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Abstract

The China‒Nepal Himalayas (CNH) are threatened by glacial lake outburst floods (GLOFs), which endanger trade and local 
communities. Currently, glacial lake risk assessments in the CNH lack a reliable, quantitative, and cross-regional comparative approach. 
To fill this gap, this study presents a detailed and refined GLOF risk assessment using a data-driven machine learning framework. We 
first mapped lake boundaries in 1992, 2000, 2009, and 2022 using Landsat imagery and analyzed their distribution and temporal changes. 
We then identified potentially dangerous glacial lakes (PDGLs) among lakes that contact glaciers and are at least 0.1 km 2 in size. A 
machine learning model trained on High Mountain Asia estimated the likelihood that PDGLs would trigger GLOFs using key factors. 
We also evaluated impacts on exposed elements through stochastic inundation modeling. The final risk level was determined by 
combining hazard assessment with downstream impact analysis. Results show that 2377 glacial lakes were identified, mostly at elevations 
between 4100 m and 5900 m, with a 27% increase in area from 1992 to 2022. The trained model accurately identified all historical GLOFs 
in the CNH, confirming its high reliability. Downstream exposed elements, including buildings, bridges, roads, and hydropower facilities, 
remain at risk. Of the 76 lakes identified as potentially hazardous, four are categorized as having a very high risk and 14 as having a high 
risk. This study provides data to help stakeholders and policymakers pinpoint high-risk lakes and develop effective mitigation strategies.

Keywords: Glacial lake outburst floods; Climate change; Remote sensing; Downstream impact

1. Introduction

Glacial lakes are water bodies primarily formed through 
glacial processes (Nie et al., 2021), mainly from the melt-

water of glaciers (Yao et al., 2012). These lakes are crucial

freshwater sources in mountain regions (Cooley et al., 
2021) and serve as sensitive indicators of climate change 
(King et al., 2019). Since the mid-20th century, earth's 
average surface temperature has increased by 0.16 ◦ C per 
decade, with the High Mountain Asia (HMA) warming at 
nearly twice that rate (Yao et al., 2019). Rising temper-

atures accelerate glacier melting (Nie et al., 2025; Shugar 
et al., 2020), leading to the expansion of glacial lakes (Nie 
et al., 2023; Zhang et al., 2024). While this increases water 
storage, it raises the risk of glacial lake outburst floods 
(GLOFs) (Lesi et al., 2026; Taylor et al., 2023).

The China‒Nepal Himalayas (CNH) is a globally vul-
nerable region for GLOF risks, particularly from moraine-
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dammed lakes (Nie et al., 2013), with numerous docu-
mented events. Since 1960, 24 GLOFs have occurred, 
resulting in human casualties and economic damage 
(Lützow et al., 2023; Nie et al., 2018). The 1981 Cirenmaco 
GLOF destroyed infrastructures such as the China-Nepal 
Friendship Bridge, Sun Koshi hydropower plant, and 
highway (Khadka et al., 2018), killing over 200 people-
―one of the worst GLOFs in the Himalayas. The 2016 
Gongbatongsha Co GLOF resulted in 70 million USD in 
damage to housing, transportation, and energy-exposed 
elements (Liu et al., 2020). These events highlight the 
urgent need for transboundary risk mitigation. Although 
GLOFs are infrequent (Nie et al., 2010), their sudden, 
rapid occurrence limits warning time, making mitigation 
difficult (Richardson and Reynolds, 2000). The region is 
developing infrastructure projects, including railways, 
hydropower, and trade routes, to enhance regional con-
nectivity (Nie et al., 2023). Adopting science-based disaster 
risk assessment and prevention strategies is essential for 
sustainable development.

Although methodological advancements have shifted 
from qualitative to more quantitative techniques for glacial 
lake risk assessment (Zhou et al., 2024), current approaches 
(Zhang et al., 2023b; Zheng et al., 2021) still face challenges 
in reliability and generalizability. In hazard assessment, 
current research primarily employs semi-quantitative 
methods (De Brito and Evers, 2016), which classify risk 
levels based on quantitative indicators and qualitative 
weights. Yet, widely used classification approaches like 
natural breakpoints (Zheng et al., 2021) only rank relative 
risks within study areas, making direct comparisons across 
regions difficult (Allen et al., 2019). Meanwhile, quantita-
tive evaluations provide objective estimates of hazard 
likelihood (Fischer et al., 2021) and directly yield an 
independent probability score for each lake's outburst. This 
score is independent of the classification of any specific 
sample set, enabling both standalone diagnosis of individ-
ual lakes and objective comparisons across regions. 
Frameworks exist for regions such as Gyirong, Poiqu 
(Gouli et al., 2025), and the Himalayas (Zhou et al., 2024), 
but most quantitative hazard research focuses on Hima-

layan GLOF events, neglecting the temporal gap between 
digital elevation model (DEM) generation and event 
occurrence, as well as sample reliability. Thus, it limits our 
understanding of glacial lake hazards. In downstream 
impact evaluation, studies utilize data on exposed elements 
from OpenStreetMap (OSM) (Wang et al., 2020a); how-
ever, coverage in the Third Pole region is limited. Reports 
suggest near-complete mapping in Nepal (Zhang et al., 
2023b; Zheng et al., 2021), but high-resolution imagery 
monitoring reveals dramatic data gaps. Overall, these gaps 
in hazard and downstream impact assessments undermine 
the reliability and comparability of assessments across 
regions, hampering efforts to coordinate regional risk 
management. Therefore, developing a reliable risk assess-
ment framework that ensures objective evaluation and 
comparability across domains is urgently needed.

This study aims to: 1) map the distribution of glacial 
lakes in the CNH and analyses their changes over time 
using Landsat images from 1992, 2000, 2009, and 2022; 2) 
apply a machine learning algorithm that automatically 
learns discriminant rules from carefully paired and tem-

porally aligned historical samples, producing reliable, 
quantitative outburst probability estimates for PDGLs 
within the CNH; and 3) conduct a quantitative risk 
assessment that combines hazard data with socioeconomic 
exposure in flood-prone areas to enhance GLOF miti-

gation strategies. This study presents a reproducible, 
quantitative framework for assessing GLOF risk in the 
CNH. It identifies key lakes for mitigation and can be 
adapted to other regions with limited data, supporting 
climate adaptation and disaster risk reduction in the 
cryosphere.

2. Study area and data

2.1. Study area

The CNH, characterized by steep environmental gra-
dients, diverse glacial lake types, an urgent need for coor-
dinated risk management, and its importance within the 
Asian Water Tower, functions as an exemplary laboratory 
for developing a transferable risk assessment framework. 
We selected the CNH as the study area, which covers 
approximately 221876 km 2 and ranges in elevation from 60 
to 8848 m above sea level, including approximately 
6562 km 2 of glaciers (RGI 7.0 Consortium, 2023). The 
CNH (Fig. 1) is crucial to the China‒Nepal Trade Corri-
dor, which comprises key trade ports and vulnerable ele-
ments. However, it faces risks from transboundary natural 
disasters, particularly GLOFs. The CNH connects Tibet in 
China and Nepal, encompassing serveral trading ports, 
including Burang, Lizi, and Gyirong (Wu et al., 2022). The 
region exhibits complex terrain composed of mountain 
ranges and intermontane basins (Jiang et al., 2018), char-
acterized by a distinct north-to-south topographical gra-
dient (Hu et al., 2022). Most of the population resides in 
the southern regions (Gautam, 2017). The southern region 
has a subtropical monsoon climate, characterized by 
annual rainfall exceeding 1000 mm. In contrast, the 
northern area features a semi-arid climate with less than 
400 mm of annual precipitation (Subba et al., 2024). Many 
glacial lakes in the area are classified as high risk (Allen 
et al., 2019; Zheng et al., 2021), posing serious risks to the 
local exposed elements. Research on glacial lake changes 
and associated GLOF risk is essential to advancing GLOF 
prevention and regional economic growth.

2.2. Data

A total of 246 Landsat images from the USGS Global 
Visualization Viewer (GloVis at https://glovis.usgs.gov/) 
were used for mapping and change analysis of glacial lakes 
(Fig. A1). The dataset included 55 scenes from Landsat-4/
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5 TM for 1992, 66 scenes from Landsat-5 TM/Landsat-7 
ETM+ for 2000, 56 scenes from Landsat-5 TM/Landsat-8 
OLI for 2009, and 69 scenes from Landsat-8/9 OLI for 
2022. Due to frequent cloud cover and snow interference, 
obtaining sufficient high-quality optical images for com-

plete annual coverage was challenging (Nie et al., 2017). 
The year with the most available imagery was selected as 
the baseline, and images from adjacent years were incor-
porated to improve mapping accuracy and ensure complete 
coverage. All chosen images had less than 30% cloud cover 
(Nie et al., 2017). When cloud or seasonal snow obscured a 
target glacial lake in the initially selected image for a given 
period, it was replaced with a cloud-free alternative from 
an adjacent year. The four periods (circa 1992, 2000, 2009, 
and 2022) were selected based on data availability, as they 
yielded the largest number of Landsat images within their 
respective multi-year windows. Most images (62.60%) were 
acquired between September and November, with a focus 
on autumn changes in glacial lakes across the four periods 
(1992, 2000, 2009, and 2022). The Landsat images were 
Level-1 products. This product has been radiometrically 
calibrated and geometrically corrected by the USGS before 
distribution (Saunier et al., 2017). After downloading, we 
performed band stacking, which combines the individual

spectral bands of each scene into a composite multispectral 
image.

The additional datasets included: 1) DEM data, 2) 
hydropower records, 3) a glacial lake inventory, 4) a GLOF 
inventory, 5) OSM geospatial data, 6) field survey data, 
and 7) meteorological data. The ALOS PALSAR DEM 
was sourced from the Alaska Satellite Facility Distributed 
Active Archive Center (https://asf.alaska.edu/, JAXA 
EORC, 2020) and processed to derive hazard assessment 
parameters and model potential flood extents for PDGLs. 
The DEM has a spatial resolution of 12.5 m and reported 
horizontal and vertical accuracies of approximately 4—8 m 
and 6—9 m, respectively (Adiri et al., 2022; Xu et al., 2024). 
Preprocessing involved mosaicking and voidfilling using 
nearest-neighbor resampling to maintain data complete-

ness and geometric consistency (Trisakti and Julzarika, 
2011). Two supplementary datasets, GloHydroRes 
(https://zenodo.org/records/14526360, Shah et al., 2025), 
and Global Dam Watch (https://www.globaldamwatch. 
org/directory Lehner et al., 2024), supported the identi-
fication and analysis of hydropower plants within potential 
flood zones. The glacial lake inventory (Song et al., 2025) 
identified glacial lakes across the HMA in 2022 that had no 
recorded GLOF events. Historical GLOF inventories

Fig. 1. Overview of the study area and field survey in the CNH. Location map showing glaciers, rivers, trade ports, routes, and field survey routes (a); 

photograph of Niangzongmajue (b), Amazhibu Co (c), and Kaer Lake (d).
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(Lützow et al., 2023; Nie et al., 2018) were used to select 
HMA lakes with documented GLOF events for machine 
learning. Data on geospatial-exposed elements from OSM 
(https://www.openstreetmap.org) were used to assess their 
exposure to the modeled GLOF regions. Field surveys were 
conducted in July 2023 and September 2024 to examine the 
dams, mother glaciers, geomorphological features, outlets, 
and downstream river channels of 12 representative glacial 
lakes, including Niangzongmajue, Amazhibu Co, and Kaer 
Lake (Fig. 1b—d). These lakes were selected to represent 
key risk gradients, with a focus on moraine-dammed lakes, 
the most prevalent and historically hazardous type in the 
study region. Field observations provided ground-truth 
data that validated remote-sensing-based dam-type classi-
fication and helped assess glacial-lake stability. Temper-

ature and precipitation data (Yang et al., 2025) were used 
to analyze climate factors affecting glacial lake growth. 
These meteorological data, obtained from the Third Pole 
Environment Science Data Center (https://doi.org/10. 
11888/Atmos.tpdc.300398), were processed to calculate 
the annual average temperature and total annual precip-
itation from monthly data.

3. Methods

The workflow comprises five steps: analyzing the dis-
tribution and changes of glacial lakes, identifying PDGLs, 
estimating hazards, calculating downstream impacts, and 
assessing risk (Fig. 2).

3.1. Glacial lake inventory

3.1.1. Glacial lake mapping

The glacial lake was mapped using a semi-automated 
method that combined the normalized difference water 
index (NDWI) threshold (Nie et al., 2017; Wang et al., 
2014). Post-processing of the glacial lake datasets included 
thorough quality control for each period. We verified the 
topology to ensure that water body boundaries were 
geometrically accurate. Next, we applied a size filter using 
a standard minimum mapping unit of 10,000 m 2 (∼11 
pixels) to exclude features smaller than this threshold 
from the final inventory. This approach ensured the 
consistency and reliability of the multi-temporal glacial 
lake records.

Fig. 2. Overview of the workflow on glacial lake change and risk assessment.
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3.1.2. Validation of glacial lake boundaries
In 2022, 110 glacial lakes were randomly sampled for 

validation. Field surveys were difficult due to high alti-
tudes; instead, high-resolution Google Earth imagery from 
2022 and nearby years was used as a reference. Lakes were 
manually digitized from these images to verify Landsat-
derived glacial lakes.

3.1.3. Glacial lake classification
All glacial lakes were manually classified through visual 

analysis of Landsat and Google Earth imagery or field 
surveys, based on their spatial relationships to upstream 
glaciers, as described in Lesi et al. (2022). The classification 
criteria are (Table 1): supraglacial lakes, which are water 
bodies on glacier surfaces; ice-contact lakes, directly 
touching the glacier; unconnected-glacier-fed lakes, sup-
plied by glacial meltwater but not in direct contact; and 
non-glacier-fed lakes, with no visible hydrological con-
nection to melting glaciers.

3.2. Identification of PDGLs

PDGLs are classified by lake size and type to assess risk. 
Lakes exceeding 10000 m 2 (Fan et al., 2019) can initiate

destructive outburst floods that impact downstream 
regions. In the Himalayas, moraine-dammed lakes are 
most involved in such events (Gouli et al., 2025; Liu et al., 
2020; Nie et al., 2018). Records (Lützow et al., 2023; Nie 
et al., 2018) indicate that most floods (15 of 19) originated 
from lakes that had been in contact with glaciers prior to 
failure. This study focused on glacier-contact moraine lakes 
as a crucial indicator for filtering PDGLs, emphasizing 
lakes that contact glaciers and exceed 10000 m 2 for detailed 
risk evaluation.

3.3. Glacial lake hazard

Calculating glacial lake hazard, which assesses the 
likelihood of a GLOF, includes sampling, parameter 
extraction, modeling, validation, and hazard index com-

putation.

3.3.1. Sample collection
To build the model, we assembled a dataset of 37 

moraine-dammed lakes with recorded outbursts and an 
equal number of lakes without GLOF records across the 
HMA. The GLOF collection involved three main steps: 1) 
selecting credible GLOF events from existing datasets 
(Lützow et al., 2023; Nie et al., 2018; Shrestha et al., 2023) 
to improve reliability; 2) focusing on moraine lakes as the 
primary GLOF sources; and 3) choosing lakes' outbursts 
after 2000 to match the production year of the DEM 
dataset. For lakes without outburst records, we: 1) 
obtained glacial lake boundaries from Song et al. (2025); 2) 
randomly selected lakes without recorded outbursts; and 3) 
refined these lakes using satellite images from 2022. To 
ensure data consistency and maintain an independent val-
idation set, all CNH lakes with a history of outbursts were 
excluded from the training set. The lakes were evenly dis-
tributed across the HMA to improve representativeness 
(Fig. 3).

3.3.2. Hazard indicators extraction
Our hazard index incorporates four key parameters: 

steep lakefront area (SLA, reflecting moraine stability) 
(Fujita et al., 2008), topographic potential (indicating 
avalanche likelihood) (Allen et al., 2019), glacial lake vol-
ume (affecting flood severity) (Zhang et al., 2023a), and the 
upper catchment area (UCA, representing runoff con-
tribution) (Wu et al., 2025). These were chosen for their 
objective derivation from DEMs and satellite imagery, 
independence from subjective interpretation, and statistical 
independence (Wangchuk et al., 2022). They reflect the 
main GLOF mechanisms, including ice avalanches, slope 
failures, moraine-dam instability, extreme rainfall, and 
hydrostatic forces (Emmer and Vilı́mek, 2014; Wangchuk 
and Bolch, 2020). Validated in prior susceptibility studies 
(Emmer and Vilı́mek, 2013; Khanal et al., 2015; Zhang 
et al., 2024), these indicators effectively predict glacial lake 
hazards.

Table 1
Classification system for glacial lakes in the study area.

Lake type Characteristic Example in Landsat

Supraglacial Lakes form on glacier surfaces, 

typically dammed by ice or 

weakly consolidated terminal 

moraines.

Ice-contact Ice-contact lakes are directly 

dammed by glacial ice, terminal 

moraines, or bedrock, 
maintaining hydrological 

connectivity to glacier meltwater.

Unconnected-

glacier-fed

Unconnected glacier-fed lakes 

receive indirect meltwater inputs 

from upstream glaciers but lack a 
direct connection to the glacier.

Non-glacier-

fed lakes

Non-glacier-fed lakes formed by 

past glaciation are currently 
dammed by stabilized moraines 

or bedrock and are disconnected 

from contemporary meltwater 

inputs.
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3.3.3. Modeling and validation

(1) Modeling

Three machine learning algorithms―Random Forest 
(RF), Adaptive Boosting (AdaBoost), and Extreme Gra-

dient Boosting (XGBoost)―were evaluated to identify the 
most effective model for detecting glacial lake hazards in 
CNH. We divided the dataset into training (75%) and test 
(25%) sets. The training set included twenty-eight glacial 
lakes with recorded GLOFs outside the CNH in the HMA, 
as well as twenty-eight lakes without GLOF records. The 
test set included nine lakes with recorded GLOFs in the 
CNH and nine lakes outside it. We employed binary clas-
sification to distinguish the classes and optimized hyper-
parameters across all machine learning algorithms to 
improve performance.

(2) Testing

Three objective metrics were used to assess the model's 
classification performance: the receiver operating 
characteristic—area under the curve (ROC-AUC) (Ben-
David and Mandel, 1995), accuracy, and F-score (Roy 
et al., 2019). To evaluate the model's ability to generalize 
and stay stable with limited data while reducing overfitting, 
we used 10-fold stratified cross-validation on the training 
set (Kim, 2009). Paired t-tests compared models (Yildiz, 
2013), performed only on training data to keep the test set 
independent for an unbiased final assessment. This method 
splits the data into 10 parts, trains on 9, validates on 1, and 
repeats this process to reduce bias. Significance was tested 
with paired t-tests; p < 0.05 indicated meaningful differ-
ences, indicating that the results were unlikely to be due to 
chance (White et al., 2022).

(3) Validation

For validation, we chose nine glacial lakes with known 
past outbursts in the study area. These lakes were used in 
the final model to predict future events and assess the 
model's reliability. The process compares predicted prob-
abilities with observed data to assess accuracy, highlighting 
the model's ability to identify lakes with a history of out-
bursts.

3.3.4. Hazard index calculation
Our best model, selected for its accuracy, enabled us to 

estimate the GLOF susceptibility of PDGLs. We catego-
rized the results into four hazard levels to facilitate inter-
pretation. PDGLs with a probability of 0.75 or higher are 
considered ‘very high’, indicating a substantial threat of 
GLOF. Those with a probability between 0.5 and 0.75 are 
‘high’, 0.25 to 0.5 are 'medium', and below 0.25 are ‘low’, 
implying a lower likelihood of GLOF. This classification 
helps policymakers prioritize their mitigation efforts by 
hazard level.

3.4. Downstream impact

Evaluating downstream impact involves examining how 
potential flooding affects exposed elements in the flood-
plain. This includes mapping flood-prone areas, analyzing 
exposed elements, identifying at-risk areas from GLOF 
runoff, and assessing threats to people, ecosystems, and 
assets to understand potential consequences.

3.4.1. Simulation of the affected area
We used the Monte Carlo Least Cost Path (MC-LCP) 

model (Watson et al., 2015), to simulate flood paths caused 
by PDGLs, accounting for DEM uncertainty across

Fig. 3. Distribution of training and test samples of glacial lakes across the RGI sub-regions in the HMA.
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various Monte Carlo runs. MC-LCP calculated the flood 
probability for each grid cell across 500 iterations, 
accounting for DEM uncertainty at each iteration. We 
analyzed each PDGL using a 50 km cutoff to evaluate 
downstream impacts, as recommended by Dubey and 
Goyal (2020) and Taylor et al. (2023), and adjusted the 
cutoff if a large river or lake was within this distance.

3.4.2. Socio-economic impact

We assessed the effect of GLOFs on buildings, hydro-
power facilities, roads, and bridges. Initially, we used OSM 
data, but it had gaps, especially in rural and complex ter-
rains. To improve this, we manually mapped the exposed 
elements affected by simulated GLOF paths to conduct a 
comprehensive assessment of their impact.

3.4.3. Calculating the downstream impact index
By overlaying corrected basic datasets with modeled 

inundation extents, we assessed the downstream effects of 
PDGLs. We normalized impact indicators―such as 
buildings, hydropower projects, roads, and bridges―on a 
0-to-1 scale using Min-Max normalization, giving equal 
weights. For each PDGL, we calculated normalized values 
for all exposed elements within its impact zone and com-

bined them into a composite exposure index to measure 
downstream impact. These were classified into four impact 
levels, corresponding to the hazard levels.

3.5. Risk

This study characterizes the risk of PDGLs as a matrix of 
hazards and downstream effects, as suggested by previous 
research (Chen et al., 2024; Zhang et al., 2023b; Zheng et al., 
2021). All PDGLs are classified into four levels―very high, 
high, medium, and low―based on normalized values from 
the risk matrix. Our evaluation does not consider the vul-
nerability factor, which encompasses demographic traits, 
built-environment robustness, risk-mitigation measures, 
and socio-institutional capacity, as such data are unavail-
able in remote high-mountain regions.

4. Results

4.1. Distribution and change of glacial lakes

4.1.1. Mapping accuracy for glacial lakes
Our glacial lake boundaries, mapped using Landsat 

imagery, closely match higher-resolution reference data 
from Google Earth (Fig. A2). We are verifying the accu-
racy of our method and ensuring that our inventory is 
precise enough for trustworthy scientific use. The small 
differences between the two datasets lead to a mean area 
discrepancy of just 0.002 km 2 across all lakes. 92% of lakes 
fall within the 95% confidence interval, with a 6.59% 
overall area difference. This shows that our Landsat-based

glacial lake inventory is sufficiently accurate for scientific 
uses such as monitoring changes and assessing risks.

4.1.2. Distribution of glacial lakes
Our inventory of 2377 glacial lakes in the CNH covers 

an area of 252.87 ± 26.04 km 2 as of 2022 (Fig. 4). Most 
lakes are along the Himalayan ridge, with smaller groups in 
the northeast. The Southern Himalayas have more lakes 
and a larger total area than the north. Glacier-fed lakes 
dominate (1334 lakes, 143.27 km 2 ), followed by ice-contact 
lakes (206 lakes, 72.47 km 2 ). Other lakes include 726 
unconnected glacier-fed lakes (31.79 km 2 ) and supraglacial 
lakes. Ice-contact lakes are fewer but, on average, larger. In 
2022, the lakes' average elevation was 5103 m (Fig. A3).

4.1.3. Change of glacial lakes
From 1992 to 2022, the number and area of glacial lakes 

in the CNH increased steadily. During this period, the 
number of lakes grew by 394, or 19.9%, and the total area 
expanded by 53.79 km 2 , a 27.02% increase (Fig. A4a). The 
increase in area was mainly caused by large lakes (≥1 km 2 ), 
while the fastest increase in lake numbers was observed in 
the smallest size category (0.01—0.05 km 2 ) (Fig. A4b). 
Growth occurred on both the southern and northern 
slopes, with the northern slope showing greater relative 
expansion (Fig. A4c). Among the different lake types, ice-
contact lakes exhibited the largest increase in area, sug-
gesting they are the most susceptible to climate change in 
the CNH (Fig. A5).

4.2. Hazard

4.2.1. Comparison of models

RF was chosen as the best model for hazard assessment 
due to its strong performance on the test set (Fig. 5). The 
training and test datasets have different distributions 
across hazard indicators, confirming the evaluation reflects 
the model's ability to generalize (Fig. A6). Cross-validation 
shows RF outperforms AdaBoost and XGBoost in ROC-

AUC, accuracy, and F-score, with notable differences 
(Fig. A7). AdaBoost and XGBoost do not differ sig-
nificantly in most metrics (Fig. A7). RF achieved the 
highest scores in ROC-AUC (0.91), accuracy (0.83), and F-
score (0.83), indicating reliable predictions, and showed 
results consistent with AdaBoost and XGBoost.

4.2.2. Validation by historical GLOF events
Our validation focused on hazard index values for nine 

lakes with known historical outbursts, compared with 76 
PDGLs (Fig. 6). For these lakes, the model estimated pre-
outburst GLOF probabilities ranging from 0.56 to 0.95, 
with an average of 0.81. All nine were classified as high 
hazard―six as very high and three as high hazard. This 
correlation, in which lakes with past outbursts are assigned 
high predicted probabilities, highlights the model's
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effectiveness in assessing glacial lake hazards and supports 
its application to initial hazard screening.

4.2.3. Hazard assessment

Out of 76 PDGLs, 68.42% were considered as very high 
hazard, 27.63% were high, 2.63% were moderate, and 
1.32% were low hazard (Fig. 7). Very high-hazard lakes 
tend to be larger, averaging 1.15 km 2 , compared to 
0.34 km 2 for high-hazard lakes, 0.12 km 2 for moderate-

hazard lakes, and 0.11 km 2 for low-hazard lakes. Larger 
lakes, with more water and ice-contact boundaries, are 
more prone to calving and moraine destabilization. Since 
96.05% of PDGLs are classified as high- or very-high 
hazard, they pose considerable risks to CNH.

4.3. Downstream impact

Two lakes showed very high impacts, three had high 
impacts, 19 had low impacts, and 52 had very low impacts 
(Fig. 8). The MC-LCP model produced detailed inunda-
tion maps for PDGLs. About 93.42% of PDGLs experi-
enced low or very low impacts, mainly because no exposed 
elements were downstream. Most PDGL impact zones 
extend up to 50 km downstream, with notable variations in 
flood attenuation resulting from natural hydrological flow 
patterns. The Yarlung Tsangpo River receives flood dis-
charges from PDGLs (e.g., Lake 31). In contrast, Paiku Co 
mitigates impacts from lakes such as Guoru Co and 
Guoqiang Co. These results help identify exposed elements 
along the flooding pathway, supporting risk assessment 
and mitigation planning.

Using high-resolution Google Earth imagery, we man-

ually mapped exposed elements within potential inunda-
tion zones. This improves our ability to assess the 
downstream impacts of PDGLs in CNH. For example, 
Kimathanka Town (27.8650 ◦ N, 87.4214 ◦ E), where the 
original and revised datasets clearly differ (Fig. 9),

Fig. 4. Distribution of glacial lakes derived from Landsat images around 2022 in CNH.

Fig. 5. Performance results of different models evaluated using test sam-

ples.

Fig. 6. Classification of hazard levels for PDGLs in CNH (Vertical dashed 

lines indicate the hazard index of 9 validated GLOFs).
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highlights the importance of these updates. This study 
identified highly exposed elements in CNH, including 
0.39 km 2 of buildings, 260.38 km of roads, and 9.35 km of 
bridges (Table 2). This dataset provides a more accurate 
analysis of elements at risk, addressing the limitations of 
existing data that underestimate the number of exposed 
elements in remote Himalayan valleys.

4.4. Risk assessment

Our analysis showed that within the CNH, four lakes 
were classified as very high risk, fourteen as high risk, fifty-
five as medium risk, and three as low risk (Fig. 10). Four 
lakes, including Peace Lake, Tilicho Lake, Jialong Co, and 
Poiqu No.1, were at very high risk, located at elevations

Fig. 7. Distribution of PDGLs with different hazard levels across CNH.

Fig. 8. Distribution of PDGLs with varying impacts across the CNH (a), the inundation probability estimated by MC-LCP for Singaar Lake (b), lakes 64 

and 65 (c), and Jialong Co and Poiqu No.1 (d).
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between 4426 and 5532 m, and covered 4.59 km 2 . Many 
high-risk lakes have expanded over the past decades, 
increasing instability and the risk of outbursts. Low- and 
medium-risk PDGLs typically have limited exposed ele-
ments downstream, which lowers their risk.

5. Discussion

5.1. Glacial lake mapping, changes, and their climatic 
drivers

We selected 110 validation lakes from the 2022 glacial 
lake inventory, representing a range of sizes, elevations, 
and main types, excluding rapidly changing supraglacial 
lakes to ensure stability (Fig. A8). These lakes are evenly 
spread across the study area to prevent geographical bias. 
We manually examined the historical imagery timeline for 
each validated lake and selected images up to 2022 (Wang 
et al., 2020b). This approach is common in glacial lake 
validation (Deng et al., 2025; Zhang et al., 2026).

Fig. 9. Kimathanka town (27.8650 ◦ N, 87.4214 ◦ E) was selected to demonstrate uncorrected (a) and corrected (b) exposed elements located downstream 
from PDGLs.

Table 2

Comparison of corrected and uncorrected exposed elements.

Type Building 

(km 2 )

Road

(km)

Bridge

(km)

Hydropower

(count)

Uncorrected 0.27 225.67 8.81 4

Corrected 0.39 260.38 9.35 9

Difference 0.12 34.71 0.54 5

Fig. 10. Distribution of glacial lakes with varying risk levels across the CNH.
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We selected 1992, 2000, 2009, and 2022 as key bench-
marks for analyzing glacial lake changes based on the 
number of Landsat images available for each year. When 
cloud or snow cover hindered extraction, we used nearby 
images within a ±1- to ±2-year window (Nie et al., 2017). 
This approach is justified because most non-supraglacial 
lakes have stable boundaries over short timescales (Deng 
et al., 2025), and using only images from the same year 
would result in fragmented and unreliable data (Zhang 
et al., 2026).

Rising temperatures have led to glacier retreat and 
increased meltwater inflow into lakes (Zhang et al., 2019), 
causing glacial lakes to expand from 1992 to 2022 
(Fig. A9). The average temperature rose by 0.23 ◦ C per 
decade, annual precipitation increased by 47.84 mm, and 
the area of glacial lakes expanded by 53.80 km 2 . Elevated 
temperatures have accelerated glacier melting and retreat 
(Dehecq et al., 2019), and increased meltwater and rainfall 
have directly supplied water to the lakes (Marzeion et al., 
2014).

5.2. Glacial lake hazard

5.2.1. Influence of DEM uncertainty on hazard indicators
DEM-derived parameters (SLA, UCA, and topographic 

potential) are affected by uncertainties inherent in the 
DEM. We corrected the systematic bias in UCA using 
visual interpretation (Wu et al., 2025). DEM vertical errors 
directly affect SLA estimates, particularly for low-height 
dams (Fujita et al., 2013), and may misclassify steep slopes, 
thereby affecting topographic potential (Allen et al., 2019). 
Future work should use higher-precision topographic data 
or field surveys to minimize these uncertainties.

5.2.2. The empirical formulae of lake volume

Estimating glacial lake volumes using empirical for-
mulas carries some uncertainty. Nevertheless, the formula 
we employed was specifically developed for Himalayan 
glacial lakes (Zhang et al., 2023a), which helps minimize 
systematic errors and outperforms other methods. Con-
sequently, the volume estimates are sufficiently reliable for 
regional hazard assessments (Qi et al., 2025). While limited 
field data hinder direct validation, this empirical approach 
provides a practical solution (Qi et al., 2022). In the future, 
as more water-depth data becomes available, the formula 
can be refined to improve accuracy.

5.2.3. The sample size and validation sets
Our sample includes 37 outbursts and 37 non-outburst 

lakes, carefully selected for quality despite limited num-

bers. Rigorous cross-validation and multi-level screening 
(e.g., ensuring events post-date DEM, cross-checking pri-
mary sources) produced 37 high-confidence events. Recent 
research across different sample sizes, such as Gouli et al. 
(2025) with 51 events, Liu et al. (2025) with 66, and Zhou et 
al. (2024) with 54, confirms the reliability of these sample 
sizes. The repeated 10-fold cross-validation (Kim, 2009)

enhances model stability and reduces overfitting. Future 
work should apply this rigorous validation approach to 
larger global datasets to improve model robustness.

To evaluate spatial extrapolation, we used a geo-
graphically isolated approach, in which nine GLOF events 
in the CNH were omitted from the training set to form an 
independent validation set. Even if local feature dis-
tributions overlap during application, this method remains 
valid as long as validation samples are geographically dis-
tinct from the training region (Wenger and Olden, 
2012).This method is widely used in hazard modeling 
(Goetz et al., 2021; Gouli et al., 2025; Kumar et al., 2025) 
and is used to test model performance in new geographic 
regions (Roberts et al., 2017).

5.2.4. The selected hazard indicators
Our hazard assessment uses four key indicators (SLA, 

topographic potential, lake volume, UCA) that are widely 
adopted (Allen et al., 2019; Chen et al., 2024; Zheng et al., 
2021) and closely linked to failure mechanisms (Emmer 
and Vilı́mek, 2013). These parameters are selected based on 
data availability and regional consistency, eliminating the 
need for locally variable dynamic data (Allen et al., 2019). 
Validation against historical events confirms their accu-
racy.

5.2.5. Comparison with other studies
Our glacial lake hazard assessment closely aligns with 

prior research. Lakes designated as very high hazard 
(Gouli et al., 2025; Zhang et al., 2024)―such as Galong Co 
(28.3223 ◦ N, 85.8381 ◦ E) and Niangzongmajue (28.1853 ◦ N, 
86.5321 ◦ E)―were also classified as very high hazard in our 
study. Our results concur with earlier evaluations (Zhang 
et al., 2023b; Zheng et al., 2021). Among the 73 lakes 
identified as high or very high hazard, Zhang et al., 2023b 
recognized 67, while Zheng et al. (2021) identified 58 as 
very high or high hazard (Table A1). This agreement across 
multiple independent studies confirms the robustness of 
our hazard assessment framework and strengthens con-
fidence in our findings.

5.3. Downstream impact

The downstream impact assessment is affected by DEM 
uncertainty, the simulation model, and the weighting of 
exposed elements.

5.3.1. The effect of DEM uncertainty
DEM uncertainties affect downstream impact assess-

ments by altering flood simulations, potentially leading to 
overestimation or underestimation of the elements affected. 
Our MC-LCP model incorporates uncertainty assessment 
and is minimally affected by DEM quality (Watson et al., 
2015), enhancing result reliability. The ALOS PALSAR 
DEM was processed via the nearest-neighbor resampling 
method, which has a negligible impact on the downstream 
flood simulation (Shen and Tan, 2020). Future studies
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could improve accuracy using high-resolution commercial 
satellite DEMs.

5.3.2. Affected-area simulation

The MC-LCP model is well-suited to large-area appli-
cations due to its computational efficiency. Physical models 
are better suited to localized engineering assessments but 
require key parameters (e.g., channel roughness, high-
resolution topography) that are difficult to obtain region-
ally (Yang et al., 2023). Future work should include field 
surveys and high-resolution hydrodynamic modeling at 
critical sites.

We used a 50 km channel-length threshold for flood-
propagation analysis, based on typical GLOF impact dis-
tances (Rafiq et al., 2019; Watson et al., 2015). This fixed 
50 km threshold provides a practical way to prioritize 
downstream impacts (Dubey and Goyal, 2020; Rounce 
et al., 2017; Taylor et al., 2023), although it may under-
estimate very large events (Sattar et al., 2025). Future 
improvements could use empirical formulas that relate lake 
area to impact distance.

5.3.3. Weighting of exposed elements

Buildings, roads, bridges, and hydropower projects were 
treated equally when assessing downstream exposure to 
potential glacial lake outburst floods. Assigning different 
weights would introduce subjectivity and uncertainty 
(Zheng et al., 2021), as these assets serve different social 
and economic roles. Equal weights provide an objective, 
consistent approach and reduce subjective disagreements 
about weights. Future research could incorporate stake-
holder input to adjust weights for specific decision-making 
contexts.

5.4. Advantages and limitations

We have developed a more reliable framework for 
quantitatively assessing the risk of glacial lakes. By 
expanding and carefully curating historical data, we con-
structed a dataset that more accurately reflects actual 
conditions, enhancing assessment precision. The frame-

work integrates high-resolution imagery to incorporate 
detailed exposure data, providing accurate spatial infor-
mation for evaluation. Compared with earlier quantitative 
methods (Gouli et al., 2025), our results offer greater 
dependability. Unlike earlier wide-area risk assessments 
(Zheng et al., 2021), our data-driven approach facilitates 
cross-regional comparisons, supporting collaborative risk 
management.

Our framework provides a practical, cost-effective 
approach to assessing GLOF risk in data-scarce regions, 
such as the CNH. It enables rapid identification of high-
risk lakes for targeted field investigations and produces 
hazard-impact maps to support decision-making (Gouli et 
al., 2025). Future research should prioritize on-site inves-
tigations of these lakes, considering triggers, vulnerability, 
and resilience, and employ probabilistic and physically

based modeling for critical lakes. This study's trans-
boundary coverage of the CNH reveals cross-border het-
erogeneity in lake evolution, data availability, and 
downstream exposure. This cross-border aspect is notable. 
To improve future cross-regional assessments, we recom-

mend harmonized lake inventories, shared high-resolution 
DEMs, and joint field surveys across the China—Nepal 
border. Limitations include DEM inaccuracies, limited 
historical GLOF records, potential underestimation of 
extreme inundation, and the absence of societal resilience 
factors. Future work should use higher-resolution data, 
expand the outburst database, integrate hydrodynamic 
modeling with field verification, and incorporate socio-
economic indicators.

6. Conclusions

This study integrates remote sensing, machine learn-
ing, and modeling to quantitatively assess glacial lake 
changes and GLOF risk in the CNH. We mapped the 
spatial distribution and changes of glacial lakes, opti-
mized the glacial lake risk assessment framework, and 
applied stochastic flood modeling to estimate down-

stream impacts.

Our analysis shows dramatic changes in the glacial lake 
inventory over 30 years. The number of lakes rose from 
1983 to 2377, and the total area increased from 199.07 km 2 

to 252.87 km 2 . Ice-contact lakes saw the largest growth 
(25.52 km 2 ), while unconnected glacier-fed lakes added 234 
new lakes. These trends reflect different responses to cli-
mate warming; ice-contact lakes are especially vulnerable 
to glacier retreat. These findings help understand cryo-
spheric hydrology by linking lake types to glacial processes 
and provide a baseline for hazard assessment and climate 
adaptation.

This study advances GLOF risk assessment by analyz-
ing 76 PDGLs in the CNH. The results demonstrate that 
the RF model surpasses AdaBoost and XGBoost in GLOF 
susceptibility mapping. Notably, the analysis highlights 
four lakes at very high risk and 14 at high risk, marking the 
quantitative prioritization of sites needing urgent miti-

gation in the CNH. These insights improve risk mitigation 
by more accurately identifying vulnerable areas. The 
standardized risk assessment framework provides repro-
ducible and comparable results, creating a solid baseline 
for future research and regional comparisons. Overall, 
these findings offer valuable scientific support for climate 
adaptation and disaster mitigation efforts in this moun-

tainous region, where data are limited. Additionally, this 
glacial lake risk assessment framework is designed to be 
adaptable to other regions with limited data, enabling 
reproducible GLOF susceptibility mapping and site pri-
oritization beyond the CNH.
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