valid obser-
vations classified as water in any given month. A year is flagged as representative if 
it contains sufficient valid observations from any combination of months to bring 
confidence to the determination of the presence or absence of water. The overall 
level of confidence is determined by the annual sum of the monthly long-term 
recurrences of observed months (per year). The rationale is that the likelihood of a 
real absence of water for a year is higher if the water is absent for months showing a 
high long-term water recurrence than from one showing small rates of recurrence. 
In the latter case the absence of water may be explained by a seasonal shift, and 
does not confer enough confidence to conclude that water was not present later. 
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Therefore, we considered that if the sum of the recurrence of the observed months 
is greater than 100, the absence of water observation brings enough confidence to 
consider that water was actually not present. Conversely, a single water presence is 
enough to demonstrate water presence. The water class in that representative year 
is then fixed as the ‘first’ year. The last year’s water class is always the class assigned 
to the last year of observation (October 2014 to October 2015) because we have 
enough observation available within a year during this period.

The following transitions were mapped: unchanging permanent water 
surfaces; new permanent water surfaces (conversion of land into permanent 
water); lost permanent water surfaces (conversion of permanent water into land); 
 unchanging seasonal water surfaces; new seasonal water surfaces (conversion of 
land into seasonal water); lost seasonal water surfaces (conversion of a seasonal  
water into land); conversion of permanent water into seasonal water; and the 
conversion of seasonal water into permanent water (Extended Data Fig. 8  
provides an example).

These conversions refer to changes in state from the beginning and end of the 
time series; they do not describe what happened in the intervening years, so an 
unchanging water surface means that the seasonality at that particular point was 
the same in the first and last year it was observed, and not necessarily that it was 
stable throughout. Stability must be checked at the pixel scale by using the long-
term water history described by the temporal profiles plus the recurrence and 
occurrence maps. There are instances where water is not present at the beginning 
or the end of the observation record but is present in some of the intervening 
years. By tracking the inter-annual patterns of such ‘ephemeral’ events and their 
intra-annual characteristics, each such pixel can be classified as either ephemeral 
permanent water (land replaced by permanent water that subsequently disappears) 
or ephemeral seasonal water (land replaced by seasonal water that subsequently 
disappears), depending on the majority of the observed seasonality during the 
period of water presence.

The GADM61 was also used to extract water area statistics at national, 
 continental and global levels from the occurrence, recurrence and transition maps 
plus the long-term water history. Area measurements (in km2) for the  following 
classes are reported in Supplementary Table 1: maximum surface water  occurrence 
over 32 years; permanent water in the first year of observation;  permanent water 
in the last year of observation; permanent water with 100% recurrence;  transition 
from land to permanent water; transition from seasonal to permanent water; 
 transition from permanent water to land; transition of permanent water to 
 seasonal; seasonal water in the first year of observation; seasonal water in the last 
year of observation; and seasonal water with 100% recurrence.
Known issues and planned improvements. Bodies of water smaller than 30 m 
by 30 m, those obscured by floating, overhanging and standing vegetation or 
 hidden by infrastructure such as tunnels and bridges were not included. Irrigated 
fields that stand in open water for some weeks were mapped but not when crop 
cover is well established. When observations coincide with paddy flooding, yet 
predate crop emergence and cover, then paddy fields are mapped, but inevitably  
some will be missed. Paddy fields in steep terrain present particular challenges 
because of their small size. Paddy fields are an example of short-duration events, 
but in fact short-duration seasonal water more generally is likely to be underesti-
mated because of geographic and temporal discontinuities in the archive and gaps 
caused by persistent cloud cover.

The precision of the metrics at any location improves as the number of valid 
observations increases. The meta-information in the web interface documents the 
number of valid observations at each pixel location, which provides users with a 
proxy measure of confidence.

Long-term changes cannot be determined uniformly for the entire globe 
because the observation record varies; the first year of observation is 1984 for 
much of the world, but not for parts of the Siberian plateau and Kolyma (1999 and 
1995 respectively). For these reasons we recommend caution in interpreting the 
changes in these particular regions, though given the geographic completeness of 
current L1T coverage we have confidence in the contemporary figures reported. 
The water detections are accurate (as determined by the validation), but the time 
range over which the transitions occurred in these regions is perforce shorter. 
Northern Hemisphere high latitudes are also problematic because the observation 
season is short, the solar zenith angles are low, and the archive is poorly populated 
above 78° N. One consequence is that at high latitudes, the seasonality of the ocean 
is occasionally wrongly reported as seasonal.

On the surface of glaciers, melt ponds and streams are identified here as 
 permanent water surfaces, but this permanence is questionable, because unlike 
deeper lakes where only the surface freezes, here the full water volume may  actually 
freeze.

The recurrence value may be overestimated for water surfaces that came into 
existence in the last few years of the time series. The temporal profiles identify 

the years in which water occurred, and using these, decisions can be taken as to 
whether recurrence is considered relevant at any given pixel location.

Some isolated commission errors still occur in urban areas as the GHSL52,53 
is itself being improved; roofs, coal and waste heaps and runways are the most 
common sources of confusion. These will be resolved as the urban information 
layers improve.

The SLC-off condition also introduces artefacts because the slatted  appearance of 
the original images is occasionally carried into the water occurrence maps. These are 
not misclassified pixels but occur because the sampling between the gaps is greater 
than within them, allowing different water conditions to be captured. Techniques 
to fill the SLC-off gaps exist36, but these create artificial values, and considering the 
strong temporal and spatial variability of water these techniques require careful use, 
as they may create false water detections. Water mapping using multitemporal time 
series on continental scales avoided the use of such techniques on these grounds19, 
though did note the same issue of SLC-off artefacts appearing in the final maps.

Analysis of coarse-spatial-resolution satellite data sets from systems offering 
daily revisit (nearly one observation a day over each location) first captured the 
inter- and intra-annual variability of surface water occurrence12,63,64, and although 
the Landsat missions offer 8-day or 16-day rather than daily observations, they 
do provide high-resolution land surface observations spanning more than three 
 decades. The spatial and temporal information reported in this data set comple-
ments that acquired in the past. Nevertheless, the biggest limitation to global sur-
face water occurrence mapping from these data are undoubtedly the geographic 
and temporal discontinuities of the archive itself. The Landsat archive is continu-
ously enriched through new acquisitions and recovery of old data from interna-
tional receiving stations13. Imagery from other satellites in this resolution class 
could also be used to improve the temporal sampling. At least 24 other satellites 
have gathered multispectral imagery at resolutions of 20 m to 30 m from near-polar 
orbits concurrent with the Landsat programme65. These are managed by at least 12 
different sovereign states, and although data access is not always at the exemplary 
full, free and open level of Landsat, some systems do provide this, for example the 
European Union’s Sentinel 2a satellite launched in 2015; the next version of the 
expert system will also ingest these data streams. Landsat 4, which was launched 16 
July 1982 and in operation until 14 December 1993 also carried a 30-m-resolution 
TM, though the satellite contributes only a fraction to the total TM holdings in 
the archive, and much of this was restricted to the conterminous USA in the first 
two years of operation36. Nevertheless, future reanalysis will include the Landsat 
4 data and could possibly be extended back to 1972 through the inclusion of data 
from the Landsat Multi Spectral Scanner (MSS), though this would be challenging 
because of the more limited spectral, spatial and temporal dimensions of these 
data sets66. Combining all available satellite observations with petabyte processing 
power would put real-time monitoring of change to Earth’s inland and coastal 
waters within reach.
Data availability. The Landsat imagery used in this study is available from 
the USGS http://earthexplorer.usgs.gov and in Google Earth Engine https://
earthengine.google.com. The data sets generated during the current study are 
available from https://global-surface-water.appspot.com. The data used to generate 
Fig. 2 and Extended Data Fig. 1c are provided as Source Data.
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Extended Data Figure 1 | Geographic and temporal coverage of the Landsat 5, 7 and 8 L1T archive between 16 March 1984 and 10 October 2015.  
a, Total number of unique views. b, First year of imaging. c, Number of scenes per month and year.
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Extended Data Figure 2 | Diagram of the expert system classifier. 

© 2016 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.



LetterreSeArCH

Extended Data Figure 3 | Multispectral feature-space occupied by water and other surfaces. a, Hue (from SWIR2, NIR, red) versus NDVI. b, Hue 
versus Value (both from SWIR2, NIR, red). c, Hue versus Saturation (both from SWIR2, NIR, red). d, Hue versus Value (both from NIR, green, blue).
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Extended Data Figure 4 | Diagram of the validation protocol. a, Omission error protocol. b, Commission error protocol.
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Extended Data Figure 5 | Global geographic distribution of validation sample points and error. 
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Extended Data Figure 6 | Mapping the history of surface water 
occurrence. a, Examples of increasing surface water occurrence in 
Myanmar (see inset for regional context). b, Pixel-based temporal profiles 
showing recurrence by month over 32 years (top), water history by 
seasonality class and by year over 32 years (middle) and monthly water 
presence for each year in the water seasonality record, in this case 2011 
(bottom). Collectively, the graphs show that at this location (latitude 

18.3928°, longitude 96.2633°) there are no valid observations available 
for the period 1984–1986, in 1993, 1997 or 1998 (the gaps in the middle 
graph), that before 2011 this was dry land, that the dam formed in 2011 
and this point was flooded sometime between April and September 
(bottom), but since then it has been permanent water (centre), and that  
in the 32 years of observation water has not been detected in June  
(no observations have been made in June since the dam filled (top)).
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Extended Data Figure 7 | Mapping changes in intra-annual persistence 
(seasonality). a, Surface water seasonality between October 2014 and 
October 2015 in the Sundarbans in Bangladesh (see inset). b, Changes 
in inter-annual persistence between 1984 and 2015. The increase in 

permanent surface water at the expense of seasonal is indicative of changes 
in land use from seasonally flooded paddy fields to permanently flooded 
fishponds.
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Extended Data Figure 8 | Water transitions map the Parana river. The regional context is shown in the insets. River channel migration, changes  
to seasonal water across the floodplain and transitions from permanent to seasonal water (‘New seasonal’) and seasonal to permanent water  
(‘New permanent’), visible in the figure, are symptomatic of habitat fragmentation and changing ecosystem service delivery.
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extended Data table 1 | Validation results

Accuracy results judged against: a, commission error by sensor and by seasonality class; b, omission error by sensor and by seasonality class.
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