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Highlights

What are the main findings?

e  We developed optimized regional empirical models by integrating field-based bathy-
metric surveys of 10 proglacial lakes, showing superior performance in volume and
depth estimation compared to 14 established global formulas.

e  Spatiotemporal reconstruction reveals a significant and heterogeneous expansion from
1990 to 2020, with lake volumes in the Nyaingentanglha range increasing by 92.9%
over the past three decades.

What is the implication of the main finding?

e  These refined scaling relationships offer critical parametric constraints for satellite-
based monitoring, substantially improving the accuracy of GLOF hazard assessments
and peak discharge estimations across the Himalaya and Nyaingentanglha Range.

Abstract

Volume quantification of proglacial lakes is a fundamental prerequisite for reliable hy-
drodynamic modeling and peak discharge estimation during glacial lake outburst floods
(GLOFs). In this study, we integrated in situ bathymetric surveys of 10 proglacial lakes
across the Himalaya and Nyaingentanglha ranges with a comprehensive regional dataset
to derive optimized empirical models for lake volume and maximum depth. The predictive
robustness of these models was rigorously validated using statistical error metrics and
independent datasets. Comparative analysis with 14 established formulas demonstrates
that our region-specific models yield superior performance in capturing local geomorpho-
logical characteristics. Leveraging these refined scaling relationships, we reconstructed
the spatiotemporal volume changes in proglacial lakes across the study region from 1990
to 2020. Our analysis reveals significant lake expansion over the past three decades: lake
volumes in the Western and Central Himalayas increased by 46.7% and 46.4%, respectively.
Notably, the Eastern Himalayas exhibited a volume increase of 51.5%, while the Nyainqgen-
tanglha Mountains experienced a substantial expansion of approximately 92.9%. These
findings provide critical parametric constraints for satellite-based hydrological monitoring
and significantly enhance the reliability of GLOF hazard assessments in the Himalaya and
Nyaingentanglha ranges.
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1. Introduction

Climate warming has driven a global glacier mass loss rate of 273 4- 16 Gt yr~! during
the period 2000-2023. Relative to the 2000-2011 baseline, the average annual mass loss
from 2012 to 2023 increased by 36% =+ 10%, underscoring an accelerating trend in glacier
ablation [1]. From 1980 to 2018, the Asian Water Tower (AWT) exhibited a warming rate of
0.42 °C per decade, approximately double the global average [2,3]. Global warming has
induced a negative mass balance and continuous retreat of glaciers in the AWT region, lead-
ing to a cumulative mass loss of 340 Gt and triggering the rapid expansion of glacial lakes.
Over recent decades, mountain glacial lakes across High Mountain Asia (HMA) have expe-
rienced significant expansion in surface area and drastic fluctuations in water storage, with
long-term hydrological evolution patterns exhibiting distinct regional differentiation [4].

Glacial lakes are typically defined as natural impoundments originating from melt-
water derived from contemporary glaciers or situated within glacial terminal moraines.
Taxonomically, they are categorized based on their spatial proximity to the glacier terminus
into proglacial, supraglacial, and subglacial lakes [5]. As critical freshwater reservoirs in the
high-mountain cryosphere, glacial lakes demonstrate high sensitivity to climate change [6].
Between 1990 and 2018, the number, surface area, and volume of glacial lakes globally
increased by 53%, 51%, and 48%, respectively [7]. Notably, proglacial lakes expanded at a
markedly higher rate compared to other categories. Between 2018 and 2022, proglacial lakes
comprised 83% of the total areal expansion of glacial lakes [8]. Moreover, lake-terminating
glaciers typically undergo more severe negative mass balances than their land-terminating
counterparts. Thermal convection in proglacial lakes intensifies subaqueous ablation and
calving, thereby driving lake expansion [9-11]. By the end of this century, cryospheric
degradation across the Third Pole is projected to significantly amplify the total water
volume of proglacial lakes on the Qinghai-Tibet Plateau [12]. This acceleration is driven
by warming-induced calving and subaqueous melting, which create a positive feedback
amplifying lake expansion [13].

Terminal moraine dams of proglacial lakes typically comprise coarsely graded glacial
till characterized by poor sorting and reduced geotechnical stability [14]. External trig-
gers, such as mass movements, such as ice/rock avalanches, or extreme precipitation, can
destabilize these moraine dams, leading to catastrophic breaches [15-18]. Glacial lake
outburst floods (GLOFs) are characterized by exceptionally high peak discharges and
hydraulic impacts that significantly exceed those of seasonal monsoon floods, thereby
exerting profound geomorphic influence and catastrophic destructive capability. These
events significantly reshape the downstream channel morphology and cause severe damage
to critical infrastructure, including bridges, highways, and hydropower facilities [19,20].
Global assessments indicate that GLOFs expose approximately 15 million people to poten-
tial risk [21]. Downstream communities have suffered substantial socioeconomic losses
and fatalities attributable to these hazardous events. For instance, on 5 July 2016, the Gong-
batongsha GLOF devastated downstream infrastructure, including the Araniko Highway
and the Upper Bhotekoshi Hydropower Station, causing an estimated economic loss of
$70 million [22]. Similarly, on 3 October 2023, a GLOF at South Lhonak Lake in Sikkim,
India, caused 55 fatalities and 74 missing individuals, with over 25,900 buildings inundated
and 31 major bridges destroyed [15]. Sustained glacial recession and lake expansion are

https://doi.org/10.3390 /1518132249


https://doi.org/10.3390/rs18132249

Remote Sens. 2026, 18, 2249

30f17

expected to amplify the frequency of GLOFs. In the High Mountain Asia region, GLOF risk
exposure is projected to triple by 2100 [17].

Hydrodynamic numerical models are widely used to quantify the magnitude of
GLOFs and assess their downstream consequences [15,23-26]. However, the reliability
of these assessments is constrained by the precision of the input data. In this context,
the volume of glacial lakes constitutes a governing parameter in GLOF simulations [19].
It directly affects major hydraulic outputs, specifically total flood volume and peak dis-
charge [15,26-28]. Consequently, underestimating lake volume during risk characterization
may yield erroneous predictions of flood magnitude, potentially obscuring the true severity
of the GLOF [29,30].

The most accurate approach for quantifying glacial lake volume remains in situ bathy-
metric surveys utilizing platforms such as unmanned surface vehicles (USVs) [27,31,32].
However, the inaccessibility and harsh climatic conditions characterizing the high-altitude
environments of the Himalaya and Nyaingentanglha ranges render extensive field cam-
paigns logistically prohibitive. Consequently, high-resolution bathymetric datasets for
most proglacial lakes remain sparse. To address this data gap, various methodologies have
utilized satellite remote sensing to derive bathymetry for large glacial lakes [33-35]. In
complex alpine terrains, the acquisition of satellite-derived bathymetry is severely hindered
by environmental constraints, notably persistent cloud cover, seasonal ice formation, and
high turbidity. Furthermore, the attenuation of electromagnetic signals within the water col-
umn fundamentally limits the penetration depth and vertical accuracy required for precise
subaqueous topographic mapping [36-38]. Given these limitations, empirical area-volume
scaling relationships are widely adopted to approximate glacial lake volumes [31,39-52].
Nevertheless, conventional empirical formulas are predominantly derived from datasets
originating in the Alps or Andes, which introduces geographical bias and constrains their
transferability to other cryospheric regions [30,45,53,54]. Moreover, available in situ bathy-
metric data in the Himalayas are spatially biased toward the central region, precluding
a representative characterization of proglacial lakes across the broader Himalaya and
Nyaingentanglha ranges [24,31].

Accelerated global warming has intensified the retreat of parent glaciers, resulting in
significant expansion of proglacial lake surface areas and modifications to basin bathymetry.
These dynamic changes undermine the applicability of static empirical formulas derived
from historical data [55,56]. Consequently, contemporary in situ measurements are impera-
tive for validating, calibrating, and refining volume estimation models, thereby enhancing
the precision of water storage capacity assessments for proglacial lakes in the Himalaya and
Nyaingentanglha ranges [7,57]. Although growing attention has been devoted to glacial
lake areal dynamics, long-term quantitative understanding of changes in lake volume
across the study region from 1990 to 2020 remains limited, while the driving mechanism
linking multi-decadal lake water storage variation to regional climate change still lacks
targeted quantitative investigation. This study collates new field observations and exist-
ing literature to construct a comprehensive bathymetric database, mitigating the scarcity
of observed depth data in these regions. The dataset encompasses bathymetric data for
79 proglacial lakes, comprising 10 newly surveyed lakes across the Central Himalaya,
Eastern Himalaya, and Nyaingentanglha, supplemented by 69 records compiled from
existing studies. Using this integrated dataset, the study investigates new relationships
among key geomorphological parameters of the lakes. The objectives are threefold: (1) to
expand the observational database of proglacial lake bathymetry across the Himalaya and
Nyaingentanglha; (2) to derive regional empirical formulas for estimating lake volume
and maximum water depth, quantitatively characterizing the scaling relationships among
volume, depth, and area; and (3) to systematically evaluate the accuracy and uncertainty of
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the proposed models against prevailing established equations. The empirical framework
presented here provides critical parametric constraints for GLOF hazard assessment in the
Himalaya and Nyaingentanglha region.

2. Study Area

Situated along the southern edge of the Qinghai-Tibet Plateau, the study re-
gion comprises the Himalaya and Nyaingentanglha Ranges (72°46/39”"E-97°52'53"E,
26°39/32"N-35°51'8"N), covering a total area of approximately 791,000 km? (Figure 1a).
This region is physiographically subdivided into four distinct sectors: the Eastern Himalaya
(166,000 km?), Central Himalaya (256,000 km?), Western Himalaya (194,000 km?), and the
Nyaingentanglha Mountains (175,000 km?) (Figure 1b). The topography is characterized
by extreme vertical relief, with local elevation gradients ranging from 6000 to 7000 m.
Notably, 10 of the 14 peaks worldwide that exceed 8000 m are located in the Himalayas [58].
The Indian Summer Monsoon serves as the dominant moisture source for the southern
Himalayas and the eastern Nyaingentanglha Mountains. In contrast, the northern and
western flanks are governed by continental cold high-pressure systems and westerly in-
teractions, resulting in predominantly arid conditions and a scarcity of precipitation [59].
Moreover, precipitation exhibits a pronounced longitudinal gradient, decreasing from east
to west, with the southern slopes receiving approximately 6 to 7 times more precipitation
than the northern slopes [60,61]. Despite a general trend towards increased wetness across
the Qinghai-Tibet Plateau, substantial regional and seasonal variability persists [62]. In
addition, the region demonstrates prominent Elevation-Dependent Warming [63,64], with
a warming rate of approximately 0.5 °C per decade at elevations exceeding 4000 m [65].
The study area is characterized by intense neotectonic activity driven by the collision of
the Indian and Eurasian plates. The regional tectonic framework is primarily controlled
by major fault systems, notably the Main Central Thrust (MCT) and the Southern Tibet
Detachment System (STDS) [66].

Tectonic uplift of the Himalayas has shaped the steep terrain and intensified the Asian
monsoon circulation, thereby creating critical topographical and climatic prerequisites for
the widespread formation of glaciers and glacial lakes [67,68]. The Himalayas currently
contain 20,431 glaciers, with a combined area of approximately 19,679 km? [59]. In the
Nyaingentanglha Mountains, approximately 6860 glaciers cover an area of 9600 km?,
representing a glacial lake volume of 835.3 & 31.3 km? [69]. In recent decades, proglacial
lakes in this region have exhibited rapid expansion. Between 1990 and 2020, the number
of proglacial lakes in the Himalayas increased by an average of 155 per decade, with
the total surface area expanding by 20.9 4 1.02 km? decadally. This trend accelerated
between 2000 and 2020, marked by a decadal increase of 179 lakes and an area expansion
of 23.83 + 1.55 km? [31]. The study area encompasses multiple countries, including China,
Nepal, Bhutan, India, and Pakistan, and supports a population of tens of millions. Critical
infrastructure, exemplified by the Qinghai-Tibet, Sichuan-Tibet, and China—Nepal railways,
traverses this region. GLOFs pose substantial threats to infrastructure and socioeconomic
stability [21]. Although the recent frequency of GLOFs in the Himalayas remains debated,
multiple studies project an increase in their occurrence in the coming decades [12,70,71].
Accelerated glacier retreat, intense erosion, weathering, and active tectonics collectively
foster conditions conducive to GLOFs. Consequently, precise quantification of glacial
lake volume and maximum depth, alongside a rigorous assessment of outburst hazards
and potential downstream impacts, is imperative for regional disaster risk reduction and
sustainable development.
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Figure 1. Geographical setting of the study area, (a) location of the Himalaya and Nyaingentanglha
Ranges within High Mountain Asia, (b) spatial distribution of glaciers, proglacial lakes, and lake
depth measurement sites, (c-1) photographs of in situ bathymetric surveys conducted in this study.

3. Data and Methods

This study was conducted following the technical workflow (Figure 2). First, high-
quality in situ bathymetric records of proglacial lakes across the Himalaya and Nyain-
gentanglha ranges were systematically collected from published literature and integrated
with field survey data obtained in this study. All lake samples included in the analysis
were measured using consistent types of bathymetric equipment, thereby guaranteeing
the accuracy and uniformity of the original data. The integrated samples were compiled
into a comprehensive dataset, which was randomly divided into a modeling subset and an
independent validation subset at a ratio of 8:2. Based on the power-law function, regional
empirical relationships between lake area and water storage were established for proglacial
lakes in the study area. Second, relying on the existing historical vector dataset of proglacial
lakes, the OTSU threshold segmentation method combined with visual interpretation
was adopted to extract and reconstruct the long-term lake area time series from 1990 to
2020. Subsequently, the validated area—storage empirical formula was applied to estimate
the water storage of individual proglacial lakes using interpreted lake area data. Finally,
the spatiotemporal variation characteristics of proglacial lake water storage over the past
30 years were systematically analyzed.
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Figure 2. Workflow of the research methodology.

3.1. Bathymetric Data Acquisition and Model Development

High summer temperatures result in ice-free conditions on glacial lakes, rendering
this period optimal for hydrographic surveys. Accordingly, in situ bathymetric surveys
were conducted on ten representative glacial lakes in the Himalaya and Nyaingentanglha
ranges between July and September 2024 (Figure 1b). The study sites include Qiangzongke
Co, Sangwang Co, Niangzongmajue, Jialangka, Mogulong Co, Cuolang Co, Cuoji Co, East
Saint Co, West Saint Co, and Yare Co (Figure 1c-l). Bathymetric surveys were conducted
using the Apache 3 Pro USV (Huace Navigation Technology Co., Ltd., Shanghai, China)
equipped with a 200 kHz single-beam echo sounder. The instrument provides a depth
measurement range of 0.1-300 m, with a vertical accuracy of +1 cm, a vertical resolution
of 1 cm, and a sampling frequency up to 30 Hz. The USV is also fitted with dual global
navigation satellite system antennas for high-precision positioning and an autonomous
obstacle avoidance system. Bathymetric data were collected automatically along pre-
designed survey transects (Figure 3).

After data quality control and outlier elimination, this study established an integrated
dataset comprising 79 valid samples for proglacial lake volume estimation and 45 valid
samples for maximum water depth estimation (Supplementary Materials). Both datasets
were randomly partitioned at an 8:2 ratio for model calibration and independent validation
(Figure 2). Existing studies have confirmed stable power—law relationships between glacial
lake area, volume and maximum depth [30,39]. Accordingly, this study established region-
ally adapted empirical models to estimate the volume and maximum depth of proglacial
lakes across the Himalaya and Nyaingentanglha ranges (Figure 2). Monthly meteorological
data covering 1990-2020 were retrieved from the Climate Research Unit (CRU) with a
spatial resolution of 0.5° x 0.5°.
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Figure 3. Spatial distribution of USV survey tracks across the studied proglacial lakes.

3.2. Bathymetric Data Processing and Volume Estimation

The in situ bathymetric data acquired from the proglacial lake were processed and
analyzed using Hydrosurvey and ArcGIS Pro 3.6 software. First, raw sonar returns recorded
by the USV were initially imported into Hydrosurvey for pre-processing, which entailed
filtering and smoothing protocols to remove spurious data points and minimize signal
noise. Next, the processed depth points were subsequently imported into ArcGIS Pro 3.6.
Continuous bathymetric surfaces were generated by IDW interpolation at a fixed 5 m
grid resolution. Suitable for the gentle lake-bottom terrain, IDW is widely used in glacial
lake studies [31]. The 5 m resolution balances topographic accuracy and computational
efficiency based on USV survey conditions. Finally, lake storage volume was computed
using the Surface Volume tool within ArcGIS Pro 3.6.

3.3. Error Estimation

The accuracy of the empirical formula for predicting glacial lake volume and maximum
water depth was evaluated using four standard statistical metrics: bias, mean absolute
percentage error (MAPE), coefficient of determination (R?), and root mean squared error
(RMSE). The specific calculation formulas are presented in expressions (1)—(4). In these
equations, n represents the number of samples, j; refers to the predicted result for the i-th
sample, y; represents the corresponding observed value, and ¥ indicates the mean of the
measured samples.

1 )
Bias = -}, (9 — ¥i) (1)
ng. — .
MAPE = 12 Yi=¥il « 100% )
Sl Yi

R2=1- [i(yi RN —y)ﬂ ®

1 .
RMSE = [~} (vi = 9i) )
i=1
The accuracy of proglacial lake volume estimation critically depends on the pre-
cision of input parameters, especially the delineation of lake surface extent. However,
the finite spatial resolution of remote sensing imagery inevitably limits the precision of
boundary extraction, introducing propagation errors. Consequently, rigorous quantifica-
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tion of boundary delineation errors is imperative to constrain the reliability of volumetric

uncertainty assessments.
2

P G
6= & x 5 X 0.6872 (5)

In the expression (5),  represents the error range of the proglacial lake area (m?), P
denotes the perimeter of the proglacial lake (m), and G indicates the spatial resolution of
the remote sensing imagery used (m).

4. Results
4.1. Morphometric Characteristics of Surveyed Proglacial Lakes

High-resolution in situ bathymetric surveys were conducted using an USV to map
the underwater topography of proglacial lakes across the Himalaya and Nyaingentanglha
ranges (Figure 3). This effort yielded accurate measurements of water volume and maxi-
mum depth for 10 representative lakes (Table 1). The surveyed lakes displayed significant
morphometric diversity, with surface areas ranging from 0.30 to 6.02 km?, volumes from
5.40 x 10° to 435.44 x 10® m3, and maximum depths between 34.18 and 137.64 m. Strong
positive correlations were observed between lake area, volume, and depth, suggesting that
larger proglacial lakes consistently harbor greater volumetric capacities and deeper basins.

Table 1. Measured Water Depths of 10 Glacial Lakes in the Himalaya and Nyaingentanglha.

Name Longitude Latitude Area (km?) (‘17‘(’)16“;‘3‘; g[:;;lr:l z:;
Sangwang Co 90.11 28.24 6.02 £ 0.005 435.44 137.64
Qiangzongke Co 87.77 27.93 1.07 & 0.003 43.05 80.02
Niangzongmajue 86.53 28.19 0.67 £ 0.002 22.02 63.77
East Saint Lake 88.26 28.01 0.64 £ 0.001 29.02 70.73
Cuolang Co 89.31 27.88 0.62 £ 0.001 27.05 81.21
Mogulong Co 88.29 28.02 0.50 £ 0.001 11.82 45.27
West Saint Lake 88.24 28.01 0.44 £ 0.001 11.46 42.69
Jialangka 90.65 28.07 0.40 £ 0.002 5.40 37.86
Yare Co 88.32 28.01 0.37 £ 0.001 7.42 34.18
Cuoji Co 90.65 28.30 0.30 £ 0.001 7.01 44.60

4.2. Empirical Area—Volume and Area—Maximum Depth Scaling Relationships

In situ bathymetric surveys were executed at 10 representative glacial lakes to quanti-
tatively delineate the basin morphometry of each lake (Figure 4). All valid samples were
randomly partitioned into an 80% calibration subset for model fitting and a 20% indepen-
dent validation subset for accuracy assessment, with a strict 8:2 splitting ratio adopted for
both lake volume and maximum depth datasets. Nonlinear regression analysis of these
data points established power—law scaling relationships between lake volume (V) and area
(A) (Figure 5a), as well as between maximum water depth (D) and area (A) for proglacial
lakes across the Himalaya and Nyaingentanglha ranges (Figure 5b). The derived empirical
equations are presented as Equations (6) and (7).

V =43.37 A28 (6)

D = 95.65 A07851 (7)

In the equation above, V represents proglacial lake volume (10® m?®); A denotes surface
area (km?); and D corresponds to the maximum water depth (m). These scaling relation-
ships quantitatively characterize the dependencies among the morphometric parameters

https://doi.org/10.3390 /1518132249


https://doi.org/10.3390/rs18132249

Remote Sens. 2026, 18, 2249

9of 17

(a) Sangwang Co

Glacier terminus

(e) CojiCo

of proglacial lakes. A non-linear, positive correlation is observed between lake volume
and surface area (Figure 5a), indicating that volume scales disproportionately with areal
expansion. The majority of data points from both the current study and previous inves-
tigations fall within the 95% confidence interval, signifying a robust fit of the proposed
model. Furthermore, a concomitant increase in maximum depth relative to lake surface
area is evident in the scaling relationship (Figure 5b). Overall, the model exhibits superior
fitting accuracy and reliable predictive capability within the calibrated range.
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Figure 4. Bathymetry of proglacial lakes surveyed in the Himalaya and Nyaingentanglha ranges:
(a) Sangwang Co, (b) East Saint Co, (c) Cuolang Co, (d) Mogulong Co, (e) Cuoji Co, (f) West Saint Co,
(g) Jialangka, (h) Yare Co, (i) Niangzongmajue, and (j) Qiangzongke Co.

4.3. Performance Evaluation Against Existing Empirical Models

Worldwide, numerous empirical equations have been established to quantify the
maximum water depth and volume of glacial lakes [30,39,40,50,58,72-74]. These formula-
tions rely on the positive correlation among surface area, volume, and maximum depth,
leading to nonlinear empirical relationships with robust fitting performance. However, due
to divergent regional topography, basin morphometry, and lake type [45], these scaling
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relationships exhibit pronounced spatial heterogeneity. Consequently, this complexity ne-
cessitates the calibration of empirical models when assessing proglacial lake volumes across
distinct geographic regions [39]. Prevalent global volume estimates are predominantly
derived from empirical equations originally calibrated for the European Alps and the An-
des. Nevertheless, the direct application of these extrinsic models to proglacial lakes in the
Himalaya and Nyaingentanglha results in significant prediction errors. Although previous
studies have incorporated multiple morphometric variables, including lake area, length,
and width, to estimate glacial lake volume and maximum water depth [31,32], surface
area remains the primary and most practical predictor for volumetric assessment [30,39].
Consequently, the present study systematically evaluates the proposed empirical formula
through a comprehensive comparison with 14 volume estimation formulas and 6 maxi-
mum water depth equations established in existing literature. The results quantify the
performance differences among various empirical formulas for estimating proglacial lake
volume and maximum water depth (Table 2).

Figure 5. Empirical equations for estimating lake volume and maximum depth from the area in the
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Himalaya and Nyaingentanglha ranges, (a) Volume estimation, (b) Maximum depth estimation.

Table 2. Empirical equations for estimating volume and maximum water depth.

Formulas Code N Empirical Formula R?
This study Equation (1) 64 0.99

Evans [52] Equation (2) / V =0.035 A1° /

Popov [73] Equation (3) / V =0.059 A4 /
Huggel et al. [51] Equation (4) 15 V =0.104 A4 0.92

Sakai [50] Equation (5) 15 V (x10° m?) = 43.24 A15307 /
Wang et al. [49] Equation (6) 20 V =0.087 Al434 0.50
. ) Loriaux and Casassa [48] Equation (7) 31 V =0.2933 A1:3324 0.96
Estimating Volume Emmer and Vilimek [74] Equation (8) 35 V = 0.054393 A1483009 0.92
Cook and Quincey [45] Equation (9) 30 V =0.1746 A13725 0.60
Khanal et al. [46] Equation (10) 33 V =0.0578 Al 0.93
Zhang et al. [31] Equation (11) 59 V (x106 m3) = 42.95 A1408 0.99
Patel et al. [44] Equation (12) 17 V (x106 m%) = 40 A2 +5.06 A 0.96

Kapitsa et al. [43] Equation (13) 32 V =0.036 Al¥ /
Watson et al. [42] Equation (14) 24 V =0.1389 Al:4016 0.98
Wood et al. [41] Equation (15) 170 V =0.126 A1412 0.83
This Study Equation (1) 36 0.91

Sakai [50] Equation (2) 15 D =95.665 A% /

Estimating Fujita et al. [72] Equation 3) / D=55 AO?SI /
Maximum Depth Equat%on 4) 40 D =99.99 AO'55 0.86
Zhang et al. [57] Equat?on (5) 64 D=97.16 A* 0.53
8 Equation (6) 26 D =52.14 A3 0.85

quation

Equation (7) 8 D =100.02 A% 0.82
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(a) Bias

I This Study
N Other Studies

The empirical formula proposed in this study outperforms existing models for proglacial
lake volume estimation, with superior bias, R? and RMSE values and a competitive MAPE
(Figure 6). Bias values from previous equations range from —14.68 x 10° to —1.36 x 10° m>.
Our formula yields the smallest absolute bias with a value of —1.17 x 10° m?, which greatly
mitigates the systematic underestimation commonly reported in prior studies (Figure 6a).
MAPE values for Equations 3-16 range from 12.9% to 44.1%, while our model achieves a
MAPE of 13.2% (Figure 6b). Although a marginally lower MAPE of 12.9% was reported in the
study by Zhang et al. [31], our model reaches a coefficient of determination of 0.936, which
is higher than the coefficient of determination values of all other available models that lie
between 0.896 and 0.934 (Figure 6c). In addition, our formula produces the lowest RMSE at
4.58 x 10° m3. This value is around 12.7% lower than the best-performing existing model and
approximately 3.6 times smaller than the least accurate model proposed by Popov [73], whose
root mean square error is 16.39 x 10° m? (Figure 6d).
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Figure 6. Statistical evaluation of volume estimation formulas, (a) Bias, (b) Mean Absolute Percentage
Error (MAPE), (c) Coefficient of Determination (R?), (d) Root Mean Square Error (RMSE).

Furthermore, the newly constructed formula also outperforms existing methods for
estimating the maximum water depth of proglacial lakes, with lower values in absolute
bias, MAPE and RMSE (Figure 7). Our model obtains an absolute bias of 1.05 m. This value
is much lower than the bias values of Equations 2-7, which range from 6.72 m to —29.88 m
(Figure 7a). The MAPE of existing formulas ranges from 13.6% to 36.2%, while the proposed
method reaches 10%, an improvement of at least 26.5% relative to the optimal existing
model reported by Sakai [50] (Figure 7b). The R? of previous models varies between
0.703 and 0.716, and our value of 0.692 remains at a comparable explanatory capacity
(Figure 7c). In terms of prediction error, our formula yields an RMSE of 8.58 m. This figure
is 21.6% lower than the smallest RMSE of 10.94 m from other empirical equations, and over
three times lower than that of the least reliable models (Figure 7d).

(b) MAPE (c) R? (d) RMSE

N This Study

| . Other Studies I I
—H_Hl

P

& F S

Figure 7. Statistical evaluation of maximum water depth estimation formulas, (a) Bias, (b) Mean
Absolute Percentage Error (MAPE), (c) Coefficient of Determination (R?), (d) Root Mean Square
Error (RMSE).
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4.4. Response of Proglacial Lake Volume to Climate Change

Spatiotemporal trends in meteorological variables across the Himalaya and Nyain-
gentanglha regions were evaluated using time series data from 1990 to 2020. Mean annual
air temperature exhibits a general upward trend, with an average annual warming rate
of 0.0286 °C (Figure 8a), and the spatial variation in air temperature is statistically sig-
nificant (p < 0.05). Notably, significant warming was evident in the Western Himalayas
and Nyaingentanglha Mountains, whereas the Eastern Himalayas and western Central
Himalayas demonstrated more attenuated increases. Conversely, a localized cooling trend
was detected in the eastern Central Himalayas (Figure 8b).

Precipitation (mm) o— Temperature (°C) y=0.0286x-49.7190, R2=0.3506
751 (a) . AN
fe N L8.0
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Figure 8. Climate change and proglacial lake volume evolution in the Himalaya and Nyaingentanglha
Ranges from 1990 to 2020, (a) Interannual trends in mean annual temperature and annual precipitation,
(b) response of proglacial lake volume to mean annual temperature variations. The circle size
represents the annual rate of change in proglacial lake volume within 0.5° x 0.5° grid cells.
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Proglacial lakes in the region have exhibited a sustained volumetric expansion from
1990 to 2020 (Figure 8b). In the Western Himalayas, aggregate volume increased by 46.7%,
expanding from 199.80 + 28.76 x 10° m3 in 1990 to 293.03 + 47.47 x 10° m3 in 2020. The
Central Himalayas demonstrated a comparable relative expansion of 46.4%, increasing from
2862.30 4 194.59 x 10° m3 to 4190.59 & 283.42 x 10° m? over the same period. Meanwhile,
the Eastern Himalayas recorded a 51.5% volume increase for proglacial lakes, with total
storage rising from 1285.01 + 92.89 x 10° m? to 1946.11 + 166.74 x 10° m3. The Nyain-
gentanglha Mountains exhibited the most pronounced change, with a 92.9% increase in
volume, growing from 813.14 + 73.75 x 10° m? in 1990 to 1568.39 + 121.95 x 10° m3 in 2020.
This regional heterogeneity highlights that while the Central Himalayas contain the largest
concentration of lakes, they exhibited the lowest relative rate of expansion; conversely,
the Nyaingentanglha Mountains demonstrated the most rapid growth. The expansion is
primarily attributed to rising temperatures that accelerate glacier ablation, generating sus-
tained meltwater runoff and consequent lake enlargement. Furthermore, basin bathymetry
and glacier geometry, alongside evaporation rates, modulate the spatiotemporal variability
of these volumetric fluctuations.

5. Discussion

The empirical models developed in this study are specifically applicable to the Hi-
malaya and Nyaingentanglha regions. While these equations exhibit strong robustness
within this spatial scope, their direct application to regions with distinct geomorpho-
logical characteristics may introduce considerable uncertainty. Therefore, extending the
application of these models to other regions requires recalibration with region-specific
topographical and hydrological parameters. Key covariates critical to this recalibration
process include lake morphology, turbidity, parent glacier type, and dam type, whose
integration can significantly improve the accuracy of glacial lake volume estimation.

Quantifying the uncertainty associated with glacial lake volume and maximum depth
is essential for ensuring the reliability of these parameters. Such assessments directly
affect the susceptibility analysis of GLOFs and the robustness of numerical simulation
scenarios [8,12,27]. Estimation uncertainty originates from multiple sources, including the
quality of input data and environmental variability induced by climate change. Notably,
the glacial lake area, as a core input parameter for estimating lake volume and maximum
depth, is subject to non-negligible uncertainties, which primarily stem from the spatial
resolution limitations of remote sensing imagery, subjective biases in manual visual inter-
pretation, and the inherent ambiguity of the Otsu threshold segmentation algorithm. Using
Equation 5 proposed in this study, such area extraction uncertainties can be quantitatively
calculated and further propagated to the estimations of lake volume and maximum depth
through the established area—volume and area—maximum depth empirical relationships,
thereby leading to discrepancies between modelled results and actual in situ measurements.
Furthermore, the complexity of regional topography, along with the physical and dynamic
characteristics of the parent glacier, introduces substantial uncertainty. Additionally, the
estimation results depend on the morphometric and hydrological properties of the glacial
lake, as well as the sediment transport and deposition processes within the lake [39,75-77].

6. Conclusions

This study integrated historical documentation with field measurements of proglacial
lakes to establish empirical formulas for predicting proglacial lake volume and maximum
depth in the Himalaya and Nyaingentanglha regions. A comprehensive statistical eval-
uation demonstrated that the derived empirical formula achieved the highest R? value
and the lowest bias, MAPE, and RMSE, thereby providing a robust tool for estimating
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these parameters regionally. Substantial increases in proglacial lake volume were observed
between 1990 and 2020, primarily attributed to climatic warming, with regional expansion
rates of approximately 92.9% in the Nyaingentanglha Mountains, 51.5% in the Eastern
Himalayas, 46.4% in the Central Himalayas, and 46.7% in the Western Himalayas. These
findings collectively quantify the considerable sensitivity of proglacial lakes to climate
change in this region. In addition, the precise volume and maximum water depth data
obtained using the methodology presented in this study are critical for significantly enhanc-
ing the accuracy of GLOF numerical simulations in the Himalaya and Nyaingentanglha
regions, which also provides the scientific basis for effective GLOF risk mitigation and the
development of climate change adaptation strategies.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390 /1518132249 /51, Table S1: Summary of the 79 bathymetric datasets
used to develop the new volume estimation equation; Table S2: Summary of the 45 bathymetric
datasets used to develop the new maximum depth estimation equation.
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