
Academic Editor: Tomaž Podobnikar

Received: 25 January 2026

Revised: 27 February 2026

Accepted: 1 March 2026

Published: 3 March 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Reconstructing Lake Storage for the Major Water Bodies in the
Aral Sea Basin Using Multi-DEM Hypsometry
Shuangyan Huang 1, Xi Chen 2,3, Liao Yang 2,3, Tie Liu 2,3 , Longhui Li 4, Xuexi Ma 5,6 , Bing Yue 7, Nannan Wu 5,
Akhylbek K. Kurishbayev 8, Imanmadi Duman 9, Hossein Azadi 5,10 and Xiaoting Ma 5,6,*

1 Postdoctoral Research Station, Zhejiang University of Technology, Hangzhou 310014, China;
huangshuangyan15@mails.ucas.ac.cn

2 College of Geoinformatics, Zhejiang University of Technology, Hangzhou 310014, China;
chenxi@ms.xjb.ac.cn (X.C.); yangliao@zjut.edu.cn (L.Y.); liutie@ms.xjb.ac.cn (T.L.)

3 Moganshan Geospatial Information Laboratory, Huzhou 313299, China
4 School of Geography, Nanjing Normal University, Nanjing 210023, China; longhui.li@njnu.edu.cn
5 Xinjiang Institute of Ecology and Geography, Chinese Academy of Sciences, Urumqi 830011, China;

maxx@ms.xjb.ac.cn (X.M.); wunannan@ms.xjb.ac.cn (N.W.)
6 Research Center for Ecology and Environment of Central Asia, Chinese Academy of Sciences,

Beijing 100101, China
7 State Key Laboratory of Tibetan Plateau Earth System, Environment and Resources (TPESER),

Institute of Tibetan Plateau Research, Chinese Academy of Sciences, Beijing 100101, China;
bingyue18@mails.ucas.ac.cn

8 The National Academy of Sciences of the Republic of Kazakhstan, Almaty 050010, Kazakhstan;
rector@kaznaru.edu.kz

9 Scientific and Educational Technology Platform, Kazakh National Agrarian Research University,
Almaty 050010, Kazakhstan; imanmadi.duman@kaznaru.edu.kz

10 Department of Geography, Ghent University, 9000 Ghent, Belgium; hossein.azadi@ugent.be
* Correspondence: maxiaoting@ms.xjb.ac.cn

Highlights

What are the main findings?

• We develop a multi-DEM hypsometry framework to reconstruct near-monthly lake storage
for 1993–2024, recovering storage during low-level periods without bathymetric surveys.

• Reconstructed changes agree with independent satellite altimetry (r = 0.93 for level and 0.90
for storage), outperforming above-water-only and conventional model-selection baselines.

What are the implications of the main findings?

• Under whole-lake modeling, the Copernicus-based reconstruction provides a cumulative
storage change of −214.30 km3, closest to the satellite altimetry estimate of −210.68 km3.

• Other DEMs overestimate the 1993–2024 cumulative loss by 66.15–141.01 km3; sub-lake
modeling reduces this bias and provides an SRTM-based cumulative change of−248.38 km3.

Abstract

In arid-zone water resource management and water-security assessment, changes in water-
body volume are key indicators of water availability and regulation performance. However,
arid-zone lakes often lack sufficient bathymetric information to constrain geometry under
low lake-level conditions. Shrinkage-driven hydrological disconnection can destabilize
extrapolation of water level–storage relationships. This increases uncertainty in quantify-
ing long-term storage changes. Here, we develop a multi-digital elevation model (DEM)
hypsometry framework to reconstruct near-monthly lake storage for 1993–2024, recovering
storage during low-level periods without bathymetric surveys. Reconstructed changes
agree with independent satellite altimetry (r = 0.93 for level and 0.90 for storage), outper-
forming above-water-only (r ≈ 0.637 for water level) and conventional model-selection
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base-lines (r ≈ 0.753 for water level). The framework was quantified across three scenar-
ios: expanding lakes, lake systems and reservoirs, and terminally shrinking lakes. For
the persistently shrinking Big Aral Sea, under the whole-lake modeling assumption, the
Copernicus-based reconstruction provides a cumulative storage change of −214.3 km3, clos-
est to the satellite altimetry estimate of −210.68 km3 among the tested DEMs. In contrast,
other DEMs overestimate the 1993–2024 cumulative loss by 66.15–141.01 km3. Sub-lake
modeling further adjusts the Shuttle Radar Topography Mission (SRTM)-based cumulative
change to −248.38 km3, substantially reducing structural bias caused by lake disconnection.
This study provides a transferable technical framework for lake storage reconstruction in
arid regions under degraded low lake-level conditions and hydrological disconnection.

Keywords: Aral Sea Basin; multi-DEM hypsometry; water storage reconstruction;
hydrological disconnection; low lake-level conditions

1. Introduction
Water storage changes in arid-zone lakes and reservoirs directly affect water security,

ecosystem stability, and irrigation operations. Long-term monitoring is a foundation
for regional water-resource management and water-security assessment. Precipitation is
scarce, and evapotranspiration is strong in these regions. As a result, these water bodies
are more sensitive to climate change and human disturbance [1]. Over recent decades,
arid-region lakes have experienced frequent seasonal desiccation [2]. In some regions,
seasonal variability is even comparable to interannual variability [3]. The Aral Sea Basin
is a representative region for arid-zone lake change in Central Asia. Climate change
and human activities have driven the Aral Sea’s extreme shrinkage [4] and reshaped the
regional water-resource pattern at the basin scale [5]. Consequently, area-only monitoring
cannot resolve two key issues: (i) the magnitude of interannual water-storage change, and
(ii) whether storage can be tracked continuously during historical low-water periods when
ecological risks are highest.

Quantitative estimates of lake level and water storage often rely on bathymetric sur-
veys or stage–storage curves. The high cost of field measurements makes these data difficult
to obtain in data-scarce regions [6]. This motivates remote-sensing approaches that do not
require in situ bathymetry [7]. Recent studies mainly fall into three frameworks. The first
framework derives bathymetry from geometric or geophysical attributes. For example,
the GLOBathy dataset provides static lake-basin priors for more than 1.4 million water
bodies worldwide [8]. However, for very large or complex lake basins, storage estimates
are highly sensitive to terrain detail and statistical assumptions, and the uncertainty still
requires explicit quantification [9]. The second framework combines water area with multi-
source altimetry elevation measurements to estimate volume change [10]. This approach
can provide accurate long-term water levels, but its spatial coverage is constrained by
altimetry ground tracks and revisit times. The third framework uses digital elevation
models (DEMs) to characterize lake-basin topography and to build empirical relationships
among area, elevation, and storage change. It does not rely on bathymetric data; therefore,
it has been widely applied at regional scales [11]. However, it is sensitive to the acqui-
sition timing of the selected DEM, and remains uncertain under extreme shrinkage or
hydrological disconnection.

In DEM-based long-term storage reconstruction, accuracy depends on whether DEMs
provide sufficient geometric constraints under low lake-level conditions. Uncertainties in
water level and storage estimates are often highest under low-stage conditions. When the

https://doi.org/10.3390/rs18050763

https://doi.org/10.3390/rs18050763


Remote Sens. 2026, 18, 763 3 of 25

lake surface retreats into the water mask at the time of DEM acquisition, the nearshore
topography that controls low-stage geometry becomes unobserved. This reduces avail-
able geometric information and weakens the stability of the reconstructed time series [12].
Without an effective strategy, terminal lakes may show observation gaps during extreme
shrinkage, making accuracy difficult to guarantee [13]. To address this, some studies lever-
age periods when the lakebed is fully exposed during DEM acquisition. They combine
exposed lakebed elevations with dynamic land–water boundaries to infer water depth and
water-surface elevation. They then validate the results externally with ICESat and ICESat-2
altimetry [14]. Other studies infer lake-basin topography by integrating multi-source DEM
constraints [15,16] with historical multi-temporal lake boundaries [17]. This extends the ge-
ometric relationships into the low lake-level range. However, under extreme shrinkage and
lake disconnection, comparability and consistency are still rarely assessed systematically.

Against this background, low-water stages often lack reliable terrain constraints, and
lake disconnection can destabilize stage–storage extrapolation. These issues hinder robust
long-term storage reconstruction. We therefore use five major water bodies in the Aral Sea
Basin as the study area and focus on three hypotheses. H1 (multi-DEM consensus): whether
multi-source DEM consensus screening with physics-consistency filters significantly re-
duces cross-DEM extrapolation instability. H2 (sub-lake topology): whether sub-lake
modeling systematically reduces structural storage bias caused by lake disconnection and
missing low-elevation detail in early DEMs. H3 (transferability): whether the framework,
using only open EO-data, yields comparable reconstructions across expanding, regulated,
and terminally shrinking water bodies. To test these, we reconstruct near-monthly water
storage time series for 1993–2024 across all five water bodies and evaluate each hypothesis
with quantitative evidence.

2. Materials and Methods
2.1. Study Area

The Aral Sea Basin (ASB) in Central Asia has a typical continental climate. Its landscape
combines high mountains in the east with lowlands and deserts in the west, creating a clear
topography–climate gradient (Figure 1). The western lowlands are hotter and drier, with
little precipitation. The eastern mountains are cold and dry but relatively wet [18]. The
Karakum and Kyzylkum Deserts are the driest parts of the basin and show the strongest
evapotranspiration. Two transboundary rivers, the Amu Darya and Syr Darya, form the
main hydrologic corridors that sustain the evolution of the water bodies across the basin.
Lakes and reservoirs are unevenly distributed. We examine five major water bodies that
represent typical hydro-geomorphic settings, including terminal lakes, expanding lakes,
lake systems and reservoirs: Big Aral Sea (BAS), Small Aral Sea (SAS), Sarygamysh Lake
(SARY), Aydar–Arnasay Lake System (AALS), and Chardarya Reservoir (CHR). CHR and
AALS lie on the Tianshan foreland at higher elevations, about 200–300 m. Whereas BAS,
SAS, and SARY sit in low-elevation terminal depressions, mostly below 50 m a.s.l. Under
an arid climate, such elevation differences can amplify contrasts in how these water bodies
respond to water-balance perturbations. To capture changes in lake-basin morphology and
hydrologic connectivity, especially the stage-wise disconnection during the Aral Sea retreat,
we define Lake Modeling Units (LMUs; Figure 1e) for geometric modeling. The LMUs
include SAS, SARY, CHR, and AALS as independent units. For BAS, we further separate
the western and eastern basins (WBAS and EBAS) to reflect geometric heterogeneity after
lake disconnection. For BAS and SAS, boundaries are approximated by shoreline vectors
from the 1960s. This allows the LMUs to include historical lakebed areas exposed during
shrinkage, making better use of terrain information across stages and thereby reducing
uncertainty under low lake-level conditions.

https://doi.org/10.3390/rs18050763

https://doi.org/10.3390/rs18050763


Remote Sens. 2026, 18, 763 4 of 25

 
Figure 1. Study area and Lake Modeling Unit (LMU) definition in the Aral Sea Basin. (a–c) False-color
Landsat composites from June 1990 and June 2024 showing morphological changes in (a) the Aral Sea,
(b) Sarygamysh Lake, and (c) the Aydar–Arnasay Lake System and Chardarya Reservoir. (d) Basin
topography and the locations of the study sites, the black arrow indicates true north. (e) Schematic of
the LMUs, defining the spatial domains used for volume modeling.

2.2. Data Sources and Processing
2.2.1. Digital Elevation Models

We use five publicly available global DEM products to represent lake-basin topog-
raphy and surrounding terrain in the Aral Sea Basin. These datasets span acquisition
epochs from 2000 to 2015. They include two acquisition techniques: radar interferometry
(InSAR) and optical stereophotogrammetry. Specifically, we use SRTM (Shuttle Radar To-
pography Mission) [19] and its reprocessed product NASADEM (NASA Digital Elevation
Model) [20], as well as ASTER GDEM (ASTER Global Digital Elevation Model) [21], ALOS
AW3D30 (ALOS World 3D 30 m) [22], and Copernicus (Copernicus Digital Elevation Model)
DEM [23]. These products differ in their original design goals, processing chains, and error
characteristics. Detailed parameters [24] and the corresponding Google Earth Engine (GEE)
asset IDs are provided in Table 1. To ensure comparability across data sources under a
common spatial reference, we reproject all DEMs to UTM Zone 41N and resample to a
30 m grid. We harmonize vertical datums by shifting EGM96-referenced DEMs to EGM2008
using the NGA geoid model. This ensures that hypsometry extraction and subsequent
H–A–V construction use a unified vertical datum. Vertical accuracy ranges from ~4 m
(Copernicus) to ~17 m (ASTER; Table 1), reflecting differences in sensor type and processing
chain that directly affect hypsometric curve reliability at low lake-level stages.

2.2.2. Optical Imagery

Lake surface-area observations were derived from the Landsat optical archive [25]
(1993–2024), including Landsat 5 TM, Landsat 7 ETM+, Landsat 8 OLI, and Landsat 9
OLI-2. In the arid environments of the Aral Sea Basin, water mapping is challenged by
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two common sources of interference. First, salt crusts, exposed lakebeds, and shallow
water often co-occur, causing spectral confusion along shorelines. Second, cloud, snow
and ice cover in winter and early spring reduce water–land separability and limit the
availability of usable scenes. Sensor-specific issues and varying imaging conditions further
lead to uneven temporal sampling. For example, the Landsat 7 Scan Line Corrector (SLC)
failure introduces data gaps during part of the record and locally reduces the fraction
of valid pixels. As a result, monthly observations are generally sparse, with missing
months and pronounced seasonal-to-decadal differences in data availability. We therefore
constructed a near-monthly lake surface-area time series for subsequent inference of lake-
level and storage changes. Missing months were retained as gaps without interpolation to
preserve the observational record. Procedures for water classification and quality control
are described in Section 2.3.4.

Table 1. Specifications and Google Earth Engine (GEE) asset IDs for the multi-source DEM datasets
used in this study.

Dataset Acquisition
Method

Acquisition
Period GEE Asset ID Original

Vertical Datum
Spatial

Resolution
Vertical

Precision

SRTM C-band InSAR 2000 USGS/SRTMGL1_003 EGM96 1 arc-second ~9 m
NASADEM C-band InSAR 2000 NASA/NASADEM_HGT/001 EGM96 1 arc-second ~9 m

ASTER Optical Stereo 2000–2013 projects/sat-io/open-
datasets/ASTER/GDEM EGM96 1 arc-second ~17 m

ALOS Optical Stereo 2006–2011 JAXA/ALOS/AW3D30/V4_1 EGM96 1 arc-second ~5 m
Copernicus X-band InSAR 2010– 2015 COPERNICUS/DEM/GLO30 EGM2008 1 arc-second <4 m

2.2.3. G-REALM Satellite Altimetry Observations

To independently validate the reconstructed lake levels and storage changes, we used
the Global Reservoir and Lake Monitor (G-REALM) satellite altimetry dataset distributed
via the USDA-FAS IPAD platform. G-REALM is mainly based on the TOPEX/Poseidon
and Jason-series radar altimetry missions. It provides water-surface elevation time series at
an approximately 10-day repeat cycle and is widely used for long-term lake-level assess-
ment [26]. In this study, we used the original 10-day observations, removed outliers, and
aggregated the data to monthly values. Missing months were retained as gaps without
interpolation to preserve the observational record.

In the Big Aral Sea region, G-REALM provides two virtual stations (Figure 2). The
East Aral station has the longest continuous record (1992–present), covering the period
before complete separation in 2009, when the eastern and western basins were effectively
hydraulically connected. Hence, this station was used to represent the Big Aral Sea as
a whole (BAS) in this study. During the 2005–2009 transition period, observations indi-
cate that water levels on both sides remained largely synchronous. The east station was
therefore used to validate both the BAS whole-lake model and the EBAS sub-lake model,
maximizing the value of the available observations. To validate the evolution of the East
Basin (EBAS), we set the validation period for this station to 2005–present. The west station
was used exclusively to validate the West Basin (WBAS), with the validation period starting
in 2005 to capture the full transition from gradual separation to subsequent independent
evolution. Additionally, we compared G-REALM water levels with the CAWATER histor-
ical water-level series (http://www.cawaterinfo.net/aral/data/index.htm, accessed on
28 February 2026) to confirm the separation chronology used above (Figure 2).
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Figure 2. G-REALM water-level records for BAS, EBAS, and WBAS, with the CAWATER historical
water-level series for consistency checking. N denotes the number of monthly G-REALM observations
used in this study.

2.3. Methods

We propose a framework to reconstruct long-term water-level and storage changes
by integrating multi-source DEM constraints with Landsat-derived area time series. As
shown in Figure 3, the framework includes five modules. We first define Lake Model
Units to represent fragmentation and evolving connectivity. We then derive a near-monthly
area time series for 1993–2024 from Landsat imagery. Next, we reconstruct bathymetry by
extracting above-water terrain from multi-source DEMs and inferring submerged geometry
to fill low-water gaps. These constraints are integrated through joint model construction to
link water level, area, and storage. Finally, we apply a two-stage model-selection strategy
and validate the results against G-REALM satellite altimetry to produce the reconstructed
time series. Detailed procedures are described in the following subsections.

2.3.1. Quantifying Geometric Differences Among Multi-Source DEMs

To quantify the consistency of different DEMs over key geomorphic segments of the
lake basin, we compare elevation profiles along representative transects for each lake. Be-
cause DEM errors are terrain-dependent, a single basin-wide statistic may miss differences
in geometrically critical segments [27]. We therefore define a slope-controlled segment,
Sslope, along the median profile, where slope variability is most pronounced. This segment
corresponds to the top 10% of transect positions with the largest absolute slope, and rep-
resents the portion where lake-basin geometry is most sensitive to the water level–area
relationship. Within Sslope, we compute the cross-DEM elevation range at each transect
position, and use its 95th percentile as a summary metric of multi-source DEM geometric
differences, defined as follows:

∆Eslope,95 = P95

(
max

d
zd(x)− min

d
zd(x)

)
, x ∈ Sslope, (1)

Here, zd(x) denotes the elevation from the DEM indexed by d at profile position x,
and P95 is the 95th percentile of the cross-DEM elevation range across Sslope. The percentile
metric reduces sensitivity to local extremes and improves cross-site comparability [28].

2.3.2. Constructing Above-Water Hypsometric Constraints

To address the lack of terrain information at low water levels, we adopt an “above-
water modeling–below-water inference–joint fitting” framework. First, we construct dis-
crete above-water constraint samples (S, H, ∆V). As shown in Figure 4, the DEM provides
layered topographic information above the water surface, allowing area, elevation, and
storage to be mapped under a common geometric reference [9]. A key prerequisite is to
determine the water-surface elevation at the time of DEM acquisition, H0. To this end, we
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use a robust mode-estimation approach. We analyze the elevation frequency distribution
within the lake mask, bin elevations into 1 m intervals, and take the modal elevation as H0.
This procedure reduces the influence of noise and outliers. Based on H0, we set a vertical
step of ∆H = 1 m and compute the cumulative water-surface area Si for each elevation
layer. The volume increment between adjacent layers, ∆V, is approximated using the
frustum approximation:

∆V =
1
3
(Hi+1 − Hi)×

(
Si + Si+1 +

√
Si × Si+1

)
, (2)

where Si and Si+1 are the cumulative areas at elevations Hi and Hi+1, respectively. In this
way, we obtain a set of discrete samples for each DEM, which serves as the data basis for
fitting a continuous hypsometry function.

Figure 3. Workflow and module structure of the proposed framework.

2.3.3. Below-Water Inference and Joint Model Construction

Based on the discrete constraint samples extracted above, we first fit three baseline
empirical relationships: H = f1(S), ∆V = f2(S), S = f3(∆V). Each relationship is fitted inde-
pendently using 1st–3rd order polynomials via ordinary least squares (OLSs). We then
apply k-fold cross-validation and select the best-performing model by standard metrics
(R2, RMSE, SMAPE, MAE) to exclude obviously overfitted candidates. To enable below-
water inference, we define a basin-floor boundary. Specifically, we define the basin-floor
area S’0 as the area at which ∆V = 0 under S = g(∆V), and determine the corresponding
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basin-floor elevation H’0 (Figure 4b). We then use the above-water discrete samples to
construct H = h(S) and extend the level–area relationship from the basin floor to the water
surface. This inferred below-water segment is merged with the original DEM samples
in the above-water domain, yielding a physically consistent dataset (S, H, ∆V, V). To re-
duce dependence on a single functional form, we refit candidate models on the merged
dataset using multiple function families, including 1st–3rd order polynomials, piecewise
linear interpolation (PWL), and piecewise cubic Hermite interpolation (PCHIP). We then
construct three final relationships, H = f4(S), V = f5(S), and ∆V = f6(S), so that both the
above-water observation domain and the below-water inference domain are represented
within a unified geometric-constraint framework. To ensure physically plausible extrapo-
lation toward low water levels, candidate functions are strictly constrained to be smooth
and monotonic. To reduce potential elevation-datum inconsistencies among data sources,
we define storage change as a relative increment referenced to the first valid observation
month in 1993 (t0). We focus on relative trends rather than absolute magnitudes. Finally,
given the near-monthly water-surface area series S(t), we map it to lake level H(t) and
storage change V(t) using the fitted models H = h(S) and V = f(S), and then compute ∆V(t).

 

Figure 4. Schematic of bathymetry inference and hypsometry-based storage estimation. (a) Conceptual
comparison of linear and non-linear functions for low-stage bathymetry extrapolation. (b) Volume
accumulation scheme based on the frustum formula for above-water observed layers and below-water
inferred layers. (c) Extraction of hypsometric curves (area–elevation-volume) from DEM slices.

2.3.4. Near-Monthly Surface Water Area Time Series

The near-monthly surface-water area time series was derived from the Landsat archive
(TM, ETM+, OLI/OLI-2) for 1993–2024. We first mask clouds and cloud shadows using
QA bands, and then generate a monthly representative image by median compositing
all available observations within each calendar month. To reduce local voids caused
by limited winter–spring coverage and Landsat 7 SLC-off gaps, we apply a temporal-
buffer filling strategy that supplements missing pixels with nearby observations within
a ±10-day window around the target month. We compute NDWI and related water-
enhancement indices on the monthly image and extract water masks using adaptive
thresholding. Thresholds are determined using the Otsu method on index histograms [29],
with an NDVI constraint to suppress false positives from vegetation and wet salt crusts.
For large water bodies and adjacent shallow flats, high background reflectance can distort
histograms and bias scene-wide thresholds. We therefore estimate thresholds within a
buffer zone around each water body and apply additional index criteria in a few unstable
subregions to restore deep-water connectivity. Monthly water masks are aggregated to the
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Lake Modeling Unit (LMU) scale to derive the surface-water area time series. We perform
anomaly detection and manual screening; months affected by residual clouds, snow/ice,
or nonphysical shapes are flagged and retained as gaps without interpolation. To support
seasonal interpretation, we also compute water-occurrence frequency and delineate stable
water extents. These products are used only to illustrate seasonal rhythms and spatial
patterns and are not used as quantitative inputs to S(t).

2.3.5. Two-Stage Model Selection and Sub-Lake Modeling

To ensure robust reconstruction under data-scarce conditions, we adopt a two-stage
strategy combining physics-consistency constraints with ensemble-consensus ranking,
fully leveraging terrain information from multi-source DEMs without relying on external
altimetry during model selection. For each lake, 625 candidate models are generated by
combining five DEMs with multiple hypsometric function families, and monthly water
level, area, and storage time series are inverted accordingly.

Stage 1 applies three physics-consistency hard filters: (i) the minimum pairwise
Spearman rank correlation among area, water level, and storage must exceed 0.95; (ii) the
fraction of months in which area and water level move in opposite directions must not
exceed 0.02; and (iii) non-positive storage values are not permitted. Of the 625 candidates,
403 pass Stage 1 (pass rate 64.5%).

Stage 2 operates independently within each lake–DEM group. A quality filter retains
candidates satisfying R2(H–A) ≥ 0.4, RMSE(H–A) ≤ 2 m and ≤ 10% of the group water-
level range, MAE ≤ 5 m, and SMAPE ≤ 50%, reducing the pool to 354 of the 403 Stage 1
survivors (87.8%). Each retained candidate is then ranked by a joint score J, computed as

J = α Rtemporal + (1 − α)R f it, α = 0.9, (3)

Rtemporal = ∑5
k=1 wkzk, (4)

R f it = 1/2
[
prankg(RMSE(H–A)) + prankg(RMSE(V–A))

]
, (5)

where zk =
|xk−med({xk})|
MAD({xk})+ε

, xk is the k-th endpoint, and med({xk}) and MAD({xk}) are the
within-group median and median absolute deviation. prankg(·) is the within-group empiri-
cal percentile rank (0 best, 1 worst). The endpoint weights w are 0.18, 0.32, 0.14, 0.14, 0.23
for Hstart, Vstart, Hend, Vend, ∆Vrel , respectively. The candidate with the lowest J is selected
as the representative model, and the Top-5 are retained as a backup pool. A cross-DEM
consistency check is then applied to net storage change: if any group’s ∆V deviates from
the cross-DEM median by more than the median’s own absolute value, the representative is
replaced by the closest Top-5 alternative. This check flags 2 out of 35 groups; the remaining
33 pass without modification.

In particular, to address hydrological disconnection driven by Aral Sea shrinkage and to
capture heterogeneous evolution across sub-lake basins, we implement two parallel schemes:
whole-lake modeling under a single-topology assumption, and sub-lake modeling under a
multi-topology assumption. In sub-lake modeling, we construct and invert the geometric
relationships for the WBAS and EBAS basins independently, and then obtain total storage by
volume summation Vtotal = VEBAS +VWBAS. This design keeps the geometric assumptions
stage-consistent with the evolving hydrologic connectivity of the fragmented lake.

2.3.6. Inversion Validation and Uncertainty Assessment

To validate the accuracy of the reconstructed water level and storage, we use
G-REALM satellite altimetry observations as an independent reference. Because timing
mismatches between DEM acquisition and altimetry observations are common, direct
comparisons of absolute elevations and storage may not reflect true temporal changes. We
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therefore reference both series to the first overlapping valid month by subtracting their
values in that month. This shifts validation from absolute magnitudes to relative changes in
water level and storage over time. Altimetry-referenced storage changes are computed by
combining G-REALM water levels with the Landsat-derived area series and by applying
the frustum formula. Finally, using the aligned and renormalized series, we quantify
inversion accuracy with a set of complementary metrics. We use the Pearson correlation co-
efficient (r) and the Spearman rank correlation coefficient (ρ) to assess temporal synchrony
and linear association between reconstructed and observed series. We use the root mean
square error (RMSE) and mean absolute error (MAE) to quantify differences in magnitude.
Together, these metrics provide the basis for evaluating performance across DEM sources
and inversion models. In addition, we quantified uncertainty in the Landsat-derived area
input. Otsu-derived areas were evaluated against manually delineated reference extents for
four sub-lakes across multiple epochs (1993–2020), and agreement was quantified using R2,
median absolute percentage error (MdAPE), MAE, and mean signed bias. Area uncertainty
from a ±0.5-pixel shoreline assumption [30] was propagated through the fitted H–A and
V–A relationships and verified with a 1000-perturbation Monte Carlo test.

2.3.7. Time-Series Trend Analysis and Change-Point Detection

To quantify the long-term evolution of hydrologic variables, we apply nonparametric
methods to analyze trends and detect change points in the time series of area, water level,
and storage change. For each water body, we apply the sequential Mann–Kendall test to
each DEM-based inversion result to identify change points. This approach determines
the change point from the intersection of the forward sequence (UF(k)) and the backward
sequence (UB(k)), and uses |UF(k)| > 1.96 as the significance threshold. We estimate trend
magnitude using Sen’s slope on annual mean values to mitigate seasonal fluctuations. This
estimator is robust to outliers and computes the median of slopes between all data pairs.
We then conduct trend analysis separately for periods before and after the detected change
point, and compare hydrologic evolution across different stages.

3. Results
3.1. Consistency and Differences in Lake-Basin Constraints Across Multi-Source DEMs

Figure 5a–c shows consistent geomorphic patterns across the five DEMs. However,
they differ markedly in internal lake-basin texture and in the nearshore transition zone.
Copernicus preserves the clearest microtopographic layering within the BAS lake basin.
SRTM and NASADEM appear smoother over the same area. In SARY, ALOS exhibits
diagonal stripe artifacts and mosaicking seams, with poorer elevation consistency within
the water body. ASTER GDEM shows high-frequency noise in multiple areas. The profiles
in Figure 5d further indicate that the DEMs closely agree over the flat basin-floor segment.
Disagreements concentrate on both the shore slopes and the slope-break transition zone.
SRTM and NASADEM show synchronous and smooth profile shapes. Copernicus shows
sharper slope breaks. ASTER shows short-wavelength serrations near slope breaks, which
markedly increase profile roughness. ALOS shows local depressions and spikes in areas
such as CHR. These features increase local elevation spread among DEM profiles. The
slope-controlled metric ∆Eslope,95 in Table 2 corroborates these differences. ASTER shows
the largest dispersion across profiles (4.94–10.45 m) and is the main source of ensemble
divergence. ALOS uncertainty amplifies with terrain complexity. It is 2.52–2.84 m in
the BAS, but rises to 6.44 m in the steeper CHR. By contrast, SRTM, NASADEM, and
Copernicus mostly cluster approximately 2–3 m. Overall, multi-source DEM differences do
not mainly reflect shifts in the macroscopic framework. They mainly reflect slope-segment
detail that controls the sensitive end of the H–A relationship.
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Figure 5. Three-dimensional terrain views and representative elevation profiles from five DEMs for
the study of water bodies. (a–c) Three-dimensional views of basin topography and surrounding
terrain derived from SRTM, NASADEM, ASTER, ALOS, and Copernicus; color scales indicate
elevation (m). (d) Elevation profiles extracted along representative transects for each water body,
highlighting cross-DEM differences in basin shape and slope structure. Transect locations are shown
in the inset maps.

Table 2. Multi-DEM slope-related geometric differences along elevation profiles of the water bodies.

DEM Profile SRTM NASADEM ASTER ALOS Copernicus

BAS_EW1 2.83 2.31 4.94 2.84 2.68
BAS_EW2 3.14 3.37 5.55 2.52 2.44

SAS 2.10 2.49 7.37 2.70 2.91
SARY 4.61 3.10 5.19 4.22 2.43
AALS 2.92 2.89 6.58 2.14 2.54
CHR 2.94 2.54 10.45 6.44 2.92

Note: Values are ∆Eslope,95(m), the 95th percentile of the cross-DEM elevation range along each profile, representing
DEM-dependent uncertainty in lake-basin geometry.

3.2. Independent Validation and Ablation Analysis Against G-REALM Altimetry

Figure 6 presents cross-water-body validation of the area series and the reconstructed
water level and storage against G-REALM altimetry. It also includes ablation experiments
to isolate the contribution of key components. As an input-side check, the near-monthly
area series shows very high agreement with G-REALM water-surface elevation (Figure 6a;

https://doi.org/10.3390/rs18050763

https://doi.org/10.3390/rs18050763


Remote Sens. 2026, 18, 763 12 of 25

r = 0.962, ρ = 0.951). This indicates that the area series captures both the phase and relative
amplitude of water-level change. In contrast, the GSWE Monthly History shows weaker
correspondence with altimetry water level (Figure 6d; r = 0.480, ρ = 0.581). This further
supports our area product as a more reliable area input. For output validation, the re-
constructed water-level change ∆H closely matches the altimetry-derived ∆H (Figure 6b;
r = 0.93, ρ = 0.923). Storage change ∆V computed from the V–A relationship also agrees
well with ∆V inferred from altimetry (Figure 6c; r = 0.90, ρ = 0.899). Together, these re-
sults validate the effectiveness of our near-monthly water level–storage reconstruction
framework. The ablation analysis highlights the necessity of below-water geometric ex-
trapolation and multi-source DEM constraints. When modeling uses only the above-
water DEM range, agreement in reconstructed ∆H drops markedly (Figure 6e; r = 0.637,
ρ = 0.608). This indicates that missing below-water constraints distort low-water extrap-
olation. Further, even with below-water reconstruction, selecting a single model using
conventional statistics (highest R2, lowest RMSE) still underperforms our framework
(Figure 6f; r = 0.753, ρ = 0.748). These results suggest that R2/RMSE-based selection
alone cannot ensure stable extrapolation. Multi-source DEM and multi-model consensus
constraints reduce overfitting and improve long-term consistency and transferability.

 
Figure 6. Independent validation of the reconstructions against G-REALM altimetry, together with
two ablation baselines. (a) Comparison between G-REALM water-surface elevation (H) and lake
area (A) derived in this study. (b) Comparison between altimetry-derived water-level change (∆H)
and reconstructed ∆H from the proposed framework. (c) Comparison between altimetry-derived
storage change (∆V) and reconstructed ∆V. (d) Same as (a), but replacing our area series with GSWE
Monthly History area series. (e) Above-water-only baseline that reconstructs ∆H using relationships
constrained by the above-water DEM range. (f) Conventional model-selection baseline after below-
water reconstruction, where the model is selected using highest R2 and lowest RMSE. All variables
are z-score standardized and pooled across water bodies; colors denote water bodies and the dashed
line indicates the 1:1 relationship.

Table 3 reports the per-lake validation results as the median across five DEM inver-
sions. For units with relatively stable topology (SAS, SARY, AALS, and CHR), the median
∆H r ranges from 0.90 to 0.99, with a median RMSE of 0.27–2.56 m. SARY achieves the low-
est median ∆H RMSE (0.27 m). CHR shows the largest (2.56 m), mainly because regulated
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intra-annual water-level fluctuations are harder to reproduce. ∆V agreement is similarly
strong, with a median r of 0.90–0.99 and a median RMSE of 0.94–2.33 km3. This indicates
that the multi-DEM, multi-model ensemble constraints can effectively control extrapolation
errors. For BAS, however, whole-lake modeling still yields high ∆H correlation (r = 0.996)
with a median RMSE of ~3 m, but the median ∆V RMSE increases sharply to 62.70 km3.
After sub-lake separation, EBAS and WBAS yield ∆V RMSE of 7.66 and 15.10 km3, respec-
tively, a substantial reduction from the whole-lake BAS value, while ∆H RMSE remains
comparable (3.35 and 2.58 m).

Table 3. Multi-DEM bathymetry model performance and independent validation of monthly water-
level and storage changes for major lakes in the Aral Sea Basin (1993–2024).

Lake N H–A Fit
RMSE (m)

V–A Fit
RMSE (km3) ∆H r ∆H RMSE

(m) ∆H MAE (m) ∆V r ∆V RMSE
(km3)

∆V MAE
(km3)

SAS 228 0.03
[0.02–0.11]

0.22
[0.04–0.55]

0.963
[0.963–0.963]

0.57
[0.49–0.61]

0.53
[0.45–0.56]

0.961
[0.961–0.961]

2.02
[1.78–2.13]

1.90
[1.66–1.98]

SARY 232 0.33
[0.10–0.77]

1.56
[0.41–3.75]

0.994
[0.994–0.994]

0.27
[0.24–0.35]

0.22
[0.20–0.31]

0.994
[0.994–0.994]

0.94
[0.89–1.29]

0.78
[0.73–1.08]

AALS 197 0.11
[0.07–0.13]

0.71
[0.41–1.25]

0.901
[0.898–0.902]

0.84
[0.79–1.17]

0.64
[0.61–0.96]

0.900
[0.896–0.900]

2.33
[2.28–5.37]

1.79
[1.74–4.78]

CHR 265 0.06
[0.03–1.19]

1.47
[1.20–2.06]

0.949
[0.948–0.953]

2.56
[1.06–3.50]

1.93
[0.64–2.77]

0.919
[0.918–0.919]

1.93
[1.76–2.14]

1.69
[1.63–1.76]

BAS 87 0.14
[0.12–0.15]

8.26
[6.65–9.21]

0.996
[0.994–0.999]

2.90
[0.22–3.90]

2.34
[0.16–3.14]

0.995
[0.995–0.998]

62.70
[4.41–85.56]

52.43
[3.58–72.28]

EBAS 175 0.15
[0.09–0.21]

6.87
[4.01–7.60]

0.856
[0.838–0.859]

3.35
[2.52–3.50]

2.92
[2.13–3.12]

0.895
[0.892–0.906]

7.66
[2.10–14.23]

7.00
[1.69–13.42]

WBAS 175 0.23
[0.09–0.41]

6.11
[5.23–6.94]

0.997
[0.995–0.997]

2.58
[0.54–4.32]

2.21
[0.45–3.79]

0.995
[0.992–0.996]

15.10
[12.89–17.97]

13.46
[11.36–16.06]

Note: For each lake, results across five DEM inversions (SRTM, NASADEM, ASTER, ALOS, Copernicus) are
summarized as median [min, max]. H–A fit RMSE and V–A fit RMSE are model-fitting residuals (H–A and
volume, respectively). Validation metrics (r, RMSE, MAE) are computed from month-matched ∆H and ∆V against
G-REALM; N is the number of matched G-REALM months.

3.3. Expanding Water Bodies

For expanding lakes, multi-source DEM reconstruction can robustly capture both
engineering-driven events and long-term trends. Using SAS and SARY as examples, the
reconstructed storage series reproduces key recovery and expansion phases. These changes
also agree in magnitude with independent altimetry estimates (Figure 7).

For SAS, the reconstruction reflects a clear storage rebound after the completion of
the Kokaral Dam, followed by gradual stabilization (Figure 7a,c,e). The Mann–Kendall
test identifies a turning window during 2004–2005, with the G-REALM change point
falling in the latter part. During 1993–2004, the area declined at ~31.65 km2/yr; after a
minimum in summer 2005, SAS peaked at 3364.63 km2 in May 2006 and stabilized. The
reconstructed storage increases of 7.04–8.36 km3 bracket the G-REALM estimate of 6.48 km3,
with Copernicus showing the largest positive bias (+1.88 km3).

In contrast, Sarygamysh Lake (SARY) shows persistent expansion during 1993–2024
(Figure 7b,d,f). The Mann–Kendall test identifies a significant turning point in April 1999,
after which Sen’s slope indicates an area increase of ~14.92 km2/yr (3452.58 km2 in 1993
to 3915.05 km2 in 2024). Although DEMs show systematic absolute elevation offsets,
∆H results remain highly consistent (mean cross-DEM difference 0.32 m). The cumulative
storage gain of 18.20–19.38 km3 agrees closely with the G-REALM estimate of 20.29 km3.

Overall, for expanding water bodies with stable topology, multi-DEM reconstructions
identify trends and key events consistently. Estimates of changes also converge well. This
provides a reliable baseline for subsequent cross-water-body comparisons.
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Figure 7. Time series of surface area, reconstructed water level, and volume change for the Small
Aral Sea (SAS) and Sarygamysh Lake (SARY) from 1993 to 2024. Panels (a,b) show monthly lake
area (dots) and 12-month rolling mean (line). Panels (c,d) and (e,f) display the water level and
volume change ∆V reconstructed from five different DEMs (colored lines) compared with G-REALM
altimetry (blue dots). The vertical dashed lines indicate the significant regime shift points detected by
the Mann–Kendall mutation test.

3.4. Lake Systems and Reservoirs

The Aydar–Arnasay Lake System (AALS) and the Chardarya Reservoir (CHR) rep-
resent two typical water bodies that are sensitive to shallow-slope terrain. AALS is a
connected lake system, while CHR is controlled by reservoir operations and shows a stable
intra-annual rise and fall. Figure 8 compares area, DEM-based reconstructed water level
and storage change, and G-REALM estimates. It shows that over low-slope shallow-water
terrain, DEM errors translate more readily into storage uncertainty.

For AALS, the area series shows a “fast-then-slow” expansion. During 1993–2005, the
system expanded rapidly. Mean annual area increased from 1937.32 km2 to 3306.91 km2, a
70.7% rise. The Mann–Kendall test identifies a significant change point in April 1995. Dur-
ing 1993–1995, the expansion rate was 420.30 km2/yr. After 1995, it drops to 6.67 km2/yr.
The system then remains on a high-area plateau for a prolonged period (Figure 8a). Long-
term trends in storage change are broadly consistent across DEMs, but peak magnitude
diverges. Comparing cumulative storage changes over 1993–2024, SRTM, NASADEM,
ASTER, and Copernicus indicate a cumulative gain of 13.73–14.39 km3, with a small in-
ternal spread. ALOS is systematically lower, with a cumulative gain of 9.8 km3, about
3.93–4.59 km3 less than the other four DEMs. The G-REALM mean annual gain is 12.44 km3,
falling between the two groups (Figure 8e). Differences are more pronounced at high-water
stages. Over the full record, the peak monthly storage change reaches 24.36 km3 for
NASADEM but only 16.22 km3 for ALOS, a peak difference of 8.14 km3. AALS includes
extensive shallow flats and spill depressions. Once the lake surface covers these flats,
small vertical DEM errors can rapidly translate into large storage differences. As a result,
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disagreement across DEMs mainly appears in peaks and fluctuation amplitude, rather than
in the direction of long-term change.

CHR shows a stable intra-annual cycle in both area and water level (Figure 8b,d).
G-REALM provides an intra-annual regulation range of 4.13 ± 0.69 km3. Copernicus and
ALOS bracket this closely at 4.56 ± 1.04 km3 and 3.61 ± 0.83 km3, while SRTM, NASADEM,
and ASTER show amplified water-level ranges (12.44–14.74 m vs. G-REALM 7.52 ± 1.36 m),
reflecting error amplification over the flat reservoir basin. Despite amplitude differences,
all reconstructed series remain in phase with G-REALM, confirming that the near-monthly
area series stably captures the reservoir’s operational rhythm.

Figure 8. Time series of surface area, reconstructed water level, and volume change for the
Aydar–Arnasay (AALS) and Chardarya (CHR) from 1993 to 2024. Panels (a,b) show monthly lake
area (dots) and 12-month rolling mean (line). Panels (c,d) and (e,f) display the water level and
volume change ∆V reconstructed from five different DEMs (colored lines) compared with G-REALM
altimetry (blue dots). The vertical dashed lines indicate the significant regime shift points detected by
the Mann–Kendall mutation test.

Overall, differences across DEMs for AALS and CHR mainly appear in peak values and
fluctuation amplitude, while long-term trend directions are broadly consistent. For AALS,
uncertainty concentrates in peak storage estimates when high water covers shallow flats.
For CHR, it concentrates on amplification or compression of the intra-annual regulation
range. Over low-slope shallow-water terrain, multi-source DEM ensemble constraints help
suppress amplitude bias introduced by noise in any single DEM, and improve robustness
for cross-water-body comparison.

3.5. Terminally Shrinking Lakes

Figure 9a documents the evolution of the Big Aral Sea (BAS) from a continuous water
body to a fragmented lake-basin system. In 1993, BAS still covered 32,986 km2, but it declined
persistently during 1993–2024, with a Sen’s slope of −1016.31 km2/yr. After disconnection,
the East Basin (EBAS) shrank most severely. Its area decreased from 24,780 km2 to 241.14 km2

with a Sen’s slope of −826.84 km2/yr, and the main basin largely desiccated and transi-
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tioned into a seasonal wetland. The West Basin (WBAS), as the remaining deep-water pool,
decreased from 8197.76 km2 to 1968.80 km2 at −195.93 km2/yr. The Mann–Kendall test
identifies a key morphological transition in 2007–2008. Segment-wise trend analysis shows
that EBAS maintained a high shrinkage rate both before and after the change point. In
contrast, WBAS shrinkage slowed substantially after the change point; the shrinkage rate
magnitude decreased from 285.80 km2/yr to 144.36 km2/yr, consistent with a relatively
stable deep-water remnant. Figure 9b shows that multi-source DEM reconstructions agree
on the overall declining water-level trend, but whole-lake modeling indicates divergent
cumulative drawdown. SRTM produces the largest drop, with ∆H of 20.70 m, whereas
Copernicus produces the smallest, with ∆H of 12.97 m. Compared with G-REALM, the de-
tected change point for EBAS is broadly consistent: G-REALM indicates July 2008, while the
reconstruction indicates April 2007. For WBAS, however, the altimetry-based change point
is markedly delayed: G-REALM indicates May 2016, whereas the reconstruction indicates
November 2012. This ~4-year offset is attributable to the much shorter G-REALM obser-
vation window for WBAS (2005–2024 only; see Figure 2), which truncates the pre-change
baseline and shifts the detected turning point later, rather than indicating a systematic
reconstruction bias.

 
Figure 9. Time series of surface area, reconstructed water level, and volume change for the
BAS, EBAS, and WBAS from 1993 to 2024. (a) Monthly surface water area derived from Landsat.
(b) Reconstructed lake surface elevations derived from multi-DEM hypsometry. (c) Reconstructed
water storage changes relative to the initial state. (d) Absolute water storage variations estimated
from multi-DEM sources. Vertical dashed lines mark significant regime-shift dates detected by the
Mann–Kendall test for the 5-DEM reconstructed series and the G-REALM altimetry series. Note
that G-REALM observation windows differ across sub-lakes (BAS: 1993–2008; EBAS and WBAS:
2005–2024; see Figure 2), so the G-REALM-derived change points are not directly comparable with
those from the full 1993–2024 reconstruction.
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Figure 9c,d further demonstrates the decisive effect of whole-lake modeling versus
sub-lake modeling on storage estimates. Under the single-topology assumption, whole-
lake modeling relies on early DEMs (SRTM, NASADEM, ASTER, and ALOS), which
were acquired at relatively high-water levels and therefore lack below-water detail at
low elevations. This leads to systematic overestimation of the initial 1993 storage, with
estimates of 353.75, 314.44, 322.64, and 278.32 km3, as shown in Figure 9(d1). It also inflates
the estimated 1993–2024 cumulative storage changes to −351.69, −312.64, −320.79, and
−276.83 km3, as shown in Figure 9(c1). By contrast, the Copernicus-based reconstruction
provides a cumulative storage change of −214.30 km3, closest to the G-REALM estimate of
−210.68 km3, and the time series curves align closely. After introducing sub-lake modeling,
estimates from different DEMs converge overall (Figure 9d). For SRTM, the mean annual
loss rate decreases from −11.34 km3/yr under whole-lake modeling to −8.01 km3/yr,
and the cumulative change becomes −248.38 km3 (Figure 9(c2)), which is much closer to
the G-REALM mean estimate of −6.80 km3/yr. NASADEM and ASTER also converge to
−7.17 and −8.20 km3/yr, respectively. These results indicate that, for early DEMs or DEMs
with limited below-water detail, explicitly accounting for fragmented lake topology is
essential to reduce structural bias and restore comparability of long-term storage trends.

4. Discussion
4.1. Accuracy and Uncertainty of the Otsu-Derived Area Series as Reconstruction Inputs

We validated the Otsu-derived water areas against manually delineated reference poly-
gons for the Aral Sea sub-lakes over 1993–2020 (Figure 10a–c). Overall agreement is high
(R2 = 0.997, MdAPE = 1.8%, MAE = 276.3 km2). Positive biases for BAS (+259.8 km2) and EBAS
(+273.6 km2) are concentrated in 2008–2016, when the eastern Big Aral Sea approached
desiccation and the broad, shallow seasonal water bodies [18] produced blurred water–
sediment boundaries under near-dry conditions. SAS and WBAS show small negative
biases of −26.1 and −14.9 km2, likely due to sub-pixel mixing at the water–land boundary:
when edge pixels have spectra between water and land, a single threshold tends to label
them as non-water, causing a slight underestimation of water area [29]. For near-monthly
image compositing, we applied a ±10-day temporal buffer to compensate for data scarcity
in the early record. Figure 10d shows that the median buffer-filled fraction is very low for
most lakes throughout the record; only in the autumn–winter of 1993 does it reach ~48%
over the Big Aral Sea region, because Landsat 5 was the only sensor available at that time.
As shown in Section 3.2, our area series correlates much more strongly with G-REALM
water levels (r = 0.962) than the GSWE Monthly History product (r = 0.480), indicating
that our area extraction and quality-control strategy effectively mitigates incomplete lake-
surface mapping caused by poor early image quality or high cloud cover and data scarcity
in autumn–winter seasons. Figure 10e,f presents the propagated area-uncertainty results.
The median σH = 0.065 m and σV = 0.185 km3 across all lakes and DEMs, which are small
relative to the reconstructed signals (∆H = 2–20 m, ∆V = 10–350 km3). Uncertainty depends
mainly on shoreline complexity rather than DEM source: from WBAS to AALS, median
σH increases 17-fold from 0.03 to 0.51 m and σV increases 26-fold from 0.06 to 1.54 km3,
while inter-DEM coefficients of variation remain below 10%.

4.2. Multi-Source Cross-Validation of Reconstructed Water Levels

Since each altimetry platform differs in orbit geometry, footprint size, and waveform-
processing strategy [6], the G-REALM-only validation in Section 3.2 requires multi-
source corroboration. We cross-checked reconstructed water levels against DAHITI [31],
Hydroweb, and ICESat/ICESat-2 [32] for six lakes (Figure 11). Topologically stable lakes
(SAS, SARY, CHR) yield median r = 0.93–0.99 and RMSE = 0.21–2.50 m across the three
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platforms; WBAS yields r ≥ 0.97. The cross-DEM IQR of r is very narrow (<0.01) for each
lake-platform pair, confirming that validation outcomes are insensitive to DEM choice.
These results confirm that the G-REALM-based conclusions are not an artifact of the
reference chosen. A notable divergence appears for WBAS after ~2020: DAHITI stabi-
lizes near ~23.5 m, while G-REALM and ICESat/ICESat-2 record continued decline to
~20 m. Radar altimetry over shrinking lakes is susceptible to waveform contamination
from exposed land [6,33], and different processing strategies handle contaminated returns
differently [31,34]. ICESat-2 laser altimetry (~17 m footprint) [32], being less susceptible to
land contamination, supports the continued-decline interpretation. After removing trends
and monthly climatology, the five natural lakes yield a median r = 0.92 against G-REALM;
for CHR, the detrended residual correlation is lower (r = 0.66) because individual regulation
events are governed by management decisions rather than by terrain geometry, yet the
full (non-detrended) reconstruction remains in phase with G-REALM and reproduces the
intra-annual regulation cycle (Section 3.4).

Figure 10. Accuracy and uncertainty assessment of the Otsu-derived monthly water-area series.
Panel (a) compares Otsu-derived areas with manually delineated reference areas for the four Aral
Sea sub-lakes (SAS, BAS, EBAS, and WBAS) over the validation epochs from 1993 to 2020. The
dashed line shows the 1:1 reference. Panels (b,c) map the reference and Otsu-derived water extents
for the same epochs, with colors indicating year and month. Panel (d) summarizes the contribution
of temporal buffering as the share of water pixels supported by buffer-filled observations, and the
dashed line marks the median for each lake. Panels (e,f) show how a ±0.5-pixel shoreline uncertainty
propagates into water-level uncertainty σH and storage uncertainty σV . Lakes are ordered by shoreline
complexity, and the boxplots show the median and interquartile range with 1.5 × IQR whiskers,
while points are colored by DEM source.

4.3. Complementary Multi-DEM Hypsometry for Reducing Low-Water Extrapolation Uncertainty
Caused by Missing Bathymetry

Submerged topography is often unavailable [8], so DEMs acquired at different wa-
ter levels serve as the primary geometric constraint. As noted by Liu et al. [12], each
DEM’s effective range is limited to its acquisition water level; extrapolating beyond that
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range can produce oscillations or nonphysical departures (Figure 12). For expanding
SAS, the 1993–2000 low-water period lies outside early DEM coverage, causing large
∆V oscillations with ASTER. For shrinking EBAS and WBAS, water levels dropped below
DEM-constrained ranges, producing nonphysical water-level departures. The Copernicus
DEM, acquired during 2010–2015 [35], captures more of the shrinking Aral Sea’s basin
geometry and therefore performs best for these lakes (Section 3.1; Figure 12a). We there-
fore treat DEMs from different epochs as complementary sources and build a candidate
ensemble across five DEMs and multiple function families. Two-stage screening extracts
ensemble-level consensus constraints, so that even if one DEM lacks low-elevation terrain,
others compensate—particularly important for lakes with low-gradient shorelines, shallow
flats, and saline-crust surroundings [19].

Figure 11. Multi-source altimetry water-level records for the six study lakes. Each panel compares
G-REALM monthly and 10-day observations, DAHITI, Hydroweb, and ICESat/ICESat-2 [32].

4.4. Sub-Lake Modeling to Correct Storage Bias Induced by Lake Disconnection

For persistently shrinking lakes, reconstruction errors are not driven solely by missing
terrain detail. When a lake fragments into multiple sub-lakes, continued use of a single
whole-lake H–A–V relationship introduces structural bias. The Big Aral Sea illustrates this
clearly: during 2007–2009, it split into eastern and western water bodies [36,37], requir-
ing separate sub-basin modeling to remain stage-consistent [38]. Continued whole-lake
modeling incorrectly counts the exposed ridge–saddle zone as effective water-body geome-
try, inflating storage at low levels and overstating long-term losses (Figure 9c,d). Table 3
(Section 3.2) confirms that storage error is controlled not only by DEM quality but also by
topology change: topologically stable units show strong ∆V agreement with G-REALM,
whereas BAS whole-lake modeling produces a sharply higher ∆V RMSE despite compa-
rable ∆H accuracy. We therefore use the remote-sensing area series to detect connectivity
changes and, once connectivity breaks, build independent H–A–V relationships for EBAS
and WBAS [39,40]. This approach reduces the SRTM-based mean annual loss rate from
−11.34 to −8.01 km3/yr (Figure 9), substantially correcting cumulative bias.
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Figure 12. Multi-DEM hypsometric curves and extrapolation failure under simplified model selection.
(a) Area–elevation relationships of the major study water bodies derived from five DEM products.
Hypsometric curves were extracted at 1 m vertical intervals above the water surface from SRTM,
NASADEM, ASTER, ALOS, and Copernicus DEMs. The light blue shading marks the observed
surface-area range over 1993–2024. (b) Representative low-water extrapolation failure cases in storage
change (SAS) and water-level reconstruction (EBAS, WBAS) under simplified ranking rules.

4.5. Lake Evolution Under Climate Change and Human Activities

Using the near-monthly area and storage series, we characterize storage variability
among major water bodies in the Aral Sea Basin during 1993–2024 (Figure 13; Table 4). The
Small Aral Sea stabilized after the Kokaral Dam completion in 2005, as also indicated by
the MK change point in June 2004 (Figure 9). The Chardarya Reservoir shows no significant
long-term trend under irrigation scheduling [41]. The Aydar–Arnasay Lake System ex-
panded rapidly in the 1990s following episodic spill events [42], with the April 1995 change
point marking a sharp deceleration. Sarygamysh Lake exhibits persistent expansion driven
by irrigation drainage [43], with cumulative storage gain of 18.20–19.38 km3, close to the
G-REALM estimate of 20.29 km3.

By contrast, the Big Aral Sea shows severe long-term shrinkage (Section 3.5; Table 4).
The WBAS change-point lag between reconstruction and G-REALM (November 2012 vs.
May 2016) reflects asymmetric observation windows rather than a reconstruction bias;
G-REALM is used here for magnitude validation only.

These patterns reflect compounded climate and human drivers. Under warming,
water deficits intensify [44] and evaporation losses accelerate [18]. During 2000–2020,
cropland increased by 2291 km2 and reservoir area by 1183.5 km2 [45], and 16–34% of runoff
was lost through midstream diversion [39]; groundwater contributions remain uncertain
(0–30 km3/yr) [46,47]. The ~20 km3 storage gain in SARY is consistent with a basin-wide
pattern of upstream retention and downstream drainage dominance, aligned with the
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reported decoupling of arid-region storage from precipitation [48]. The near-monthly
storage series better captures these compounded signals than area-only monitoring.

Table 4. Mann–Kendall change points and ∆V Sen’s slope for major water bodies in the Aral Sea Basin.

Lake

Reconstructed (5-DEM Median) G-REALM (Validation Reference)

Change
Point

Pre-Change
(km3/yr)

Post-Change
(km3/yr)

Full Period
(km3/yr)

Change
Point

Pre-Change
(km3/yr)

Post-Change
(km3/yr)

Full Period
(km3/yr)

SAS 2004-06 −0.7 −0.14 0.1 2005-06 −0.36 −0.14 0.17
SARY 1999-04 3.18 0.69 1.16 1998-11 3.17 0.7 1.2
AALS 1995-04 7.45 0.25 c 0.45 1994-06 3.59 0.02 0.26
CHR -- -- -- −0.04 -- -- -- −0.06
BAS

(whole-lake) 2008-07 −43.82 −1.6 −7.83 2012-06 −19.12 −1.71 −4.88

BAS
(sub-lake) a

2009-06 to
2012-04 −24.09 −0.87 −4.21 2012-06 b −19.12 −1.71 −4.88

Note: All change points are significant at α = 0.05 unless marked n.s. a DEM-to-DEM spread: ASTER (2009-06) to
Copernicus (2012-04). b G-REALM windows differ across sub-lakes (BAS: 1993–2008; EBAS/WBAS: 2005–2024;
see Figure 2); sub-lake G-REALM change points are for magnitude reference only. c Not significant.

Figure 13. Intra-annual variability and seasonal regimes of large water bodies in the Aral Sea Basin
(1993–2024). (a) Spatiotemporal matrix heatmaps displaying monthly surface water area dynamics (grey
pixels indicate data gaps due to quality control). (b) Multi-year mean monthly stable water area (recurrence
≥ 80%). (c) Relative seasonal pattern of stable water area, normalized by the lake-specific maximum.

4.6. Framework Robustness and Limitations

We tested the consensus selection method across 33 sensitivity scenarios (Figure 14).
Selection consistency exceeds 88.6% for α ≥ 0.5 and reaches 100% at α = 0.8–0.9; pure
fit-based ranking (α = 0) reduces consistency to 20% while increasing cross-DEM ∆V RMSE
by ~80% (Figure 14a). Under ±50% endpoint weight perturbation, consistency remains
≥ 97.1% (Figure 14c). Three simplified ranking rules perform similarly in overall median
∆V r (0.959–0.961), but produce substantially higher worst-case RMSE for fragmented lakes:
EBAS median 7.66 km3 (this study) vs. 63.07 km3 (Single-RMSE, 8×); WBAS 15.10 vs.
53.32 km3 (Figure 14b). The cross-DEM posterior check flags the same 2/35 groups in all
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33 scenarios, indicating structural rather than chance anomalies. Because the framework
uses only globally available data without in situ calibration, it is directly transferable.
Similar DEM-area approaches have been applied at global [12] and regional scales [17];
Yuan et al. [24] demonstrated that DEM choice significantly affects storage estimates, which
motivates the consensus-regularized selection adopted here.

Figure 14. Sensitivity and robustness of the two-stage consensus model selection. (a) α-sweep:
selection consistency (left axis) and median ∆V RMSE vs. G-REALM (right axis); green band marks
α = 0.8–0.9. (b) Per-lake ∆V RMSE for four selection strategies. (c) Selection consistency under
22 endpoint weight perturbation scenarios.

Two main sources of uncertainty remain. First, DEM vertical errors are spatially
heterogeneous and depend on slope and land cover [49]; over shallow flats and salt-crust
surroundings, local biases propagate through the area-to-volume mapping. The multi-DEM
ensemble treats these as inter-model spread but cannot eliminate correlated errors shared
across DEMs. Second, below-water reconstruction assumes bathymetry continues from
surrounding topography [9]; long-term sedimentation and erosion can reshape lakebed
microtopography. For lakes with limited DEM coverage or a very small area, supplemen-
tary constraints, such as satellite altimetry or field surveys, would be needed. Future
work should integrate SWOT observations for denser spatial water-level constraints [50]
and explore causal inference frameworks to better separate climate variability, reservoir
regulation, and water-use shifts as drivers of lake evolution [51].

5. Conclusions
In arid-zone water resource management and water-security assessment, changes in

water-body volume are key indicators of water availability and regulation performance.
However, insufficient geometric constraints at low water levels, together with hydrologi-
cal disconnection, can cause unstable extrapolation of water level–storage relationships.
This undermines the continuity and comparability of long-term storage time series. To
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address this, we develop a reconstruction framework that integrates multi-source DEM
constraints with the Landsat monthly area series. By complementing low-water geome-
try, the framework enables continuous long-term storage reconstruction without in situ
bathymetric surveys. To improve extrapolation reliability, we propose a two-stage selection
strategy. From a multi-DEM, multi-model candidate set, we remove models with unstable
extrapolation or overfitting and extract cross-source consistent geometric constraints. This
strengthens reconstruction robustness at low water levels. Independent validation against
G-REALM altimetry shows strong agreement in both temporal variability and magnitude.
Correlation coefficients reach 0.93 for water level and 0.90 for storage change. Performance
is markedly better than reconstructions constrained only by above-water topography,
r ≈ 0.637, or selected using conventional model-screening strategies, r ≈ 0.753.

Across three hydrologic–geometric settings, the framework yields consistent quantita-
tive results. For expanding lakes, reconstructed storage gains for SAS (~7.0–8.4 km3) and
SARY (~18.2–19.4 km3) agree closely with G-REALM estimates of 6.48 and ~20.3 km3. For
lake systems and reservoirs, AALS storage gains converge across DEMs at 13.7–14.4 km3,
comparable to the G-REALM estimate of ~12.4 km3. CHR intra-annual regulation ranges
from Copernicus and ALOS, which are 4.56 ± 1.04 km3 and 3.61 ± 0.83 km3, bracketing
the G-REALM value of 4.13 ± 0.69 km3. Peak storage for AALS remains sensitive to
DEM noise over shallow flats, with a peak spread of ~8.1 km3. For terminally shrinking
lakes, sub-lake modeling reduces the SRTM-based cumulative loss from −351.7 km3 to
−248.4 km3, substantially correcting structural bias from missing below-water terrain detail.
The Copernicus whole-lake reconstruction affords −214.3 km3, closest to the G-REALM
estimate of −210.68 km3. These results confirm H1–H3: multi-DEM consensus screening
and topology-aware modeling together deliver robust, transferable storage reconstruction
across contrasting arid-zone settings. Overall, this study provides a transferable framework
for continuous and comparable storage reconstruction for arid-zone lakes under degraded
low-water constraints and hydrological disconnection.
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