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Abstract: The South Aral Sea has been massively affected by the implementation of a megairrigation project in the region, but ground-based observations have monitored the Sea poorly. This
study is a comprehensive analysis of the mass balance of the South Aral Sea and its basin, using
multiple instruments from ground and space. We estimate lake volume, evaporation from the lake,
and the Amu Darya streamflow into the lake using strengths offered by various remote-sensing
data. We also diagnose the attribution behind the shrinking of the lake and its possible future fate.
Terrestrial water storage (TWS) variations observed by the Gravity Recovery and Climate
Experiment (GRACE) mission from the Aral Sea region can approximate water level of the East Aral
Sea with good accuracy (1.8% normalized root mean square error (RMSE), and 0.9 correlation)
against altimetry observations. Evaporation from the lake is back-calculated by integrating
altimetry-based lake volume, in situ streamflow, and Global Precipitation Climatology Project
(GPCP) precipitation. Different evapotranspiration (ET) products (Global Land Data Assimilation
System (GLDAS), the Water Gap Hydrological Model (WGHM)), and Moderate-Resolution
Imaging Spectroradiometer (MODIS) Global Evapotranspiration Project (MOD16) significantly
underestimate the evaporation from the lake. However, another MODIS based Priestley-Taylor Jet
Propulsion Laboratory (PT-JPL) ET estimate shows remarkably high consistency (0.76 correlation)
with our estimate (based on the water-budget equation). Further, streamflow is approximated by
integrating lake volume variation, PT-JPL ET, and GPCP datasets. In another approach, the
deseasonalized GRACE signal from the Amu Darya basin was also found to approximate
streamflow and predict extreme flow into the lake by one or two months. They can be used for water
resource management in the Amu Darya delta. The spatiotemporal pattern in the Amu Darya basin
shows that terrestrial water storage (TWS) in the central region (predominantly in the primary
irrigation belt other than delta) has increased. This increase can be attributed to enhanced
infiltration, as ET and vegetation index (i.e., normalized difference vegetation index (NDVI)) from
the area has decreased. The additional infiltration might be an indication of worsening of the canal
structures and leakage in the area. The study shows how altimetry, optical images, gravimetric and
other ancillary observations can collectively help to study the desiccating Aral Sea and its basin. A
similar method can be used to explore other desiccating lakes.
Keywords: lake level; lake volume; evaporation; streamflow; Gravity Recovery and Climate
Experiment (GRACE); altimetry; Landsat; Aral Sea
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Lakes and reservoirs store 87% of the Earth’s total fresh open water [1]. Unfortunately, many of
them are gradually receding over the years due to climatic or/and anthropogenic forcings [2]. There
are several feedbacks between the lake and its environment. Thus, quantifying the changes in the
lake is critical to understanding the interactions among various components of the region better. For
example, fluctuations in a lake/reservoir can be linked to different climatic changes at a regional scale,
including desertification, dust storms, melting of glaciers, and changes in the vegetation and land
types. For instance, lake volume loss reduces its heat capacity, and thus it can warm up and cool off
faster than before.
One of the examples of massive lake volume reduction is the Aral Sea. In the 1960s, Soviet Russia
started the world’s second largest irrigation program, under which the Amu Darya and the Syr Darya
rivers were diverted across the Karakum desert. The average annual combined pre-irrigation
streamflow of the Amu Darya and the Syr Darya into the Aral Sea was 56 km3 [3], which was reduced
to less than 10 km3 by 2002 [4]. The world’s fourth-largest freshwater lake (until the 1960s) eventually
separated into two parts, the vast South Aral Sea located in the south and the small North Aral Sea
situated in the north. After the construction of Dike Kokaral dam between the north and south part
of the Aral Sea, the Syr Darya streamflow has stabilized the North Aral Sea. However, in the past few
decades, the perennial Amu Darya has transformed to an intermittent river as it runs through the
desert and Khorezm oasis before merging into the South Aral Sea [5]. Consequently, the South Aral
Sea continued its journey of desiccation and became a hypersaline and almost non-habitable lake.
The Aral Sea is in the lowland climate zone [6], but studies have suggested that it may move towards
a monsoon climate [4], which is characterized by seasonal climate change due to warming and cooling
of the Aral Sea.
Hydrologic analysis of the Aral Sea and surrounding regions has been an active area of research
in the last two decades [7–11]. The present study tries to advance previous studies by quantifying
different hydrological parameters of the lake using various remote-sensing datasets that can
complement each other. This is an essential step as in situ observations are limited and often not
available. A comprehensive analysis of the dynamics of the South Aral Sea is performed using a mass
balance equation as an example of how integrated multisensor data can be used to monitor different
hydrological variables in an endorheic basin. This study demonstrates a framework of how a lake
volume calculated from different remote-sensing data can act as a thermometer of the hydrological
state of the basin. Lake volume variations are used to estimate evaporation loss from the lake, and to
evaluate existing evaporation products, which are hard to validate otherwise. Furthermore, we
estimated runoff from two different methods. Runoff is a product of hydrological processes acting in
the watershed. To evaluate the cause of change in runoff, the saptio-temporal changes of the entire
basin are analyzed.
2. Study Area
Here we study the South Aral Sea (Figure 1, blue polygon) and the Amu Darya basin (Figure 1,
green polygon). The South Aral Sea is a remnant of the vast Aral Sea where the Amu Darya
terminates. It has a shallow, broad east lobe and a deep, elongated west lobe, and a narrow channel
connects them towards the north. The Amu Darya primarily runs through Turkmenistan and
Uzbekistan covering an area of nearly 617,000 km2. It receives water almost entirely from glaciers in
the Pamir Mountains and the Hindu Kush and mainly originates from Tajikistan and northern
Afghanistan, forming the border between the two countries. The high Pamir and Tian Shan ranges
are significantly wet, creating massive glaciers and snowfields, and the Amu Darya streamflow
brings the water to the severely arid southeast of the Aral Sea. The streamflow from these glaciers is
heaviest during the spring thaw.
The Amu Darya basin mask is derived from the global river basin database obtained from
http://www.wsag.unh.edu/Stn-30/stn-30.html [12,13]. The South Aral Sea land-water mask time
series are generated from the multi-temporal Landsat dataset [14].
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Figure 1. Study area: the Amu Darya originates from the glaciers of Hindukush and Pamir and
terminates into the South Aral Sea (blue polygon).

3. Observation and Model Data
3.1. Lake Water Storage (LWS)
Remote-sensing-based lake-water-storage estimation can be done using altimetry and optical
images. Since 1992, satellite altimetry is used successfully for monitoring the water levels of large
rivers, lakes, and floodplains [15–17]. Satellite altimetry measures the water surface height along its
pass based on the reflection from the ground of the emitted radiations from the satellite. Different
missions have different pass location, repeat cycle, and footprints. However, there are significant
inter-pass gaps, which lead to limited coverage of the terrestrial water bodies. For instance, the East
Aral Sea could not have reliable altimetry observations for more than four years (2012–2016) as none
of the altimetry mission’s pass was over the dry lake. Singh et al. (2015) demonstrated the use of
Landsat and bathymetry to obtain the water level, as an alternative to altimetry. In this study, a linear
regression between altimetry water level and the Gravity Recovery and Climate Experiment
(GRACE) terrestrial water storage (TWS) is examined as another alternative to estimate water level
(discussed in Section 4.1).
Many studies intersected the digital elevation model (DEM) with the water level obtained from
satellite altimetry to compute water storage changes of a lake/reservoir [18–20]. In this study also, the
South Aral Sea volumetric variations are estimated by intersecting the Aral Sea bathymetry with the
satellite altimetry water level time-series obtained from the Database for Hydrological Time Series of
Inland
Waters
(DAHITI),
developed
by
the
Technische
Universität
München
(http://dahiti.dgfi.tum.de/en/) [21]. Jason-1, Jason-2, and Jason-3, (10 days repeat pass) observe the
East Aral Sea, while the West Aral Sea has additional observations from Envisat and Saral/Altika (35
days repeat pass).
Multiple Landsat missions’ (Thematic Mapper (TM), Enhanced Thematic Mapper Plus (ETM+),
and Operational Land Imager (OLI)) near-infrared (NIR) images are mosaiced and classified to
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generate land-water mask time series. Landsat bathymetry intersection is used to create water level
time-series (Singh et al. 2015).
3.2. Terrestrial Water Storage (TWS)
Since 2002, variations in the terrestrial water storage within the Earth’s system is routinely
observed by GRACE [22–24]. The availability of monthly observations from the time variable GRACE
mission has revolutionized the hydrological estimations by providing a possibility for the closure of
water budget over a study area. In this study, 0.5°-gridded, JPL mascon solutions are downloaded
from https://podaac.jpl.nasa.gov [25–27]. The mascon cell size varies with latitude, and for this region,
it is 4° × 5°. Thus the GRACE signal includes mass changes occurring in the large extended area (4° ×
5°) as shown in Figure 1 (black box). The study uses GRACE signals from the lake region (Figure 1,
black box) to estimate its water level. However, the lake area is less than one-tenth of the area
observed by GRACE, but lake volume is a major driver in the mass variation of the region.
Additionally, the GRACE signal from the Amu Darya basin is also analyzed to examine the
spatiotemporal pattern of the basin and to estimate long-term streamflow into the East Aral Sea. For
the analysis of the Amu Darya basin, the GRACE mascon solution is scaled to sub mascon 0.5°
resolution by multiplying it with 0.5° gain factor obtained from https://podaac.jpl.nasa.gov. These
gain factors derived from the Community Land Model do not have a lake component. Therefore, we
can not use the scaled mascon product for the lake analysis, and the mass conservation within a
mascon unit is more reliable than in 0.5° sub-mascon level.
3.3. Vegetation Index
The global Moderate-Resolution Imaging Spectroradiometer (MODIS) based normalized
difference vegetation index (NDVI) product (MYD13C2) is retrieved from the National Aeronautics
and Space Administration (NASA) Land Processes Distributed Active Archive Center (LP DAAC)
https://lpdaac.usgs.gov/ [28].
3.4. Evapotranspiration (ET)
Since 2002, the MODIS satellite has been providing a wide range of information about global
dynamics at 250 m to 1 km spatial resolution. The spectral signatures captured by its 36 spectral bands
are used for many applications such as optical imaging of the Earth, estimation of radiation budget,
and calculation of vegetation indices. The study investigated two MODIS derived ET products:
MOD16 and Priestley-Taylor Jet Propulsion Laboratory (PT-JPL).
Global
monthly
0.5°
MOD16
ET
product
is
downloaded
from
http://ntsg.umt.edu/project/modis/mod16.php [29,30]. The MOD16 algorithm [31] is based on the
Penman–Monteith (1965) equation for ET.
The PT-JPL actual evapotranspiration (AET) product [32] is based on the Priestley-Taylor
potential evapotranspiration (PET) formulation. To reduce PET to AET, Fisher et al. introduced
ecophysiological constraint functions based on atmospheric moisture (vapor pressure deficit and
relative humidity) and vegetation indices (NDVI and soil-adjusted vegetation index). The driving
equation in the model is the following:

AET= ETs + ETc + ETi

(1)

Where ETs, ETc, and ETi are evaporation from the soil, canopy and intercepted water, respectively.
Each is calculated explicitly based on relative surface wetness, green canopy fraction, plant
temperature constraint, plant moisture constraint and soil moisture constraint. No calibration or sitespecific parameters are required for this approach.
In addition to MODIS-derived ET, we have also evaluated ET from global hydrological models
(GHMs). Monthly ET estimates from the Water Gap Hydrological Model (WGHM) obtained by
personal contact and the National Oceanic, and Atmospheric Administration’s (NOAA) Global Land
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Data Assimilation System (GLDAS) is retrieved from the http://disc.sci.gsfc.nasa.gov/ [33,34].3.5. In
Situ Data
The Aral Sea was one of the well-sampled inland water bodies on the planet until the 1980s.
However, following the collapse of the USSR, field research into its advanced stages of desiccation
has reduced significantly [4]. The Amu Darya monthly streamflow (2003–2010) and the historical
annual hydrological data of the lake (1780–2009) are obtained from the http://www.cawater-info.net/
database. The Aral Sea bathymetry (from the 1960s) at 1 m contour spacing is provided by Prof.
Renard [35] by personal communication. The East Aral Sea section of the bathymetry is updated to
30 m spatial resolution by Singh et al. [36] by combining Landsat and altimetry, and it is publicly
available. Therefore, in this study, the West Aral Sea analysis is done using 1960s bathymetry while
the East Aral Sea analysis used the updated bathymetry of Singh et al.
3.5. Precipitation
Monthly precipitation estimates are obtained from the latest Global Precipitation Climatology
Center (GPCC V6) [37], and Global Precipitation Climatology Project (GPCP V2.3), and 1° daily data
are retrieved from https://www.esrl.noaa.gov/ [38,39].
All datasets (except streamflow, Landsat, and altimetry) are harmonized to monthly, mm level
water height on 0.5° (180° meridian) grid. Landsat-based 30 m resolution masks of the East and West
Aral Sea are resampled to a 0.5° grid. The land-water mask time series is interested in the respective
monthly evaporation and precipitation data to estimate the volumetric variations in evaporation and
precipitation only from the water body.
4. Methods and Results
In this section, we demonstrate how remote-sensing observations are used to quantify the water
budget components of the Aral Sea and Amu Darya basin. The retrieval method, challenges,
solutions, and results are discussed as follows:
4.1. South Aral Sea Volume Dynamics
For hundreds of years (historical records began in the 1780s) until the 1960s, the Aral Sea level
fluctuation was less than 5 m (Figure 2a). However, predominantly due to the massive irrigation
project in the 1960s, it receded in shape and size dramatically. By 1985, the small North Aral Sea
separated from the vast South Aral Sea. The North Aral Sea went through some fluctuations as seen
in Figure 2a (red plot) due to many failed dam-building attempts between the two parts of the Aral
Sea. It eventually stabilized after the construction of dike Kokaral dam in 2005 (Figure 2a, magenta
plot). However, the South Aral Sea continued to shrink and further separated into the shallow East
Aral Sea and the deep West Aral Sea by 2003 [9].
The annual water level of the South Aral Sea was estimated by a set of altimetry sensors (i.e.,
Jason1, Jason2, Envisat and Saral/altika) and compared with the available in situ water level. The
results show a good agreement (Figure 2a) with more than 0.99 correlation and ~60 cm RMSE (root
mean square error) or 1.8% normalized RMSE (by the mean of the observed data). Figure 2b (red and
blue plots) shows that East and West Aral Sea had similar water level until 2009 and they were
disconnected for the first time in late 2009. However, the 2010 flood resumed the equipotential status
between the two parts of the South Aral Sea for nearly a year. Afterward, they started their
independent paths of desiccation. The reason behind their different progression since 2010 has been
that the East Aral Sea reached approximately its lake bed later in 2009, so it needs to rise for about 2
m to get reconnected with the West Aral Sea. The West Aral gets water only from the East Aral
overflow; there was a 3–4 months lag between the increase in water level in 2010 among the two
parts. Meanwhile, the West Aral continuously undergoes evaporation loss, as its lakebed is 13 m
below mean sea level (MSL), while the flat East Aral dries up at 27 m.
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Figure 2. Water level above mean sea level (a) historical annual Aral Sea data (b) altimetry-based
monthly South Aral Sea observations.

Satellite altimetry missions have continuously observed the West Aral Sea. However, the East
Aral Sea lacks reliable observations after its water level went below 28.5 m (Figure 2b, red plot)
because none of the altimetry missions has passed through the dry lake. Therefore, other remotesensing observations have to be explored to explain the missing water level for nearly four years from
2011. Singh et al. (2015) demonstrated that Landsat together with bathymetry can provide 0.97
correlation with the altimetry water level and can act as a good alternative. However, optical images
fail in bad weather (dust storm, and cloud). Consequently, observations from Landsat are not
available for many months, especially during winters over the Aral Sea (Figure 3b). Therefore, we
examined another potential way to fill the gaps by linear regression between GRACE-based
terrestrial water storage (TWS) from the Aral Sea region (Figure 1. Study area black box) and the East
Aral Sea water level from altimetry. First, seasonal components from the TWS and water level time
series are removed. Then deseasonalized TWS and water level (Figure 3a) are linearly regressed using
nine years (2003–2011) of monthly data. The best fit model (r2 = 0.82, RMSE = 49 cm) is used for the
estimation of the deseasonalized water level for the 2003–2017 time frame, and then the altimetrybased seasonal component is added. The derived GRACE-based water level and altimetry
observations showed 0.9 correlation and ~54 cm RMSE or 1.8% normalized RMSE. Figure 3b shows
that GRACE-based estimates agreed well with the altimetry observations except for the 2010 flood.
The GRACE-based estimate observed an early peak in spring 2010, while altimetry saw it in summer
2010. It can be attributed to the integral nature of the GRACE signal, which observes mass changes
not only from the surface water but also from the soil moisture and groundwater.
Although the TWS variability in this mascon also includes signals from the West Aral Sea, it
obtains water only from the East Aral Sea overflow. Therefore, the empirical relation between the
increase in the TWS and water level of the East Aral Sea remains valid. The East Aral acquires a
similar water surface area as the West Aral as soon as it floods due to its flat topography and
eventually has similar evaporation loss progression. However, the impact of consecutive evaporation
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loss from the West Aral on TWS may lead to the overestimation of the water-level drop, but it soon
reaches the cutoff as the East Aral dries up. Therefore, the GRACE-derived sea level for the East Aral
Sea stops at 27 m, as in late 2014, and it resumes with an increase in the TWS of the lake. Whenever
the two parts of the South Aral are connected, then they have mostly similar progression but different
water levels since 2010.
However, due to the limited spatial resolution of GRACE, the GRACE mask (Figure 1, black
box) extends beyond the lake. Spring 2010 was relatively wet, (which increased the soil moisture in
the entire 4° × 5° box and the lake size was at its diminished level. It seems that whenever snow
accumulation or soil moisture variation is more than lake mass change, TWS has less ability to
estimate the water level. Furthermore, the GRACE mask also includes the Amu Darya delta, which
absorbs a significant amount of the floodwater before it reaches the South Aral Sea (discussed in
Section 4.2). Figure 3b also shows that in spring 2009, GRACE-based estimates were nearly 29.5 m,
which cannot be correct because there is no altimetry observation for that period, suggesting that
water level had to be below 28.5 m. In this case, the time series is interpolated to fill the data gaps.
Nevertheless, for rest of the time-series, TWS in the GRACE box is driven by the lake mass
variation, and thus the GRACE-based water level shows good agreement with altimetry
observations.
Figure 3b shows the complete disappearance of the East Aral Sea in 2014, consistent with the
analysis of the Landsat data (Singh et al. 2016). The East Aral Sea bed is approximately 27 m above
MSL, and when its water level reaches 28.5 m from MSL, the lake expands enough to be observed by
altimetry missions. Therefore, to obtain a complete time series, the water level is estimated from a
combination of altimetry (when the water level is above 28.5 m) and Landsat (when the water level
is below 28.5 m). GRACE-based estimates are used when neither altimetry nor Landsat could is
available.

Figure 3. The East Aral Sea water level. (a) Best fit between de-seasonalized terrestrial water storage
(TWS) and altimetry water level; and (b) altimetry water level observations compared with the
derived water height from Landsat and Gravity Recovery and Climate Experiment (GRACE). The
gray area shows the uncertainty range of the GRACE-based estimate, calculated by the ± root mean
square error (RMSE).
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In this study, we have three independently generated datasets of lake structure. Lake level is
estimated by satellite altimetry, lake water-surface-area or contours are estimated by the Landsat
imageries and bathymetry of the lake derived from 1960s field observations. A combination of any of
the two can calculate the third, for example, the altimetry and Landsat/MODIS combination can
generate the bathymetry of a lake [36,40] or estimate lake volume from [18,41]. In this work, the
bathymetry of the East and West Aral Sea are intersected with their respective water levels to obtain
water surface area time-series due to data gaps in the Landsat observations (Figure 3b). Volumetric
variations of the lakes are calculated using a truncated pyramid model (Equation (2)) by integrating
the change in water level and surface area [18].

( )=

1
×(
3

−

)×

+

+ (

×

)

(2)

Where,
( ) = Volumetric variations with respect to the initial state (t0) at the nth month
= Area of the water extent at month t
= Area of the water extent at the previous month
= Level of the water body at month t
= Level of the water body at the previous month.
n = Number of months.
Between 1993 and 2017, the South Aral Sea lost approximately 195 km3 water (Figure 4a). Since
2009, the East Aral Sea has been fluctuating on its almost flat lakebed. Eventually, most of the
streamflow evaporates within a year. The West Aral Sea seasonally receives some water when the
East Aral Sea water level exceeds 28.5 m above MSL. However, due to evaporation loss, the West
Aral Sea was still losing water at approx. 2.7 km3/annum rate and reduced below 25 m by late 2016
(Figure 2b). Considering the geometry of the West Aral Sea (Figure 4b), nearly 43 km3 of its volume
might still exist below the 25 m water level. If the current trend of water loss (almost 2.7 km3/year)
continues, then the West Aral Sea might disappear by nearly 2032. The seasonal expansion and
shrinking of the East Aral Sea are neither enough to revive the east part nor maintain the West Aral
Sea due to massive evaporation loss. The South Aral Sea dynamics are driven by the Amu Darya
streamflow and evaporation loss from the lake. Therefore, we further explored these two parameters.
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Figure 4. (a) the South Aral Sea volume variations and (b) the West Aral Sea bathymetry below 25 m
MSL.

4.2. Evaporation from the South Aral Sea
The Aral Sea is a terminal inland water body, and evaporation is the only major water outlet.
The annual evaporation rate of the lake was nearly 66 km3 [9] before the 1960s. The historical vertical
flux data from the Aral Sea shows a substantial difference between the total annual precipitation and
evaporation to/from the waterbody (Figure 5a). However, the recent annual fluxes from the lake
shown in Figure 5b demonstrate that MOD16 ET is almost equal to GPCP precipitation. It cannot be
realistic, knowing the fact that the lake is shrinking and it has an additional Amu Darya streamflow
into it.
Figure 5b shows that the difference between annual AET and PET has decreased due to
accelerated AET with the decreasing lake size. The positive feedback between sea surface
temperature (SST) and evaporation can explain the increase in the rate of AET from the Aral Sea. As
the lake loses water, it not only reduces water surface area but also becomes shallower. Shallow water
like the shrunken East Aral Sea (especially since 2009) heats up faster than deep water as it has less
volume per square area. With decreasing lake area, specific humidity near the lake surface is
decreased, and thus the rate of evaporation is increased. Another distinguishing factor of the East
Aral Sea is its increasing salinity, which is above 130 ppm [10]. The salinization of the lake leads to
vertical stratification, which is characterized by a rapid change in water temperature and salinity
level at a given horizontal or vertical region. Consequently, the surface of the lake heats up faster as
the salt concentration is not distributed evenly but stratified from lower salt concentration at the
surface to the highest at the bottom of the lake [42].
Considering the significance of the evaporation for the water balance of the Aral Sea, we
compared potential ET from PT-JPL, and actual ET estimates from WGHM, GLDAS, MOD16, and
PT-JPL for the South Aral Sea.
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Figure 5. Time series of the South Aral Sea precipitation and evaporation; (a) historical annual in-situ
observations; (b) recent annual evapotranspiration (ET) and Global Precipitation Climatology Project
(GPCP) observations; and (c) monthly precipitation observations over the lake.

Evaporation from open water is considerably different from land. Terrestrial open water
evaporation dynamics needs to be added in the current evaporation estimates taking into account the
land-water conversion. The presence of a lake and its size have a significant impact on its surrounding
climate. Total evaporation decreases with the reducing size of the lake, but most of the ET models do
not use a dynamic water mask. Consequently, the impact of available water in the system can be
miscalculated. In this study, the time-variable Landsat-based water-surface masks are intersected
with all the ET estimates to calculate volumetric evaporation loss from the waterbody.
As an independent estimate of evaporation, we back-calculated evaporation from the lake using
lake volume dynamics (Figure 4a) and based on the water balance equation (Equation (3)):

BCE = (

( )) +

−

(3)

where,
BCE = Back-calculated evaporation from the lake (magenta plot in Figure 6)
( ( )) = Diffrential of the lake volume (calculated by Equation (2)) with respect to its previous
month
R = Amu Darya streamflow into the South Aral Sea
P = Precipitation
This alternative and independent approach to calculate the lake evaporation provides an
additional tool for evaluating the evaporation products. However, groundwater infiltration into the
lake has been ignored in this estimation due to non-availability of the data. The lake volume estimates
have limited uncertainty compared to other hydrological parameters because of the well-established
water level estimation methods from satellite altimetry with cm-level accuracy [21]. However, the
bathymetry of the lake is more than half a century old, and it has experienced some restructuring due
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to floods [18]. This may introduce an unknown uncertainty (likely to be small) in the estimation of
the lake volume. Nevertheless, the estimated lake volume variations can be considered as a strong
constraint in the water balance equation.
Additional uncertainty in back-calculated evaporation (BCE) comes from the lack of the exact
coordinate of the streamflow gauge, which measures Amu Darya streamflow into the Aral Sea. The
Amu Darya terminates in a massive delta with many small lakes. During the low/normal flow, water
reaches directly into the East Aral Sea. However, during heavy streamflow (2005 and 2010) a
significant amount of water is consumed in the delta region. Therefore, except during the flood
months, the BCE can be considered as the nearest approximation of the evaporation loss from the
South Aral Sea. The BCE estimates (Figure 6, magenta plot) are limited by the availability of the
streamflow data (until 2010).
Precipitation is relatively a smaller direct input in the region with 80–200 mm annual range [43].
GPCP observations are closer to this range compared to GPCC (Figure 5c). Therefore, for the backcalculation of evaporation from the lake (Equation (3)), GPCP is used. Furthermore, GPCP utilizes
the nearest rain-gauge stations to reduce potential biases. Figure 6 shows that most of the products
severely underestimate ET compared to the BCE estimation. The PT-JPL ET, however, indicates
notably different and reasonable agreement with the BCE.

Figure 6. Evaporation from the South Aral Sea back-calculated evaporation (BCE) compared with the
other ET products.

The BCE shows an even better agreement with the PT-JPL AET given a month’s time lag because
the BCE is estimated based on changes in the lake volume compared to its previous month. Except
for the flooding months, the PT-JPL AET shows 0.83 correlation with the BCE and 0.76 cubic km
RMSE (42% NRMSE). Theoretically, AET should be similar to PET over open water, but we found
that they differ because a lot of the radiation/energy to drive ET gets absorbed deep into the water
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without actually ever evaporating any water. Therefore, the actual ET ends up being less than the
potential. The MOD16 and GHMs ET showed very low seasonality in the lake volume estimation.
Thus, our analysis indicates that PT-JPL ET is more consistent with the rest of the water cycle
component for the evaluation of evaporation over the open water. PT-JPL has been widely and
independently assessed as the top-performing global ET remote-sensing algorithm for evaporation
[44–51]. However, this paper is the first to compare it with other ET products over open water. This
shows that PT-JPL probably has a good representation of surface-atmosphere moisture coupling.
4.3. Amu Darya Streamflow into the Lake
As global lakes are not always well instrumented, this analysis provides insights on how well
streamflow might be estimated using other water-cycle components. The study attempted to
determine the Amu Darya streamflow into the South Aral Sea by two independent methods.
•

A water balance-based streamflow estimate (R1, Figure 7b, green plot) is generated by
combining PT-JPL ET (assuming it as actual evaporation from the lake), GPCP and South Aral
Sea volumetric variations (Equation (4)). The average annual Amu Darya streamflow into the
lake (except 2005 and 2010 flow) ranges between 0–1 km3/month while the accumulated error
from different datasets in Equation (4) is more than one km3/month. Consequently, accurate
estimation of the streamflow is not possible with this method. Therefore, three-monthly
weighted-average (3MWA) by 0.25, 0.5, 0.25 weights, is calculated to obtain a long-term trend
of the streamflow into the lake. The derived estimate (R1, Figure 7b) showed 0.71 correlation
with the in situ 3MWA streamflow.

R1 = 3MWA (Δ(VV) − P + ET)

(4)

Where,
R1 = Streamflow estimated from lake water budget (green plot in Figure 7b)
3MWA = three-monthly weighted-average
ET = Evaporation from the lake (PT-JPL ET) and P = Precipitation (GPCP)
•

Second streamflow (R2, Figure 7b, red plot) is calculated from the deseasonalized GRACE signal
obtained from the Amu Darya basin (DGADB) (Figure1, green polygon). An empirical relation
between 3MWA of the in-situ Amu Darya streamflow and 3MWA of the DGADB is used to
generate GRACE-based streamflow (R2). The Least-absolute-residuals method based twodegree polynomial curve showed a good agreement (r2 = 0.94 and RMSE = 0.2 km3) between the
two. The derived curve (R2, Figure 7b) showed 0.68 correlation with the in situ 3MWA
streamflow.

Furthermore, the dashed vertical lines in Figure 7a shows that the DGADB observes flood peaks
into the lake about two months earlier than the in situ data (compare red and blue dashed lines).
Reager et al. [52] also demonstrated that basin-scale TWS could be used to characterize regional flood
potential with longer lead times in flood warnings. This two months’ early warning of heavy
streamflow into the Amu Darya delta could be useful for the water resource management of the
region.
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Figure 7. The Amu Darya streamflow. (a) Deseasonalized GRACE signal from the Amu Darya basin
(DGADB) compared with the in-situ streamflow. The red vertical lines are peaks of DGADB, and
the blue vertical lines are peaks of in situ streamflow; (b) three monthly-smoothed Amu Darya
streamflow observed by in situ data compared with the two derived estimates (R1 and R2).

As discussed above, the streamflow during the flood events (2005 and 2010) was significantly
absorbed in the massive Amu Darya delta. Therefore, the estimated R1 and R2 have a relatively
smaller peak in 2005 and 2010 than in situ streamflow. Figure 7b suggests that R1 and R2 provide
only a general idea of the long-term trend and are likely to be far from true streamflow. However,
they have captured well the extreme weather events in the long-term patterns of the streamflow into
the lake, i.e., 2005 and 2010 floods and 2009 and 2014 droughts. R2 produces low flow reasonably
well (except in 2004), but underestimates peak flow, yet the pattern of the peak flow is captured. R1
is relatively skillful in capturing peak flows but overall provides many false signals not observed by
either in situ observation or GRACE. The GRACE signal (DGADB, Figure 7a red plot) indicates that
2015 and 2016 had high seasonality, but they do not exceed 2005/2010 peak flows or 2009/2014 low
flows
4.4. The Amu Darya Basin
Figure 8 shows the spatiotemporal linear trend in the Amu Darya basin between 2003 and 2017
of (a) TWS from GRACE, (b) precipitation from GPCP, (c) MODIS NDVI and (d) ET from MOD16.
The figure shows that during this period TWS went down in the Amu Darya delta and the
southwestern Hindukush region. The decrease in the delta TWS can be attributed to the increasing
absorption of water in the central and northeastern part of the Amu Darya basin. This area is a major
irrigation belt (other than a delta region) of the basin. The figure shows that in the irrigation area
water mass increased (Figure 8a), ET decreased (Figure 8d), and the precipitation trend remained
relatively flat (Figure 8b), which indicates a possible increase in infiltration. Furthermore, a decrease
in total annual Amu Darya streamflow into the Aral Sea from more than 10 km3 in 2002 to less than
4 km3 by 2009 shows that either precipitation has gone down during those years (which is not seen
in GPCP dataset) or abstraction of water has increased upstream. On the other hand, the reduction
of NDVI in the central part of the basin (Figure 8c) supports the assumption of increased infiltration
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loss. However, vegetation loss can also be attributed to increasing salt deposition in the soil profiles
and desertification [8]. Forkutsa et al. [53] discussed the fact that more than 40% of the river water is
lost to evaporation and infiltration from the canal. Water escapes the route to form lakes and ponds
along the way. Consequently, the rise in groundwater level has brought soil salt to the surface,
leading to widespread salinization [9]. It is probable that during this time frame the canal conditions
are deteriorated, leading to more infiltration loss.

Figure 8. The Amu Darya basin: (a) GRACE TWS; (b) GPCP; (c) normalized difference vegetation
index (NDVI); and (d) MODIS based ET (MOD16).

5. Discussion
Accurate monitoring of the world’s lakes in a changing climate is increasingly essential, as lakes
often significantly contribute to regional climatology and ecosystems. Several lakes are drying (e.g.,
Aral Sea, Urmia, Lake Chad) due to climate change and anthropogenic activities (e.g., through water
abstractions for irrigation). These not only lead to loss of Lake Habitat and biodiversity but also can
trigger several adverse impacts on the environment and life in the surrounding region, like
desertification, dust storms, and the salinization of land. All these processes can eventually offset
economic growth near the lakes. Similar processes can be seen in various global lakes like Lake Urmia
[54,55], Lake Chad [56,57], the Dead Sea [58–60], and Lake Poopo [61,62]. Therefore, careful
monitoring of the changes in lake/inland sea properties is becoming critical more than ever.
Unfortunately, many of these lakes are not well instrumented. Thus exploiting the potential of
integrating multi-dimensional remote-sensing data with other complementary data is essential. The
following are the highlights of this research:
1.

2.

Lake level estimate: this paper suggests methods for filling gaps in the altimetry observations.
These data gaps may occur due to intermission time lag or loss of altimetry ground track due to
changes in the shape of the water bodies. Landsat images together with bathymetry can provide
an alternative water level estimate. However, sometimes, optical images have limitations during
lousy weather. In that case, GRACE signals from lakes like the Aral Sea have a potential to
estimate water level. The linear regression between the TWS and water level has been explored
to generate the water level from GRACE.
The rate of evaporation loss: most of the models/data products do not estimate
evapotranspiration (ET) from inland waterbodies well, except for one. We have back-calculated
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the lake evaporation (BCE) by integrating altimetry-based lake volume variations, with the in
situ runoff and GPCP precipitation. This study found the PT-JPL ET estimate to have the closest
approximation to the BCE compared to the other existing ET products MODIS (MOD16) and
hydrological models (WGHM and GLDAS). While PT-JPL has never been tested over open water
bodies, our findings are consistent with multiple studies that have consistently found PT-JPL to
be the top-performing ET remote-sensing algorithm over terrestrial vegetation
[44,45,48,49,51,63].
Estimating river streamflow to the lake: the study also suggests that the GRACE signal from the
Amu Darya basin can provide a long-term trend of streamflow into the lake and may predict
flood events one or two months in advance. Another streamflow is estimated based on the lake
water budget, which showed a good long-term progression but has some false highs. The backcalculated streamflow (R1) indicated strikingly high seasonality, which demonstrates possible
seasonal groundwater infiltration into the lake, assuming error in other datasets are not
seasonally biased. Nevertheless, in the absence of any in-situ streamflow, these methods can be
explored.
Assessing the spatiotemporal variations in the water cycle of the Amu Darya basin: finally, we
monitored the spatial changes of the Amu Darya basin to examine the cause of reducing
streamflow. Various insights could be gained through analyzing the maps of a temporal trend
in ET, TWS, NDVI, and Precipitation. The decrease in TWS in the Amu Darya delta region is
mainly due to the increase in water mass in the central part of the Amu Darya basin, which is
probably due to rising infiltration with the worsening of the canal system. This assumption
cannot be validated due to lack of ground-based observations but is supported by the decrease
in ET and NDVI in the region with the increase in TWS.
Future of the Aral Sea: the low Amu Darya streamflow and huge evaporation loss from the vast
open body have endangered the existence of the South Aral Sea. If the present trend continues,
the remnant West Aral Sea will also disappear by nearly 2032 or reach the level of its base flow.
One possible solution is to drain the Amu Darya streamflow directly into the West Aral Sea to
avoid evaporation loss from the vast shallow East Aral Sea. Assuming 4 km3/year water flows
into the West Aral Sea based on the current the annual Amu Darya streamflow (without any
flood), the West Aral Sea will start increasing at a rate of more than 1 km3/year. Additionally, a
dam is also required to be built between the East and West Aral Sea to stop flooding from the
west when it reaches more than 28 m above MSL.

6. Concluding Remarks
In this paper, we show how the combination of various remote-sensing products can help gain
more information on the fate of the Aral Sea lake. A framework that can be extended to study other
endorheic lakes. The Aral Sea was well instrumented in the Soviet era, after which it gradually lost
ground-based stations. However, some in situ records for streamflow to the lake (until 2010), and
lake bathymetry (from the 1960s) are available. These enable us to assess current remote-sensing
potential and determine challenging areas for further improvement. Our study over the Aral Sea
mainly consists of using remote-sensing data to quantify changes in the lake level and volume, the
rate of evaporation loss, estimating river streamflow to the lake, and assessing the spatiotemporal
variations in the water cycle of both the lake and the Amu Darya basin. The study demonstrated that
in addition to altimetry, optical and GRACE data can help to estimate the lake level. Also, GRACE
may predict flood events one or two months in advance. Furthermore, lake evaporation was
calculated using runoff, altimetry, and precipitation. In comparison to the other global ET products
(for example WGHM, GLDAS, MOD16), PT-JPL ET showed the best approximation to the estimated
ET for the open water. The Aral Sea basin analysis by the GRACE and other datasets suggests a rise
in infiltration, potentially due to worsening of the canals.
Efforts are ongoing to monitor other world’s inland lake. Given the lack of quality in situ
observations, remote sensing has shown great potential. However, several areas require further
improvement by the community, some of which are highlighted below:
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Higher spatial resolution GRACE signals can improve its application tremendously by reducing
the impact of contributions from other hydrological compartments.
Evaporation estimates from the waterbodies need to be better estimated. The lake’s volume
variations and its salinity need to be incorporated in the models.
With the recent operation of Global Precipitation Measurements (GPM) and Soil Moisture Active
Passive (SMAP) missions, precipitation, soil moisture is expected to be monitored better than
before. The role of new observations in studies like that presented here needs to be further
investigated.
The upcoming Surface Water and Ocean Topography (SWOT) mission is expected to provide
volumetric variations of most of the inland water bodies because of its wide swath altimetry.
This can potentially advance water balance studies such as that investigated in this work.
By increasing confidence in the quality of surface/sub-surface estimates (surface water and soil
moisture), the role of groundwater dynamics can be better explored from GRACE.

The study demonstrated the potential of deriving some proxy estimates of the missing or
inadequate hydrological variables by combining multi-dimensional, multi-sensor and multi-mission
earth observation datasets to undertake a comprehensive analysis of the hydrological state of a basin.
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