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Highlights

What is the main finding?

e  The proposed Evolutionary Feature Gaussian Process (EF-GP) can effectively identify
anomalous observations arising from deviations in glacial lake boundary recognition
caused by the interference of clouds, snow, and terrain shadows in remote sensing
imagery, while preserving the genuine evolutionary processes of the glacial lakes.

What is the implication of the main finding?

e  The ‘EF-GP’ proposed in this study substantially enhances the quality of automated
remote-sensing mapping of glacial lakes, enabling the development of high-quality, long-
term glacial-lake datasets and providing reliable support for large-scale monitoring.

Abstract

The retreat of glaciers has accelerated the expansion of glacial lakes, heightening the risk of
outburst floods. Satellite remote sensing provides a crucial means for monitoring these lakes.
Yet, artifacts caused by cloud cover and shadows inevitably persist even after preprocessing,
compromising the reliability of large-scale automated analyses. However, the conventional
approach views such data noise merely as an obstacle to be removed. The critical research
gap lies in the lack of systematic methods to identify and filter out anomalies arising from
unavoidable interferences actively. To address this, we propose a Gaussian process anomaly
detection method that incorporates features of glacial lake evolution. By modeling how
lakes change over time and establishing confidence intervals, this study effectively detects
anomalies in automatically identified glacial lakes from remote sensing imagery. Analysis
of typical Himalayan glacial lakes demonstrates that this method achieves an F1-score of
0.95, significantly improving the precision of remote sensing datasets. Overall, this research
provides valuable technical support for developing high-quality glacial lake datasets and
for automating lake monitoring.

Keywords: glacial lake; glacial lake outburst floods; climate change; deep learning; remote
sensing monitoring

1. Introduction

Glacial lakes, formed by glacial processes, are crucial water bodies that significantly
influence hydrological cycles in high-mountain regions [1]. As global warming accelerates
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glacier retreat [2-4], both the number and volume of glacial lakes have been increasing [5-7].
These lakes” dam structures can become unstable due to processes triggered directly—such
as rising lake levels caused by abnormal snowmelt, rainfall, or rapid glacier retreat—or
indirectly, such as ice or rock avalanches into the lake or dam erosion [8,9]. Such instabil-
ities heighten the risk of glacial lake outburst floods (GLOFs). Such floods have caused
substantial loss of life, damage to infrastructure [10], and pose serious threats to the safety
of infrastructure, residents, and property in high-altitude regions [11-13].

Satellite remote sensing has become a critical tool for real-time monitoring of glacial
lakes in remote, mountainous areas [14,15]. Data from satellites like Landsat and Sen-
tinel are commonly used to analyze the distribution, areal extent, and water volume of
these lakes [16-18]. Recent advances in deep learning algorithms have greatly improved
the automated identification of glacial lake boundaries [19,20], providing effective meth-
ods for creating long-term datasets on lake-area dynamics [21]. This technology enables
automated feature extraction and learning from remote sensing images to detect water
bodies [1,22], supporting disaster risk assessment and early warning systems for glacial
lakes [23]. However, cloud, snow, and terrain shadows in optical remote sensing images
can lead to misclassification or omission of glacial lake boundaries [24,25], thereby reducing
the accuracy of automated glacial lake detection. These datasets often exhibit anomalies
that distort observed lake-area trends, making it challenging to identify signals, including
lake-level changes driven by dam operations, water balance, or other factors. Therefore,
removing these anomalies from automatically generated data is essential to improve the
reliability of glacial lake datasets and support scientific research.

Time series anomaly detection techniques have proven effective in identifying data
change points and irregular fluctuations [26,27]. Removing anomalies can significantly
improve data reliability [28], thereby offering new solutions for automated glacial lake
monitoring. Statistical threshold techniques, such as the Hampel filter [29], leverage the data
distribution to detect outliers efficiently [30]. For example, Chang et al. [31] used a Hampel
filter to smooth the series of reservoir water extent across satellite platforms, removing
outliers. These methods are commonly used in hydrological research [32] due to their
straightforwardness and computational efficiency [33]. However, they often create long-
term trends or seasonal patterns, which can result in misclassification or the overlooking
of anomalies [34]. To improve detection performance, researchers decompose time series
to separate trends and seasonal effects [35], then analyze the residuals for anomalies,
thereby better capturing periodic variations. The ARIMA (Auto Regressive Integrated
Moving Average) model is also widely applied in water quality analysis [36]. However,
its success depends on proper parameter settings, as incorrect choices can misinterpret
regular seasonal changes as anomalies [37]. Machine learning techniques such as the
Local Outlier Factor (LOF) [38] and Long Short-Term Memory (LSTM) networks [39]
have demonstrated high performance in detecting environmental anomalies. For instance,
Mokua et al. [40] employed the LOF algorithm to identify outliers in water quality data,
while Arathy et al. [41] applied an LSTM autoencoder for anomaly detection in flow rate
time series.

Nevertheless, their effectiveness varies depending on data conditions [42], and they of-
ten lack interpretability [43]. Although they are widely applied in hydrometeorological and
environmental monitoring, research specifically on high-mountain glacial lake monitoring
remains limited.

This study presents a Gaussian process-based anomaly detection method that lever-
ages features of glacial lake evolution to enhance remote sensing monitoring. Our goals are:
(1) to develop a reliable anomaly detection algorithm for Himalayan lakes and evaluate
their performance; (2) to create a high-accuracy time series dataset for monitoring glacial
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lakes. This study has the potential to offer a new approach to creating large-scale glacial
lake datasets and provides an effective way to monitor glacial lakes.

2. Study Area and Data
2.1. Case Study Area

The study focuses on the eastern central Himalayas (Figure 1), situated along or-
bit 139/041 of the Worldwide Reference System. Covering 31,700 km?, this region has
1489.96 km? of glaciers. Accelerated glacier melting due to climate change has led to the
formation of new glacial lakes and the expansion of existing glacial lakes, increasing the
risk of GLOFs. Previous GLOF events in this area, as documented by Nie et al. [44], have
had considerable effects on downstream communities.
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Figure 1. Study area location: (a) Map showing the distribution of glacier lakes included in the study.
(b) The position of the case study area within the Himalayas.

Our study analyzes 10 representative moraine-dammed lakes within the study area
(Table 1) for model training and validation. These lakes are grouped by size and types: the
first group includes glacier-contact lakes larger than 1.40 km?, such as Longbasaba Lake
(1.75 km?), South Lhonak Lake (1.42 km?), and Khangchung Tsho (1.91 km?). These lakes
have expanded significantly, with South Lhonak Lake experiencing a partial outburst in
October 2023 [45]. The second group consists of glacier-contact lakes with areas less than
1.40 km?, including East Upper Gurudongmar Lake (EUG Lake, 1.34 km?), Bangdangcuo
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(1.03 km?), and Cuolang (0.60 km?). These lakes have mostly remained stable, although
EUG Lake and Bangdangcuo have recently shown slight expansion. The third group
includes glacier-non-contact lakes, such as Gurudongmar Lake (1.13 km?), Tso Lhamo Lake
(1.07 km?), Yarecuo (0.42 km?), and Mo Gulongcuo (0.56 km?), which have been relatively
stable during the study period.

Table 1. Basic parameters of ten representative glacial lakes.

Name Lake Type Area in 2024 (km?) Status
Longbasaba Lake Glacier-contact 1.75 Expanding
South Lhonak Lake Glacier-contact 1.42 Expanding and outburst
Khangchung Tsho Glacier-contact 191 Expanding
EUG Lake Glacier-contact 1.34 Slightly increase
Bangdangcuo Glacier-contact 1.03 Slightly increase
Cuolang Glacier-contact 0.60 Stable
Gurudongmar Lake  Glacier-non-contact 1.13 Stable
Tso Lhamo Lake Glacier-non-contact 1.07 Stable
Yarecuo Glacier-non-contact 0.42 Stable
Mo Gulongcuo Glacier-non-contact 0.56 Stable
2.2. Data

A total of 89 satellite images from Landsat 5/7-9, collected between 1988 and 2024,
were used to create a long-term dataset for 10 glacial lakes using an automated lake mapping
method. All images are automatically selected and downloaded, filtering for cloud cover
less than 30%. The data helps train anomaly detection algorithms, generating a high-quality
dataset for monitoring changes in glacial lakes. The images consist of 56.1% from Landsat
8, 22.5% from Landsat 9, 16.9% from Landsat 5, and 4.5% from Landsat 7 (Figure 2a).
Most images were acquired after 2020 (48.3%), followed by 2011 to 2020 (30.3%), 16.9%
before 2000, and only 4.5% from 2001 to 2010 (Figure 2b). Most images were taken in
autumn (68.5%) and summer (25.8%), while winter and spring each account for less than
4% (Figure 2c). October had the highest number of images (26), followed by November
(23), while the months from June to September contributed 35 images overall (Figure 2d).
An autumn period is ideal for examining longer-term changes because it is drier and less
cloudy, whereas including other months will show seasonal fluctuations. Thus, this study
primarily uses autumn and high-quality summer images to minimize the effects of seasonal
changes and snow cover on the identification of glacial lake boundaries, thereby supporting
the development of a comprehensive glacial lake database for further research.

In any satellite image, a scene was considered a “valid observation” for a specific
glacial lake and processed by the U-Net model for area extraction only if at least part of
the lake was partially visible. If the lake was entirely obscured by clouds or shadows
on that date, it was recorded as “no data.” As a result, the final number of observations
varies across lakes, reflecting the number of images in which each lake could be processed
algorithmically within the time series (Table 2). Table 2 summarizes the number of valid
observations for the 10 studied glacial lakes and provides the calculated percentage of data
loss due to complete obscuration by clouds, shadows, and similar interferences.
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Figure 2. Statistics on Landsat satellite remote sensing imagery used in the study.

Table 2. Valid samples of glacial lakes observed via satellite.

Name Number of Valid Samples  Total Observations Percentage of Valid Observations
Longbasaba Lake 67 89 75.28%
South Lhonak Lake 58 89 65.17%
Khangchung Tsho 66 89 74.16%
EUG Lake 59 89 66.29%
Bangdangcuo 72 89 80.90%
Cuolang 49 89 55.06%
Gurudongmar Lake 69 89 77.53%
Tso Lhamo Lake 65 89 73.03%
Yarecuo 72 89 80.90%
Mo Gulongcuo 71 89 79.78%

3. Methods

This study presents an anomaly detection method, Evolutionary Feature Gaussian

Process (EF-GP; Figure 3), designed to analyze the evolution of glacial lakes. The approach
builds confidence intervals using Gaussian process modeling and incorporates three con-

straints based on the evolution of glacial lakes. This enhances the ability to distinguish

between glacial lake outburst events and anomalous lake mapping, thereby significantly

increasing the accuracy of glacial lake area time series.
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Figure 3. Flowchart of the Evolutionary Feature Gaussian Process for identifying anomalies in
glacial lakes.

3.1. Automated Mapping of Glacial Lakes Using Remote Sensing

This research utilizes the U-Net deep learning architecture to automatically delineate
glacial lakes [46,47], achieving an accuracy exceeding 90% in the Himalayan region [48].
The model architecture and processing pipeline are based on the framework of Zhang
et al. [48], which has shown strong performance in the Himalayan region, with key metrics
including precision (0.88), recall (0.96), F1-score (0.92), and IoU (0.84). The specific steps are
as follows:

A total of 35 Landsat 8 images were used as training data. An interactive mapping tool
assisted in labeling glacial lakes within these images [4,49]. This tool enabled users to select
the area of interest (AOI) and produce an NDWI histogram. Users could then fine-tune the
threshold to identify water bodies, ensuring the labels are reliable. The images and their
labels were later split into 12,388 training samples, each measuring 512 x 512 pixels.

The model’s input consists of six Landsat 8 bands: Blue, Green, Red, NIR, SWIR1, and
SWIR2. It is trained using the PyTorch (version 1.13.1) framework with the Adam optimizer,
starting with a learning rate of 1 x 10~# and a batch size of 8 over 200 epochs. After training,
the model is applied to detect glacial lakes and generate data for anomaly detection.

To improve the robustness and transferability of the well-trained U-Net model, all Landsat
raw images have been converted from digital number values to top-of-atmosphere reflectance.

3.2. Gaussian Process Modeling and Confidence Interval Construction

The Gaussian Process (GP) [50] is a non-parametric supervised learning approach
based on Bayesian principles, which effectively minimizes noise and reconstructs the latent
function underlying the data [51,52]. It is commonly applied in remote sensing data anal-
ysis [53,54]. In this study, the GP is used to model the time series of glacial lakes. Its key
benefits include: (1) accurately capturing the evolution and long-term trends of glacial lakes;
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(2) distinguishing between minor fluctuations and rapid changes; and (3) providing a trust-
worthy measure of uncertainty through the posterior predictive standard deviation [55],
which aids in establishing confidence intervals for anomaly detection.

3.2.1. Gaussian Process Modeling

This study uses the GP to model the time series trend of glacial lake areas
D; = {x;, Vir g}, i € [1,n], where x; denotes the temporal features of the glacial lake area
changes, y, is the glacial lake area, and ¢; denotes the mapping uncertainty.

Here, x; is a continuous variable based on the image acquisition date, indicating the
passage of time. For each glacial lake, we start by calculating the number of days since
a fixed baseline date—the earliest date in that lake’s dataset—denoted as t; (in days). To
ensure stable model fitting, we then standardize t; for each lake separately.

(ti— m)

XN= 1)
where p; and oy represent the mean and standard deviation calculated from the lake’s
specific t; values.

In this study, we develop an individual GP model for each glacial lake, treating each
lake’s time series independently. In practice, each lake’s area data is loaded, its time axis
is standardized, and a GP with a composite kernel is fitted exclusively to that lake’s data.
Each lake has customized hyperparameters, including the length scale and signal variance,
optimized by maximizing the marginal likelihood for that particular series.

The uncertainty in lake mapping (¢;) was estimated using an improved Hanshaw’s
function [18,56]. The equation is provided below:

P GZ
&= (E—ther) x 0.6872 x > )

This method assumes that measurement errors for the area follow a normal distribu-
tion, with a 68.72% confidence interval at 1o. In this context, P stands for the perimeter
of the glacial lake, G indicates the spatial resolution of the imagery (79 m for Landsat
1-3, 30 m for Landsat 5-9, 10 m for Sentinel-2, and 3 m for Planet), and Nipner represents
the number of inner nodes in the lake’s vector boundary.

The modeling process is outlined as follows:

(1) Kernel function:
2
X — X
ke(xi,%) = of exp (—(2@])> €)

where 07 is the signal variance, and t is the length scale.
(2) Covariance matrix structure:
N 2
Ky = [k (xi,xj)h].:l +ozly (4)
where 0‘% is the noise variance, and I, represents the n x n identity matrix.
(3) Hyperparameter estimation:

The hyperparameters o2, . and o2, are estimated by maximizing the log-

likelihood function:

1 _ 1 n
logp(Y|X) = — EYTKy y - Elog| Ky| — 5 log(2m) ()
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where p(Y|X) is the conditional probability of observing the output matrix Y given the
inputX, X = [xl,...,xn]T andY = [yl,...,yn]T.

(4) Prediction computation:

Calculate the estimated glacial lake area (¥;):
9 =k K'Y (6)

where k; = [k(xj, x1), ..., k(X;, xn)]T.
Posterior predictive uncertainty:

o(xi) = \/k(Xi, xi) — ki Ky 'k, (7)

3.2.2. Creating Confidence Intervals

Based on GP modeling, the total uncertainty Uj; of the ith sample in this study is defined
as the sum of the model’s posterior-prediction uncertainty and mapping uncertainty.

U = 4/ 02(x) +e;2 (8)

The confidence interval for the ith glacial lake area is denoted as Cl; and can be
expressed as:
Cli= [§; — Ui §; + Uil ©)

3.3. Criteria for Detecting Anomaly Values

Based on the confidence interval, the observed values of glacial lake area, y;, can be
categorized into three groups. These categories are: (1) C; (above the upper confidence
interval bound), which includes expanding glacial lake areas potentially caused by faster
glacier melting, heavy rainfall, or overestimations due to cloud and snow interference in
remote sensing images. (2) C; (within the confidence interval), indicating typical natural
fluctuations under normal climate conditions. (3) C3 (below the lower bound), where lake
area reductions might be caused by mapping errors such as cloud shadowing or actual
decreases resulting from events like GLOFs. This research identified the glacial lake areas
in C; and Cj as anomalous, while those in C, were considered normal.

C={ily; > y;+ Ui} (10)
C={ily;-U <y <¥9+U} (11)
C={ily; <y -U} (12)

The sudden decrease in area caused by GLOFs is often mistaken for an anomaly. The
study proposes three criteria to distinguish genuine outburst events from mapping errors,
with a primary focus on the changes observed in glacial lakes following an outburst. These
criteria include:

(1) Constraint on dramatic fluctuations in glacial lake area during outbursts

Outburst events rapidly reduce the area of glacial lakes. For a specific value y;,, the
historical window Hfre, covering the range {y i Vil }, corresponds to the period
{Xi—5,...,Xj—1}. Since most glacial lakes have about 50-70 data points, we tested win-
dow sizes from 3 to 7 points. A window size of 5 provided the best balance between
detection accuracy and false-positive rate on our training data and was selected as the
optimal parameter.
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The following criteria differentiate them.

pre
Mi™ -

Te
o

> 04 (13)

where Mfre represents the median of the historical window, Uf ' is the standard deviation,
and 6 is the threshold for dramatic fluctuations in glacial lake area.

(2) Constraint on prolonged glacial lake shrinking after outburst

After the outburst, the lake area stays relatively low for a prolonged period. For the
observed value y;, a post-window H}OOSt was defined as {y;, ..., y;,4}. This corresponds
to the range from a time span of {x;, ..., Xjt4}. The formula is given below:

MPre o MPost
W > 0 (14)

1
where MfOSt represents the median of the historical window, and ) is the threshold for
prolonged glacial lake shrinkage.

(3) Constraint on the stability of glacial lakes after outburst

The glacial lake’s area shows minimal change after the outburst. The discrimination
formula is provided below:
Pt < o, (15)

1

fOSt represents the standard deviation of the post window, and 0y, is the threshold

for the stability of glacial lakes.

where o

If all the predefined conditions are satisfied, the sample is identified as the outburst
time (a; = outburst); otherwise, it is classified as an anomalous value (a; = outlier).

3.4. Parameter Tuning and Performance Assessment

To evaluate the EF-GP algorithm, reference labels were manually created by visu-
ally examining satellite images. For each timestep across the ten glacial lakes” area time
series, the corresponding image was reviewed, and any observations affected by cloud
cover, shadows from clouds or terrain, or seasonal ice and snow were marked as anoma-
lous. All remaining observations were categorized as normal. Confirmed outburst events,
which represent real physical changes, were included in the normal class when calculating
detection metrics.

This study employs a grid search to identify the optimal parameter combination
within the specified range (Table 3). Detection performance is evaluated using three metrics:
precision (P), recall (R), and the Fl-score (F). The combination with the highest F1-score is
chosen as the optimal solution. The formulas for each metric are provided below.

TP
P_TP+FP (16)
TP
_ ] 7
R TP + FN (17)
2XRxP
F= R+P (18)
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Table 3. Parameter range for candidates in this study.
Parameters Predefined Ranges
Threshold for dramatic fluctuations in glacial lake area (64) [1,2,3,4,5]
Threshold for prolonged glacial lake shrinkage (0;) [0.05,0.1, 0.15, 0.2, 0.25]
Threshold for the stability of glacial lakes (6) [0.05, 0.1, 0.15, 0.2, 0.25]

TP stands for true positives (normal samples correctly identified as such), TN is true
negatives (outliers correctly identified as outliers), FP is false positives (outliers incorrectly
identified as normal samples), and EN is false negatives (normal samples incorrectly
identified as outliers).

This study aims to improve detection accuracy through an adaptive iterative optimiza-
tion process that includes: (1) removing confirmed anomaly data points; (2) reconstructing
the GP model with the remaining data; and (3) repeating these steps until no additional
anomalies are found or until 20 iterations are reached.

Six glacial lakes—Longbasaba Lake, Mo Gulongcuo, Yarecuo, Tso Lhamo Lake, Bang-
dangcuo, and Gurudongmar Lake—were used as the training dataset for threshold opti-
mization, utilizing grid search over specified ranges. Four additional lakes—Cuolang, EUG
Lake, Khangchung Tsho, and South Lhonak Lake—served as the validation set for com-
parison. The experiments used the Hampel statistical method and the ARIMA time-series
model to evaluate the performance of the EF-GP algorithm.

4. Results
4.1. Model Training Accuracy

The model’s performance was evaluated using 625 predefined threshold combinations,
and the best threshold is listed in Table 4.

Table 4. Optimal parameter configuration.

Parameters Optimal Threshold
Threshold for dramatic fluctuations in glacial lake area (64) 3.0
Threshold for prolonged glacial lake shrinkage (6;) 0.1
Threshold for the stability of glacial lakes (6) 0.1

The training outcomes highlight the model’s robust detection abilities (Table 5). The
F1-score exceeds 0.90 across all samples, reaching a peak of 0.96. Both precision (0.92-1.00)
and recall (0.92-1.00) remain consistently high, demonstrating the model’s reliable anomaly
detection with a low false positive rate.

Table 5. Evaluating the metrics of the EF-GP.

Glacial Lake Name Precision Recall F1-Score
Longbasaba Lake 0.97 0.92 0.94
Mo Gulongcuo 0.98 0.93 0.95
Yarecuo 0.98 0.95 0.96
Tso Lhamo Lake 1.00 0.92 0.96
Bangdangcuo 0.93 0.98 0.96
Gurudongmar Lake 0.92 1.00 0.96

4.2. Model Validation and Application

The evaluation on the validation dataset demonstrates excellent ability to identify
anomalies in glacial lake areas, significantly enhancing the accuracy of long-term monitor-
ing of glacial lake changes.
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In the Cuolang glacial lake time series (Figure 4a), 12 out of 49 anomalies were detected,
achieving 92% recall and an F1-score of 0.95. After removing anomalies from 1988 to 2024,
the average lake area remained stable at 0.57 km?. The optimized model effectively iden-
tified the 2013 anomaly (0.16 km?) and six additional anomaly events between 2015 and
2023. Without removing anomalies, the trend in the lake area appears blurry; however,
after excluding anomalies, it shows a gradual increase.

For EUG Lake (Figure 4b), the detection precision was 0.97. This method effectively
eliminated anomalies caused by cloud interference after 2013, including those in 2014, 2016,
2020, 2023, and 2024, giving a more objective view of the long-term changes in the glacial
lake area.

The Khangchung Tsho identified 14 anomaly points, of which 5 were caused by lake
surface ice and 9 by cloud interference (Figure 4c). Examples include data from October
2014 (Figure 4e), October 2017 (Figure 4f), June 2021 (Figure 4h), and August 2022 (Figure 4i).
After removing anomalies from 1989 to 2024, the average area was 1.57 km?, showing a
slight increase. This also affirms the accuracy of boundary extraction under cloud-free
conditions, as demonstrated in July 1997 (Figure 4d) and November 2019 (Figure 4g).

The validation results for South Lhonak Lake (Figure 5a) demonstrate that the de-
veloped algorithm has strong generalization capabilities. Of 58 observation samples,
16 anomalies were correctly detected, achieving a Precision of 92% and an Fl-score
of 0.93. Once anomalies were removed, the data showed a steady increase from 1989 to 2024,
with the lake area decreasing significantly to 1.4 km? after the 2023 outburst. The anomaly
detection efficiently identified issues caused by cloud cover (Figure 5b,e), cloud shadows
(Figure 5f), and ice formation on the lake surface (Figure 5c), enabling the construction
of a high-quality, long-term dataset on glacial lake variations. These results validate the
algorithm’s robustness in complex settings and offer dependable technical support for
monitoring glacial lake dynamics.

4.3. Comparison of Accuracy Among Different Models

To evaluate the performance of the EE-GP algorithm, we compared it with tradi-
tional methods. For a fair comparison, the baseline models were configured as follows:
the Hampel filter used a fixed window size of 5 and a threshold of 3 median absolute
deviations, representing a standard robust outlier-detection configuration. The ARIMA
model parameters were customized for each lake’s time series: stationarity was verified by
identifying the differencing order ‘d’ using the Augmented Dickey-Fuller test, followed
by a grid search over autoregressive (“p’) and moving average (‘q’) orders (ranging from
0 to 3) to find the model with the lowest AIC. This approach ensures that each baseline
model is implemented in its standard or best-tuned form for time-series analysis.

Our research introduces a novel method for identifying glacial lake anomalies, achiev-
ing significant performance improvements. It reaches an Fl-score of over 0.95, surpassing
traditional approaches by 3-10% (Table 6). The algorithm effectively balances precision and
recall. While the Hampel method attains a recall of 1.00, its precision drops to 0.87, indicat-
ing over-detection; the ARIMA model also exhibits lower precision. These results highlight
the limitations of existing models and showcase the innovative research underpinning
this approach.
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Figure 4. Examples of glacial lake anomaly detection and typical anomaly images. (a—c) Time series
showing changes in the areas of the Cuolang, EUG, and Khangchung Tsho glacial lakes from 1988
to 2024, with anomalies highlighted. (d) Clear satellite image of Khangchung Tsho taken in July
1997. (e) Anomaly map from October 2014 highlighting lake ice on the surface of Khangchung Tsho.
(f) October 2017 anomaly image affected by clouds. (g) Clear image of Khangchung Tsho from
November 2019. (h) June 2021 anomaly image indicating lake ice, affected by anomalies. (i) August
2022 anomaly image obscured by clouds.
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Figure 5. Anomaly detection at South Lhonak Lake and examples of typical anomaly images.
(a) South Lhonak Lake area time series (1989-2024) showing anomalies, with an overall rise followed
by a sharp drop after the 2023 outburst. (b) Cloud-covered anomaly image over the lake. (c) An
anomaly image displaying ice formation on the lake’s surface. (d) Clear reference image of South
Lhonak Lake under optimal conditions. (e) Cloud-affected anomaly image. (f) Cloud shadow impact
on the lake anomaly image. (g) Accurate boundary delineation of the lake in 2023.

Table 6. Comparison of the accuracy of the EF-GP algorithm with two traditional methods, Hampel
and ARIMA.

Glacial Lake Name Model Precision Recall F1-Score 95% CI (F1-Score)
EF-GP 1.00 0.92 0.95 (0.9062, 1.0000)
Cuolang Hampel 0.88 1.00 0.94 (0.8767, 0.9880)
ARIMA 0.86 1.00 0.93 (0.7907, 0.9375)
EF-GP 0.97 0.95 0.96 (0.9231, 1.0000)
EUG Lake Hampel 0.82 1.00 0.90 (0.8367, 0.9600)
ARIMA 0.83 0.96 0.87 (0.8172, 0.9505)
EF-GP 0.98 1.00 0.99 (0.9684, 1.0000)
Khangchung Tsho ~ Hampel 0.98 1.00 0.99 (0.9684, 1.0000)
ARIMA 0.91 0.98 0.94 (0.8932, 0.9818)
EF-GP 0.92 0.94 0.93 (0.8750, 0.9867)
South Lhonak Lake = Hampel 0.80 1.00 0.89 (0.8089, 0.9474)
ARIMA 0.79 0.97 0.87 (0.7907, 0.9375)

Note: The 95% confidence intervals (95% CI) were determined using the bootstrap method with 1000 replicates to
evaluate the stability of the F1-score estimates.

Analysis shows that EF-GP improves the stability of glacial lake time series after
removing anomalies (Figure 6). In Cuolang Lake, EF-GP detects early anomalies that tradi-
tional methods overlook. For EUG Lake, it filters interference more effectively and clearly
displays the lake’s continued growth since 1998, outperforming conventional techniques.
At Khangchung Tsho, both EF-GP and Hampel successfully identify anomalies. During the
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outburst at South Lhonak Lake, EF-GP tracked fluctuations more accurately than traditional
methods. Overall, EF-GP demonstrates to be a dependable and effective tool for detecting
anomalies in glacial lakes.
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Figure 6. A comparative assessment of anomaly detection algorithms applied to four glacial lakes:
(a) Cuolang Lake, (b) EUG Lake, (c¢) Khangchung Tsho, and (d) South Lhonak Lake. The EF-GP
approach demonstrates improved time series stability after removing anomalies, with better early
detection in Cuolang, more effective interference filtering in EUG, and more accurate monitoring of
lake fluctuations during outburst events in South Lhonak.

5. Discussion

Our study presents a Gaussian process method for identifying anomalies associated
with changes in glacial lake areas, surpassing traditional time-series analysis methods.
Methods like the Hampel filter and ARIMA have limitations: the Hampel filter can generate
false alarms due to seasonal variations [34], potentially leading to the misinterpretation of
natural lake growth as glacier retreat; similarly, ARIMA, which assumes linearity [57,58],
struggles to identify sudden nonlinear events such as GLOFs. The EF-GP algorithm
introduces three improvements: (1) using Gaussian processes to model lake data without
predefined functions; (2) employing double-validation based on lake evolution to capture
GLOF features; (3) and iterative optimization to improve precision by detecting anomalies
and refining the model. Results show EF-GP effectively detects anomalies aligned with
lake patterns.

While the EF-GP algorithm’s advantages are evident, its application is mainly confined
to moraine-dammed lakes, which typically experience single, isolated outburst events. It is
less effective for ice-dammed glacial lakes [57], which undergo frequent seasonal filling
and drainage cycles, as physical constraints—like the assumption that lakes shrink over
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a long period after an event—may not hold. Future research should aim to develop
methods for anomaly detection in ice-dammed lakes, particularly those with repeated,
high-frequency outbursts.

These issues mainly arise from: (1) the Gaussian process’s limited ability to capture
high-frequency, sudden changes accurately [59]; (2) the restricted flexibility of optimized
parameters when faced with abrupt, intense shifts; and (3) the missing data caused by
clouds and snow, which cause gaps in remote sensing time series and reduce accuracy [60].

Another methodological limitation arises from the use of stationary kernels in our
Gaussian Process model. When working with sparse data from early periods, their inherent
smoothing can underestimate or hide isolated anomalies in the historical record. This study
included images with less than 30% cloud cover, but there were notable data gaps from
1988 to 2016, primarily caused by high cloud cover (Figure 7a). For example, the August
1997 image of Longbasaba Lake was affected by cloud shadows (Figure 7b), resulting in an
underestimated lake area. This anomaly was overlooked because the overall increasing
trend of lake size masked it. The adoption of high-spatiotemporal-resolution satellite
systems, such as Sentinel-2, is expected to produce more continuous and complete time-
series data on glacial lakes.

a @ Normal m Outlier — Trend of glacial lake area (filtered) Confidence interval 1997-08-20 i
o030 &L u
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" / %’\:. = u J
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Figure 7. A case study of anomaly detection at Longbasaba Lake. (a) Time series for the Longbasaba
Lake area (1989-2024), showing detected anomalies (Outlier) and misclassified observations (False
positive, FP). (b) An example of a lake boundary anomaly caused by cloud and cloud shadow.

Despite certain limitations, EF-GP shows considerable promise for advancing research
on glacial lakes and assessing risks. It provides a systematic approach to detecting GLOF
events that might have previously gone unrecorded or poorly documented. This facilitates
the creation of more complete GLOF records, particularly in remote mountain regions
with sparse direct observations [61]. Moreover, EF-GP enhances data quality control for
automatically gathered glacial lake datasets. Although it does not directly improve pixel-
level segmentation accuracy, it acts as a temporal filter, removing false fluctuations caused
by clouds, snow, or terrain shadows, thereby enhancing the reliability of long-term data.
The algorithm is highly adaptable to various regions. Thanks to the extensive history and
broad coverage of remote sensing imagery, such as Landsat [62], EF-GP can be applied
to glacial lake monitoring elsewhere, provided a sufficient time series of lake-area data is
available. It performs best with lakes that show relatively stable area changes and have few
documented outburst events.

Future improvements include: (1) using non-stationary kernel functions to better
model and detect sudden changes [63]; (2) adopting trend-sensitive weighting methods to
improve detection of small lake area reductions [64]; and (3) combining multiple remote
sensing sources, such as SAR, to enhance glacial lake monitoring over time [65].
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6. Conclusions

This study presents a Gaussian process-based anomaly detection method that utilizes
features of glacial lake evolution. By combining non-parametric models with physical
constraints, it establishes a unified criterion that significantly improves the accuracy of
detecting anomalies in glacial lakes. Testing on typical Himalayan glacial lakes shows that
the method achieves an average F1-score of 95%, effectively addressing issues caused by
cloud cover and terrain shadowing.

Our algorithm effectively detects anomalies, providing reliable support for developing
a high-quality, long-term dataset on glacial lakes using satellite remote sensing. This greatly
enhances the accuracy of monitoring changes over time. As a result, it has the potential to
scale for real-time water volume monitoring and remote sensing of water level fluctuations.
Future work will focus on improving multi-source remote sensing data fusion techniques
to address challenges in heavily clouded areas and to enhance their application for ice-
dammed lakes, ultimately integrating them into monitoring and early warning systems for
high-risk glacial lakes.
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