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Abstract: Accurately simulating glacier mass balance (GMB) data is crucial for assessing the impacts of
climate change on glacier dynamics. Since physical models often face challenges in comprehensively
accounting for factors influencing glacial melt and uncertainties in inputs, machine learning (ML)
offers a viable alternative due to its robust flexibility and nonlinear fitting capability. However, the
effectiveness of ML in modeling GMB data across diverse glacier types within High Mountain Asia
has not yet been thoroughly explored. This study addresses this research gap by evaluating ML
models used for the simulation of annual glacier-wide GMB data, with a specific focus on comparing
maritime glaciers in the Niyang River basin and continental glaciers in the Manas River basin. For
this purpose, meteorological predictive factors derived from monthly ERA5-Land datasets, and
topographical predictive factors obtained from the Randolph Glacier Inventory, along with target
GMB data rooted in geodetic mass balance observations, were employed to drive four selective
ML models: the random forest model, the gradient boosting decision tree (GBDT) model, the
deep neural network model, and the ordinary least-square linear regression model. The results
highlighted that ML models generally exhibit superior performance in the simulation of GMB data
for continental glaciers compared to maritime ones. Moreover, among the four ML models, the GBDT
model was found to consistently exhibit superior performance with coefficient of determination (R?)
values of 0.72 and 0.67 and root mean squared error (RMSE) values of 0.21 m w.e. and 0.30 m w.e.
for glaciers within Manas and Niyang river basins, respectively. Furthermore, this study reveals
that topographical and climatic factors differentially influence GMB simulations in maritime and
continental glaciers, providing key insights into glacier dynamics in response to climate change.
In summary, ML, particularly the GBDT model, demonstrates significant potential in GMB simulation.
Moreover, the application of ML can enhance the accuracy of GMB modeling, providing a promising
approach to assess the impacts of climate change on glacier dynamics.
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1. Introduction

The glaciers in High Mountain Asia (HMA) serve as vital freshwater reservoirs, play-
ing an essential role in the socio-economic development and eco-environmental sustainabil-
ity of extensive the HMA region and its surroundings [1,2]. However, most of these glaciers
are rapidly contracting and becoming more vulnerable, primarily due to the accelerated
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pace of climate warming resulting from human-induced greenhouse gas emissions [3-5].
This rapid glacial melting poses severe threats, including rising sea levels and increased
risks of glacial lake outburst floods. Moreover, it is important to note that the dynamics of
glacier mass balance (GMB) modelling are intricately linked to climate changes, influenc-
ing both the timing and magnitude of transitions in hydrological regimes [6]. Therefore,
accurate GMB modeling is imperative in order to assess the impact of climate change
on glaciers and provides a vital foundation for elucidating glacier dynamic processes,
predicting changes, and effectively managing basin water resources [7-9].

Current simulations of GMB data predominantly rely on process-based physical mod-
els, encompassing simple temperature index-based models [10] and more sophisticated
energy balance models [11]. While energy balance models can theoretically offer reliable
GMB estimations, their accuracy heavily relies on the reliability of input data and the
effectiveness of parameter calibrations. Meanwhile, their complex structure demands
substantial computing resources and time, constraining their widespread application over
large areas. On the other hand, temperature index-based models, establishing empirical
relationships between temperature and glacial melt data [10], provide a more straight-
forward approach suitable for large-scale areas. However, their exclusive dependence
on temperature and precipitation inputs may oversimplify glacial processes. Moreover,
a fundamental assumption in most temperature index-based models is the constancy of
degree-day factors (DDFs). However, this assumption has been challenged by studies, such
as by Ismail et al. [12], which indicate a decreasing trend in DDFs, particularly at higher
elevations. This study further highlights the sensitivity of DDFs to environmental changes,
particularly factors like solar radiation and albedo. Another limitation in applying process-
based physical models to GMB simulations in the HMA region is the severe shortage of
meteorological observation data [13], which further leads to high uncertainty in satellite-
based and reanalyzed products. Such uncertainties can significantly impact the accuracy
of GMB simulations, particularly in large-scale river basins. For instance, Lutz et al. [14]
suggested that glacial runoff contributed 40.6% of the total runoff in the Upper Indus River
basin. Contrastingly, using the same model in the same basin, Khanal et al. [15] reported
that glacial runoff accounted for only 5.1%. These stark discrepancies are often exacerbated
by uncertainties in meteorological inputs, highlighting the formidable challenges in physi-
cal model-based GMB simulation. Therefore, there is a pressing need for new techniques to
better understand the complex dynamics of glaciers and their responses to climate change.

Due to robust non-linear fitting capabilities, machine learning (ML) also has shown
significant potential in GMB simulation, even driven by biased input data [16]. For instance,
Ren et al. [17] demonstrated that ML models outperformed physical models used to detect
runoff simulations. However, the application of ML in GMB simulation is still in its early
stages, primarily due to the limited availability of GMB samples. Traditionally, GMB
samples rely heavily on direct in situ observations, which can be time-consuming and
labor-intensive, resulting in limited sample acquisition. With advancements in remote
sensing technology, the availability of GMB data derived from remote sensing observations
has rapidly increased in recent years. For example, Hugonnet et al. [18] reconstructed
global GMB data spanning nearly two decades using ASTER satellite remote sensing data,
thereby providing new opportunities for ML applications in GMB simulation. Initially,
ML studies used multiple linear regression to estimate GMB data based on temperature
and precipitation [19]. Subsequently, non-linear ML algorithms have been employed. For
instance, Bolibar et al. [20] utilized deep neural networks (DNNs) to simulate glacier-wide
mass balance in French Alpine glaciers, and Anilkumar et al. [21] employed random forest
(RF) and gradient boosting decision tree (GBDT) models to simulate point GMB data in
the Alps, both achieving promising results. However, applications of ML in the HMA
region have not yet been reported, despite its critical importance in elucidating the impact
of climate change on GMB simulations.

Previous research has highlighted significant spatial heterogeneity in GMB changes
across the HMA region [22-24], reflecting the complexity of glacial melting across diverse
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geographical locales. These variations are influenced by various factors, including glacier
types (continental, subcontinental, and maritime), climatic conditions, albedo, and glacier
internal temperature, among others [25,26]. Notably, glacier type and its associated climatic
environment play a crucial role in determining the rate of glacial retreat. For example,
Hugonnet et al. [18] observed that glaciers in the maritime climate of Southeast Tibet
experience a higher rate of negative mass loss, likely attributed to decreased precipitation
and increased temperatures, which accelerate glacial melting. A warming test conducted by
Fujita [27] also indicates higher sensitivities for maritime glaciers characterized by a summer
accumulation pattern. Conversely, glaciers in the continental climate of the Karakoram
and Kunlun regions exhibit smaller negative mass loss rates, with some even gaining
mass. This phenomenon can be attributed to cooler temperatures and lower precipitation,
resulting in a slower rate of glacial melting. In other words, maritime glaciers are more
sensitive to climate change compared to those in continental regions [27,28]. Therefore,
the differing responses of glacier types to climate change must be considered in GMB
simulation. In this context, ML provides the potential to develop bespoke models, tailored
to the unique characteristics of different glacier types, thus more effectively capturing
the complex influencing factors. However, research comparing the performance of ML
algorithms specifically on maritime and continental glaciers is still lacking, although itis a
critical aspect for advancing the precision of GMB simulation.

Therefore, to enhance the accuracy of GMB simulation across various glacier types in
the HMA region, this study aims to evaluate the performance of ML models in estimating
annual glacier-wide GMB data, specifically focusing on comparing their performance be-
tween maritime and continental glaciers. More specifically, continental glaciers selected for
this research are situated in the Manas River basin (MRB) of the Tianshan Mountains, while
maritime glaciers are represented by those in the Niyang River basin (NRB) in southeast
Tibet. Moreover, this study chose ordinary least-square linear regression (OLS), RE, GBDT,
and DNN models to assess their performance in GMB simulation, representing three cat-
egories of ML: traditional ML, ensemble learning, and deep learning. Thirdly, geodetic
mass balance observations [18] are chosen as target GMB datapoints, and ERA5-Land
datasets [29] and Randolph Glacier Inventory 6.0 [30] are used to provide meteorological
and topographical predictive factors, respectively. Through this research, three pivotal
questions are addressed: (1) What are the differences in performance among the four ML
models used for simulating GMB data? (2) How does the performance of these models
vary across different glacier types? (3) What are the main factors affecting the effectiveness
of ML models used for GMB simulation? By addressing these questions, this study seeks to
significantly advance GMB simulation methodologies, which can address the shortcomings
arising from process-based physical models due to model structure, parameters, and input
data, as well as substantial computational resources and time required. This improvement
will facilitate a more precise assessment of the impact of climate change on glaciers. Ulti-
mately, this study aspires to provide valuable insights for glacier dynamic detection, water
resource planning, disaster prevention, and climate change adaptation in regions that are
particularly vulnerable to the effects of climate change.

2. Study Area and Data
2.1. Study Area

Considering glacier type and water vapor source characteristics, glaciers in the Manas
River basin (MRB) of the Tianshan Mountains are chosen to represent continental glaciers,
primarily influenced by westerlies [26]. Meanwhile, glaciers in the Niyang River basin
(NRB) in southeast Tibet are selected as representatives of maritime glaciers, predominantly
influenced by the Indian monsoon [26]. The two river basins are depicted in Figure 1. The
Manas River, originating on the northern slope of the Tianshan Mountains, creates the
largest artificial oasis of China in the northern part of the HMA [31]. In this study, the MRB
refers to the upstream basin of the Manas River, which is regulated by the Kensiwate station
(Figure 1). This basin covers a drainage area of 5156 km? and is geographically distributed



Remote Sens. 2024, 16, 956

4 0f 20

between 84.5°-86.5°E and 43°—44°N. The MRB exhibits a distinct seasonal discharge pattern,
with approximately 80% of the flow occurring from June to September. Furthermore, glacial
runoff comprises 27% of annual flow, thereby playing a crucial role in its annual runoff
regulation [32]. According to the Randolph Glacier Inventory (RGI) version 6 [30], the
glacier covers an area of 481.69 km?, accounting for 9.32% of the total area in the MRB. Over
the last two decades, the average annual rate of glacier mass loss is 0.43 m w.e. yr~! [18].
Moreover, characterized by its high elevation, often exceeding 3100 m, the MRB receives an
annual average precipitation amount of around 550 mm [33]. The annual precipitation in
the Manas River basin is predominantly concentrated from April to August, accounting
for approximately 70.43% of the average annual precipitation. However, snowfall in the
high-mountain areas primarily occurs from November to March of the following year. The
precipitation contributes to the presence of perennial snow and glaciers, particularly in
lower mountain and hilly areas during the autumn and winter months.

Manas river basin Niyang river basin
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Figure 1. Location of the two headwater catchments.

The Niyang River is the fourth largest tributary in the Yarlung Zangbo River. It
meanders for 307.5 km before joining the Brahmaputra at Nyingchi. The NRB is distributed
at 92.17°-94.58°E and 29.47°-30.52°N, and it is located in the southeastern HMA region
(Figure 1). The basin area of the NRB is 16,304 km?, with elevations ranging from 2924
to 6857 m. It is characterized by a humid temperate climate influenced by the Indian
monsoon, with peak temperatures in July and its lowest temperatures in January [34]. The
wet season of the NRB lasts from May to October, contributing to the majority of its annual
precipitation. The basin has suffered from a steady warming trend, marked by an increase
in the annual mean temperature. Recognized as a glacierized region, according to the
RGI version 6 [30], the NRB encompasses 953 km? of glaciers, accounting for about 5.3%
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of its total area. Satellite data have shown a significant reduction in glacial area over the
years, with a 30% decrease from 923 km? in 1987 to 650 km? in 2013, equating to an annual
shrinkage rate of —0.8%. Importantly, Hugonnet et al. [18] reported an average annual
glacier loss rate of 0.81 m w.e. over the past two decades.

2.2. Data

The efficacy of the ML model critically depends on the availability of high-quality
training data related to research targets. In this study, GMB samples used for model
training were sourced from Hugonnet et al. [18]. This dataset provides global GMB infor-
mation based on ASTER satellite observations. Covering a 20-year period from 2000 to
2019, it includes annual glacier-wide GMB values for all glaciers worldwide, making it
exceptionally comprehensive. Its diverse representation of topographical characteristics,
encompassing both maritime and continental glaciers in the HMA, establishes it as an ideal
training dataset for the model. For a detailed description, please refer to the paper written
by Hugonnet et al. [18].

Topographical factors utilized in the model training are extracted from the RGI ver-
sion 6 [30]. These factors include a range of glacier characteristics: maximum and minimum
glacial elevations, median glacial elevation, glacial area, glacial longitude, glacial latitude,
glacial slope, glacial aspect, and glacial length. Due to the lack of weather observations
across the HMA, reanalysis datasets are the most viable option [21]. Due to its superior
performance and high spatiotemporal resolution (0.1° x 0.1°) [35,36], the ERA5-Land re-
analysis dataset [29] is employed to provide meteorological variables (i.e., air temperature
and precipitation) of ML models. Employing advanced assimilation techniques, ERA5-
Land integrates observational data from various sources, ensuring a higher correlation
coefficient (CC) and probability of detection (POD) than IMERG-E and IMERG-L reanalysis
precipitation products over the Tibetan Plateau. Its fine spatial resolution and hourly tempo-
ral frequency are crucial for elucidating land-atmosphere interactions, rendering it highly
valuable for climate research, hydrological modeling, and environmental assessments.
This choice is supported by the findings of Wu et al. [35], which suggest that ERA5-Land
can capture the long-term spatiotemporal patterns of precipitation. The dataset can be
accessed at (https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land)
(accessed on 29 December 2023).

According to the RGI [30], the MRB is home to 814 glaciers, while the NRB boasts
1208 glaciers. Due to the low spatial resolution (0.1° x 0.1°) of ERA5-Land meteorological
data and the relatively small size of glaciers, to ensure each glacier has representative
meteorological variables, this study first established an area threshold for glacier data,
selecting only glaciers with an area greater than 0.5 km? as glacier sample data. Then, the
ERA5-Land data were bilinearly interpolated to a resolution of 500 m, and, finally, the
nearest neighbor method was used to extract the meteorological data corresponding to each
grid point glacier. Then, the meteorological variable value for each glacier was calculated
using the average of all meteorological data grid points corresponding to the entire glacier.
As a result, there were 235 and 363 glacier samples for the MRB and NRB, respectively.
Each glacier was subject to 20 years of GMB samples, yielding a total of 4700 samples for
the MRB and 7260 samples for the NRB, respectively.

3. Methodology
3.1. Machine Learning Algorithms

ML has witnessed significant evolution, positioning itself at intersects between com-
puter science, statistics, and artificial intelligence. The primary goal of ML is to develop
algorithms that enable systems to learn from data, adapt, and make predictions or decisions
without explicit programming [37]. The development of ML can be broadly categorized
into three phases. (1) Traditional machine learning (1980s): In the early stages, traditional
ML algorithms like linear regression, decision trees, and backpropagation artificial neural
networks dominated the field. While effective for certain tasks, these algorithms suf-
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fered from limitations in handling complex and unstructured data. (2) Ensemble learning
(1990s): This phase was marked by the advent of ensemble learning, exemplified by RF
and GBDT models [10]. Ensemble methods enhance the overall performance of ML by
combining predictions of multiple models. The RF model, for example, aggregates outputs
from multiple decision trees, resulting in enhanced accuracy and robustness. (3) Deep
learning (2000s~): Since the early 21st century, deep learning has gained widespread recog-
nition and application. With advancements in computing power and the availability of big
data, deep learning has become a focal point in ML and has facilitated numerous industry
applications. Particularly after 2012, the surge of deep learning propelled a boom in ML
research and a rapid expansion of applications. The advent of deep learning, a subset of
ML, inspired by the structure and function of the human brain’s neural networks, marked a
significant leap. DNNSs, a key player in deep learning [10,20], are characterized by multiple
layers (deep architectures) that automatically learn hierarchical representations from data.
This approach has proven highly effective in tasks like image recognition, natural language
processing, and more.

Currently, the ML landscape encompasses a diverse range of algorithms, making
it challenging to provide an exhaustive list. The objective of this study is to evaluate
the capability of ML in modeling GMB data for various glacier types in the HMA. The
selection of ML algorithms in this study is driven by the need to cater to a diverse range
of features present in the model input in GMB simulation. Among them, OLS is included
as a representative of traditional ML algorithms, while RF and GBDT models are selected
to illustrate ensemble learning algorithms. The DNN is chosen to represent deep learning
algorithms. The following section will provide a concise overview of the RE, GBDT, and
DNN models, elucidating their roles and functionalities in the context of this research.

3.1.1. Random Forest Models

RF classification is a robust ML ensemble method, distinguished for its predictive
accuracy and resilience to overfitting. Widely used in geosciences, RF models combine
predictions from multiple decision trees, each representing a subset of training data and
random features. This approach not only prevents overfitting but also improves its gen-
eralization capability. RF models are particularly adept at handling intricate variable
relationships, capturing non-linear patterns and managing noisy data, making it a versatile
and effective tool in a variety of geoscientific applications [38]. Recently, the RF model
has been noted for GMB prediction purposes. By integrating diverse inputs, such as tem-
perature, precipitation, and topographical parameters, RF models can unravel complex
patterns of glacier behavior, thereby facilitating assessments of the climate change impacts
on glacier dynamics [21].

3.1.2. Gradient Boosting Decision Tree

The GBDT model is a powerful ML algorithm that sequentially constructs decision
trees, each designed to rectify the errors of its predecessors. Compared to the RF model,
which operates independently, the GBDT model adopts a sequential approach, continually
improving model accuracy and predictive performance through iterative refinement. This
process of iteratively constructing decision trees allows GBDTs to progressively capture
complex relationships between input and output variables. GBDTs excel at managing
large-scale datasets and high-dimensional features [39], boosting its various applications
in geosciences. For instance, in hydrology, it effectively models complex relationships in
rainfall-runoff processes, improving flood prediction accuracy [40]. GBDTs can also be
used in GMB modeling, capturing nuanced interactions between climate variables and
glacier dynamics. The sequential learning nature of the GBDT model allows it to adapt and
refine predictions, making it suitable for diverse geoscientific challenges.
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3.1.3. Deep Neural Network

DNN’s are advanced ML models inspired by the neural architecture of the human
brain. Composed of multiple layers of interconnected nodes, or artificial neurons, they are
adept at learning complex patterns and representations from data. This capability makes
them particularly effective in extracting hierarchical features. In the field of geosciences,
DNNs have shown significant potential across various applications. For instance, in
hydrology science, they enhance rainfall-runoff modeling by accurately capturing intricate
spatiotemporal patterns [41]. In climate science, they help to improve climate modeling [42],
particularly in forecasting temperatures, precipitation levels, and extreme weather events.
When applied to glaciology, DNNs can effectively capture the nonlinear response of glaciers
to air temperature and precipitation, offering an improved representation of extreme
mass balance rates compared to linear statistical and temperature index models [43]. The
fundamental principle of DNNs involves learning at different abstraction levels, enabling
them to capture intricate patterns and dependencies within geospatial datasets. The
advantages of DNNS lie in their automatic learning features, their adaptability to diverse
data types, and their robust performance with large-scale datasets. The potential of DNNs
in geosciences not only improves predictions but also reveals hidden patterns, which
advances our understanding of complex Earth systems.

3.2. Performance Measures

Given the versatility and ease of interpretation, the following two performance mea-
sures were used to qualitatively evaluate the performance of ML models: root means
squared error (RMSE) and coefficients of determination (R?). The RMSE is a commonly
used metric to evaluate the accuracy of a regression model. It measures the average devia-
tion between the predicted values of the model and the actual values observed in the data.
Mathematically, the RMSE is calculated by taking the square root of the average of the
squared differences between predicted and observed values. R? is a statistical measure that
represents the proportion of the variance in the dependent variable that is predictable from
the independent variables in a regression model. It ranges from 0 to 1 and is interpreted
as the percentage of variation in the dependent variable explained by the independent
variables. Detailed expressions of them are as follows:

n o 2
RMSE — \/Zi_l (yszm yobs) (1)

n

RZ—=1— Zinzl (yobs _ ysim)z @)
Z?:l (yobs - ?obs)z

where 7 is the number of observations; ys;,, represents the simulated GMB data; y,; is the
target GMB data; and ¥, denotes the average of the target. The value of 0 indicates that
the model does not explain any variability in the dependent variable, whereas the value of
1 indicates that the model explains all the variability. The RMSE measures the standard
deviation of the differences between the prediction and the target. Lower RMSE values are
preferable, which signifies a closer agreement between predictions and targets.

3.3. Hyperparameter Selection

Figure 2 depicts the comprehensive workflow employed in this study. The initial
step involves preprocessing the curated dataset, which includes the removal of outliers
and the normalization of data to enhance the model’s adaptability across various data
contexts and to improve its generalization performance. Subsequently, the dataset is
randomly partitioned, with 70% allocated for model training and the remaining 30%
dedicated to evaluating model performance. In the case of the OLS model, the ordinary
least-square method is applied for parameter calibration. Given the presence of 60 variables
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in this study, each representing a parameter, the parameters of the OLS model are not
conveniently displayed.

Original data

Preprocessing

i 4 |
| Outlier o Training and ;
! o Normalization ; .

! eliminator testing split (7:3) !
1
e —— E—
E [3- fold cross | | ML algorithms

! validation RF,GBDT,OLS,DNN

Training model

Model performance

Figure 2. Flowchart of the methodology.

Hyperparameter tuning is crucial in machine learning as it directly influences model
performance and generalization. These parameters, set before training, control aspects like
model capacity and complexity. GridSearchCV [44] contributes to model optimization by
systematically searching through a grid of hyperparameters to find the optimal combination
that maximizes model performance. It exhaustively evaluates all possible hyperparameter
combinations specified in the grid and uses cross-validation to assess each combination’s
performance. In this study, the GridSearchCV technique [44] was employed to fine-tune the
hyperparameters for the remaining three ML models. Within GridSearchCV, a three-fold
cross-validation strategy was chosen to optimize the hyperparameters. As a result, the
optimal hyperparameter combinations for the three selected ML models were determined
and are presented in Table 1. Finally, the performance of each ML model in simulating GMB
data was evaluated using testing data. Additionally, comparative analysis was conducted

to assess their performance in simulating GMB data across different types of glaciers.

Table 1. Grid of settings used for the hyperparameter tuning of each model.

Algorithm Hyperparameter Value for MRB Value for NRB
Number of trees 100 120
Maximum number of features 4 5
RF Minimum split samples 5 8
Maximum depth None None
Minimum samples of leaf nodes 4 6
Learning rate 0.001 0.001
Epochs 1000 2000
DNN Hidden layers 20 20
Activation function ReLu ReLu
Learning rate 0.01 0.1
Number of trees 450 250
Maximum number of features 3 3
GBDT Minimum split samples 5 4
Maximum depth 8 8
Minimum samples of leaf nodes 2 1
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4. Results
4.1. Selection of Predictors

According to the simple temperature index-based model [10], temperature and precip-
itation are primary determinants of glacier accumulation and ablation. Although snowfall
significantly affects glacier accumulation, the transition from snowfall to glacier varies
regionally, posing challenges to identifying specific snowfall periods that contribute to
glacier formation. Therefore, annual, seasonal, and monthly snowfall are considered pre-
dictive factors that can be used to clarify the impact of snowfall on glacier accumulation.
Temperature and cumulative positive temperature (CPT) play a vital role in glacier abla-
tion. Thus, annual, seasonal, and monthly average temperatures are also considered as
predictive factors. CPT primarily influences summer glacier ablation. To fully consider the
influence of CPT on glacier ablation, the CPT values in spring, summer, and fall (excluding
winter), as well as annual CPT values, are also considered as predictive factors. Addition-
ally, only monthly CPT values from April to October are considered, as temperatures are
predominantly below zero from December to the following March. Furthermore, the study
distinguishes between specific accumulation (November to April) and ablation (May to
October) periods, aiming to capture distinct stages in glacier processes.

Moreover, the dynamics of glacier accumulation and ablation are significantly influ-
enced by topographical features. For example, Zhang et al. [24] underscored vital statistical
links between topographical variables and GMB data in the HMA region, particularly
highlighting the significant role of median elevation and slope. Meanwhile, the study
of Brun et al. [45] reveals that the response of glaciers to climate change is intricately
linked to specific environmental conditions, including factors like slope gradients at the
glacier’s terminus, median altitude, the extent of debris coverage, and avalanche-prone
zones. Motivated by these findings, median altitude, maximum glacier length, and slope,
obtained from the RGI [30], were used in this study. Moreover, additional topographical
factors, including longitude, latitude, minimum and maximum altitudes, aspect, and area
of glaciers, were also considered predictive factors for GMB simulation. As outlined in
Table 2, an array of 60 predictors were employed with each element corresponding to an
individual GMB predictor.

Table 2. Predictor variables for driving ML models.

Topographical Ablation-Related Accumulation-Related
Variables Variables Variables
Longitude Annual CPT Monthly accumulation Annual snowfall

temperature
Latitude Monthly ablation CPT Spring temperature Monthly ablation snowfall
Median altitude Monthly accumulation CPT Summer temperature Monthly accumulation snowfall

Min altitude Spring CPT Autumn temperature Spring snowfall
Max altitude Summer CPT Winter temperature Summer snowfall

Slope Autumn CPT 1~12 temperature Autumn snowfall

Aspect 4~10 CPT Winter snowfall

Max length Annual temperature 1~12 snowfall
Area Monthly ablation temperature

Note: 4~10 CPT denotes monthly CPT values from April to October; similarly, 1~12 temperature denotes monthly
mean temperatures from January to December.

Based on the trained GBDT model, Figure 3 illustrates the thirty most impactful
predictor variables in GMB simulations for the MRB and NRB, respectively. The graph
clearly indicates that the majority of these influential predictors are closely associated
with glacial topography. Specifically, in the MRB, nine of the top ten factors influencing
GMB data are related to glacial topography, while in the NRB, this is true for eight of the
top ten factors. Figure 3 also reveals that the median glacier altitude is the predominant
factor affecting GMB data in the MRB, corroborating the findings of Zhang et al. [24]. This
significant influence is likely due to the strong connection between median glacier elevation
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and equilibrium-line altitude in the Tianshan region, as emphasized by Rabatel [46] and
Braithwaite and Raper [47]. Moreover, latitude stands out as the second most influential
variable impacting GMB modeling in the MRB. This phenomenon can be ascribed to the
basin’s north—south orientation, where glaciers located at high latitudes with low altitudes
undergo more pronounced melting. In contrast, longitude is identified as the key predictor
for GMB modeling in the NRB. This is likely due to the east-west orientation of the NRB,
coupled with a decrease in elevation from west to east, resulting in elevated glacial melting
at higher longitudes.

GBDT Feature Importance for Niyang river
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Figure 3. Contribution to the total variance in the top 30 topo-climatic predictors out of 60 predictors
using the GBDT model for (A) the MRB and (B) the NRB. Green bars indicate predictors (including
topographical features), blue ones include accumulation-related features, and red ones include
ablation-related features.

Figure 3A shows that, besides topographical features, the most significant factor af-
fecting GMB data in the MRB is snowfall which belongs to glacier accumulation-related
features. This implies that accumulation-related features are more important than ablation-
related features in GMB modeling, consistent with the findings of Bolibar [20] for Alpine
glaciers classified as continental glaciers. Interestingly, meteorological conditions during
transition months, like snowfall in Spring and October, can significantly affect annual GMB
data in the MRB. This is primarily because glaciers in the MRB are winter-type glaciers,
implying that accumulation mainly occurs in the winter half-year while melting predom-
inates in summer. With lower temperatures during the winter half-year, snowfall is less
sensitive to temperature changes. Consequently, the accumulation of snow directly influ-
ences glacier mass changes. As snow accumulation increases, glacier ablation decreases;
conversely, reduced snow accumulation leads to increased glacier ablation. On the contrary,
GMB data in the NRB are more significantly influenced by ablation-related features than
accumulation-related features, consistent with recent studies demonstrating a strong link
between accelerated glacier mass loss and regional warming in the Himalayan area [43].
Liang et al. [49] also found that GMB modelling was more responsive to changes in air
temperature than changes in precipitation for maritime glaciers. This is primarily because
summer snowfall could turn into rain with warming, reducing fresh snow accumulation
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and causing the glacier surface albedo to decrease, thereby increasing glacier ablation [27].
Conversely, increased snowfall results in reduced glacier ablation.

4.2. Overall Performance of the Four ML Models

Due to the limited temporal coverage of geodetic mass balance observation data
provided by Hugonnet et al. [18], spanning only two decades, utilizing this dataset for
the ML-based temporal (i.e., two-dimensional outputs) simulation of GMB data poses
significant challenges. To overcome this constraint and ensure an adequate sample size,
this study adopts a conventional approach [20] that integrates both spatial and temporal di-
mensions of GMB samples, constructing a spatiotemporal predictive model. Consequently,
the dataset comprises 4700 GMB samples from the MRB and 7260 from the NRB, all of
which are employed for training and testing ML models.

Figure 4 compares the effectiveness of four ML models in simulating GMB data for
the two river basins during the testing period. Results clearly show that the GBDT model
outperforms the other three ML models in both of the two basins, achieving R? values of 0.72
and 0.67 and RMSE values of 0.21 m w.e. and 0.30 m w.e., respectively. With an R? value of
0.70 and an RMSE value of 0.22 m w.e., the RF model emerges as the second best performer
in the MRB, closely resembling the performance of the GBDT model. A similar phenomenon
is observed in the NRB. This consistency underscores the effectiveness of ensemble learning
algorithms. This finding is also supported by Anilkumar et al. [21]. Moreover, the figures also
highlight the relatively poor performance of the OLS model, likely due to its limitations in
addressing the complex nonlinear relationships inherent in GMB modelling and its predictive
factors. While DNNs outperform OLS, they still lag behind RF and GBDT models. This
may be attributed to the fact that the DNN requires more parameters to be calibrated, which
inherently demands a more comprehensive dataset for effective training.

Furthermore, Figure 4 reveals a consistent tendency that all algorithms in the two basins
tend to underestimate high values and overestimate low values. This phenomenon aligns
with the findings of Ren et al. [10]. Discrepancies between observed and simulated peaks may
be attributed to the following factors: (1) the spatial resolution of ERA5-Land is inadequate for
capturing extreme events specific to glaciers; (2) the influence of glacial lakes on glacial melting
is not considered but can influence the accuracy of predictions; (3) particular conditions, such
as supraglacial debris and glacial movement, are not considered in the models; and (4) inherent
challenges of ML models in predicting extreme values due to the limited number of samples.
Typically, extreme values are situated in the tail of the data distribution, whereas the training
data often fail to adequately represent these extremes. This leads to a scarcity of sufficient
examples of extreme values used for accurate prediction in such scenarios.
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Figure 4. Cont.
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Figure 4. Evaluation of simulated GMB data against target GMB data in the testing period.
(A-D) indicate glaciers in the MRB and (a—d) indicate glaciers in the NRB.

A comparison of ML performance between the two basins indicates superior perfor-
mance in the MRB. This may be attributed to the predominance of continental glaciers in
the MRB which are influenced by westerly winds characterized by lower moisture and
precipitation. As shown in Figure 3A, the impact of snowfall on the GMB is significantly
higher than that of temperature. Conversely, the glaciers in the NRB are maritime glaciers,
primarily influenced by the South Asian monsoon carrying plenty of moisture. Glaciers in
the NRB are characterized as maritime glaciers and are considered summer-type glaciers,
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with the most notable features being accumulation and ablation, occurring predominantly
in the summer months. Fujita [27] found that summer snowfall may transition into rain
with warming, leading to the reduced accumulation of fresh snow and a decrease in glacier
surface albedo, thereby increasing glacier ablation. Consequently, these glaciers are con-
sidered to be particularly sensitive to temperature. The second reason why glaciers In
the NRB are particularly sensitive to warming is that they mainly accumulate during the
summer, resulting in higher temperatures within the ice compared to continental glaciers,
which brings them closer to the melting point. Additionally, recent studies have indicated
a decreasing trend in precipitation in the NRB [28]. In the context of global warming, the
NRB has experienced a more rapid increase in glacier surface temperature compared to the
MRB [50]. Because glaciers in the NRB are more sensitive to climate change compared to
continental glaciers, using MLs to simulate GMB data amplifies the uncertainty of ERA5-
Land temperature data. Additionally, the lack of consideration for an important variable,
such as ice temperature or glacier surface temperature, introduces new uncertainties to
GMB simulations in this study. Therefore, the performance of MLs in simulating GMB in
the NRB is not as advanced as in the MRB.

4.3. Basin Analysis

Numerous research studies on glacier simulation have extensively utilized process-
based watershed hydrological models, with degree-day and/or energy balance modules
serving as core components in these models, particularly in relation to GMB data. However,
the applications of ML models in this domain, especially for simulating GMB data in the
basin scale, are limited. The primary reason for this scarcity is the lack of sample data for
GMB modelling. Therefore, the performance of ML models in the basin scale is assessed to
enable a meaningful comparison with results derived from physical models.

Usually, when evaluating the simulation accuracy of the process-based physical model
for GMB data in a basin, the corresponding evaluation index is calculated using the basin
average of the GMB data. Figure 5 presents the basin-averaged GMB simulation results
driven by spatiotemporal glacier samples over the whole study period following the use of
this method. When benchmarked against remote sensing observation data from Hugonnet
et al. [18], both RF and GBDT models were found to achieve amazing results in the MRB,
with an R? value of 0.99 and an RMSE value of 0.01 m w.e. This underscores the robust
ability of RF and GBDT models in accurately simulating basin-scale GMB data. In contrast,
OLS and DNN models were found to exhibit inferior performance, with R? values of 0.99
and 0.94 and RMSE values of 0.01 m w.e. and 0.03 m w.e., respectively. Ren et al. [10]
simulated basin GMB data in the MRB using the physically based SPHY model, attaining a
Nash-Sutcliffe efficiency (NSE) coefficient of —3.26 and a correlation coefficient (CC) of
0.64. Even so, the results were considered satisfactory as they could generally capture the
trend of basin-scale glacier changes. In fact, previous studies have shown that a limited
number of physical-based GMB simulations can reproduce the signal of glacial changes,
even at the basin scale. As a result, all four of the ML models hold significant potential in
basin glacier simulation.

In the NRB, the GBDT model was also found to exhibit excellent performance, with a
R? value of 0.99 and a RMSE value of 0.02 m w.e. In contrast, both OLS and DNN models
presented a slightly lower R? value of 0.88 and higher RMSE values of 0.06 m w.e. and
0.04 m w.e., respectively. Surprisingly, the RF model showed the worst performance, with a
R? value of 0.86 and a RMSE value of 0.06 m w.e. Using the SPHY model, He et al.’s [51]
simulation of GMB data in the NRB from 2006 to 2010 achieved a R? value of 0.37. This
result falls significantly short of the achievements of all four ML models. This result also
shows that all the four ML models, especially GBDTs, hold significant potential in average
glacial basin simulation.
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Figure 5. A comparison of basin-averaged GMB simulation from the four ML models against geodetic
mass balance observations from Hugonnet et al. [18]. (A,B) indicate the MRB and (a,b) indicate
the NRB.

5. Discussion
5.1. The Influence of Outliers

Outliers, indicative of a small and unrepresentative sample size, can adversely affect
the performance of ML models. Firstly, they compromise the robustness of the model by
guiding it towards unreasonable learning directions, making it excessively sensitive to
training data. Consequently, the model may attempt to fit outliers instead of capturing
the true underlying patterns in the data, rendering it overly responsive to even minor
variations in the input data. Moreover, the existence of outliers leads to diminished
model generalization. Overfitting to outliers during training reduces the model’s ability to
generalize new data, resulting in poor test set performance due to excessive reliance on
outliers during training.

To mitigate the impact of outliers on ML models, various outlier removal methods
have been proposed, with the most commonly used approaches being standard deviation
and boxplot methods. In this study, the standard deviation method was employed to
remove outliers, using the NRB as an example to illustrate the necessity of outlier removal.
The GMB sample values larger than +30 and less than —30 were removed. The probability
density map before and after outlier removal is shown in Figure 6.

Figure 6A illustrates the results before removing the outliers, while Figure 6B displays
the results after outlier removal. Upon careful examination of the figures, it is apparent that
the NRB includes samples with glacier mass loss exceeding —30, resulting in a deviation
from a normal distribution of GMB samples. An examination based on the RGI revealed that
these samples are primarily relatively small but significantly affected by global warming,
leading to a notably accelerated melting rate. Though there are many similar small glaciers,
the limitations imposed by the spatial resolution of meteorological data necessitate the
selection of glaciers with larger areas. Consequently, this particular glacier emerges as an
outlier within the samples.
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Figure 6. Comparison of the sample histograms: (A) before outliers were removed and (B) after
outliers were removed for this study in the NRB.

It should be noted that the samples after the outliers’ removal still have relatively large
or small values, as shown in Figure 4. This is because there is no clear boundary between
outliers and normal values, and outliers can also be real values caused by rare phenomena.
Therefore, the ML models with samples treated with previously removed outliers will also
encounter phenomena based on the overestimation of low values and the underestimation
of high values, as shown in Figure 4.

To further illustrate the necessity of excluding outliers, this study provides ML simula-
tion results for the NRB without outlier removal, as depicted in Figure 7. A comparison
between the glacier simulation results for the NRB in Figures 4 and 7 revealed varying
degrees of decline in the modeling capabilities of the RF, GBDT, OLS, and DNN algorithms
regarding GMB data. Specifically, the R? exhibited reductions of 5.08%, 8.95%, 4.00%, and
8.89%, respectively. Notably, the GBDT and DNN models showed the most significant
reductions, while OLS was the least affected. This finding suggests that not excluding
outliers has a more pronounced impact on nonlinear algorithms. In contrast, linear models
are generally simpler and exhibit lower levels of data fitting, making them somewhat more
resilient to the influence of outliers. Nonlinear algorithms, on the other hand, tend to be
more flexible and complex, with a greater number of parameters to adjust, making them
more susceptible to the influence of extreme values in the data. Therefore, it is suggested
that outliers must be eliminated in nonlinear ML simulations.

5.2. The Potential of Temporal Predictive Models

The time series prediction of GMB data is of great significance for assessing the
temporal variations in watershed glaciers. However, constructing a stable ML-based model
with two-dimensional outputs using only 20 years of remote sensing GMB samples proved
to be challenging. The results of the model constructed by combining the spatiotemporal
samples of glaciers in a ratio of 7:3 for training and testing samples are presented in Figure 5.
Due to the random partitioning of training and testing samples, direct simulation results
for the GMB time series during the testing period were difficult to obtain. To illustrate the
modeling capability of ML models for the GMB time series, this study, based on the GBDT
model, explores the simulation results for different training and testing sample ratios. The
time series simulation results and evaluation metrics are presented in Figure 8 and Table 3.

From Figure 8, it can be observed that in the MRB, when the training sample proportion
is 30%, the overall time series simulation results are significantly better than those when
the training sample proportion is 20%. Subsequently, as the proportion of training samples
increases, the overall simulation results show little variation. In contrast, for the NRB,
the overall simulation results only begin to stabilize when the sample proportion is 50%.
This suggests that the glacier changes in the MRB are relatively small, with a more evenly
distributed sample, and 30% of the samples already have overall representativeness. On
the other hand, glaciers in the NRB undergo drastic changes, with a more scattered sample
distribution, and a 50% sample proportion is needed for some representativeness.
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Figure 7. An evaluation of simulated GMB data against target GMB data in the testing period for
glaciers in the NRB. (a—d) Scatter plot of the RF, GBDT, OLS and DNN model results, respectively.
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Figure 8. The simulation of basin-scale GMB data under different proportions of train samples and
test samples for (A) the MRB and (B) the NRB based on the GBDT model.

As evident in Table 3, for the Manas River training data with a sample proportion
of 30%, the R* and RMSE values were 0.97 and 0.02 m w.e., respectively. This result is
significantly better than the watershed GMB data simulated by Ren et al. [10] in the MRB
based on the SPHY model. Even for the NRB, which performs slightly worse, the R and
RMSE values were 0.96 and 0.03 m w.e., respectively, when the training sample proportion
was 50%. This result is noticeably better than the results recorded by He et al. [51], who
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simulated NRB GMB data based on the SPHY model for the 20062010 period. This suggests
that the size of the training sample proportion has a certain impact on the simulation of the
GMB time series, but as the proportion increases to a certain extent, this impact becomes
smaller and can even be negligible. This also indicates that ML algorithms in the simulation
of the GMB time series in watershed areas are significantly superior to physical models.

Table 3. Evaluation metrics of basin-scale GMB simulation under different proportions of train and
test samples based on the GBDT model.

MRB NRB
Train Sample/Test Sample R? RMSE (m w.e.) R? RMSE (m w.e.)
2:8 0.93 0.03 0.72 0.09
3:7 0.97 0.02 0.85 0.07
4:6 0.98 0.02 0.92 0.05
5:5 0.98 0.02 0.96 0.03
6:4 0.98 0.02 0.97 0.03
7:3 0.99 0.01 0.99 0.02
8:2 0.99 0.01 0.99 0.01

5.3. Limitations of the Current Study

The current meteorological variables used in ML for GMB simulation are primarily
derived from traditional simple temperature index-based models, relying solely on temper-
ature and precipitation. However, there is untapped potential to improve these models’
predictive capabilities by incorporating variables from more sophisticated models, such as
energy balance models. These models include longwave and shortwave radiation, turbulent
fluxes, and albedo levels, providing a more comprehensive explanation of the underlying
processes. Research conducted by Xiao et al. [52] has shown a decline in precipitation levels,
resulting in reduced glacier albedo levels in the eastern Himalayas. Additionally, studies
on glaciers in southeastern Tibet suggest that while black carbon contributes less than 5%
to the melting volume of fresh snow, its concentration increases during the melting process,
potentially raising its contribution to up to 15% [53]. Therefore, albedo or radiation should
be considered in GMB modeling. Recent research by Anilkumar et al. [21] also confirms the
importance of net solar radiation and albedo as critical factors influencing glacier ablation
across five ML models.

Furthermore, glaciers with higher ice temperatures are more sensitive to climate
change compared to those with lower ice temperatures. Maritime glaciers exhibit an
amplified response to warming climates, primarily due to their higher ice temperatures
nearing the melting point. Consequently, relying solely on air temperature and precipitation
data may insufficiently capture the mass balance dynamics of maritime glaciers. Another
aspect not considered in this study is the impact of debris cover on the GMB model.
Research by Zhang et al. [24] has indicated that debris cover significantly contributes to the
spatial heterogeneity of GMB data. Therefore, it is essential to incorporate considerations
of radiation or albedo, ice temperature, and debris cover when modeling these glaciers.
Expanding the ML model to include these new inputs may improve the precision of
GMB simulation. However, an increased consideration of predictors affecting GMB data
must account for different glacier types, as the above results reveal notable differences in
ML model performance for GMB simulation in the MRB and NRB.

Another primary concern is the uncertainty inherent in meteorological predictor vari-
ables, which might impair the models’ ability to generalize. In this research, topographical
factors have emerged as more influential than meteorological predictors in glacier simu-
lations across both studied basins. Glaciers, as manifestations of climatic conditions, are
fundamentally affected by temperature and precipitation during their accumulation and
ablation periods. However, terrain elements also exert considerable control over these
processes. The topographical variables employed in this study were sourced from high-
resolution satellite remote sensing data, surpassing the glacier area threshold of 0.5 km?
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set for this study. In contrast, the ERA5-Land meteorological dataset offers a spatial res-
olution of 0.1° x 0.1°, which is significantly coarser than the glacier areas analyzed here.
Consequently, these findings deviate from those of Bolibar et al. [20], who observed the pre-
dominant influence of meteorological data in GMB simulations. Additionally, Wu et al. [35]
noted a positive bias in precipitation measurements in ERA5-Land, although it accurately
captures intra-annual variations. Similarly, Zhao and He [54] found that ERA5-Land re-
liably tracks temperature trends but often misrepresents the magnitude of these values.
Therefore, future studies should incorporate the spatial downscaling of meteorological data
to improve its accuracy and applicability.

6. Conclusions

The accelerating retreat of global glaciers, driven by climate change, presents signif-
icant risks. The accurate simulation of GMB data is vital for evaluating these impacts.
While traditional models encounter challenges and uncertainties, ML holds promise as
a robust alternative. To enhance the precision of GMB simulation across diverse glacier
types in the HMA region, this study assessed four ML models for annual glacier-wide GMB
simulation. It specifically compared maritime glaciers in the NRB with continental glaciers
in the MRB. Meteorological predictors obtained from ERA5-Land monthly datasets, along
with topographical predictors from the RGI 6.0, were utilized to drive the following four
ML models: the RF model, the GBDT model, the DNN model, and the OLS model.

The key findings of this study are as follows. ML models generally show superior
performance in modeling GMB data for continental glaciers, primarily attributed to varying
influencing factors for different glacier types. The GBDT model consistently outperforms
the other three models, supported by higher R? and lower RMSE values in the two glacier
types, and demonstrates significant potential in temporal GMB simulation compared to
temperature index models. The OLS model, constrained by its linear property, demonstrates
limited effectiveness in capturing complex relationships inherent in GMB simulation. The
influential factors for GMB simulation vary between continental and maritime glaciers.
For continental glaciers, topographical and accumulation-related factors are the most
significant factors affecting GMB simulation, whereas for maritime glaciers, topographical
and ablation-related predictors are more influential.

The study reveals the robust potential of ML in modeling GMB data across diverse
glacier types, presenting a valuable approach for investigating the impacts of climate
change on glacier dynamics in the HMA region. However, to improve the accuracy
of GMB modeling, several considerations are imperative. For example, incorporating
additional predictors like debris cover, glacier surface temperatures, and surface albedo
could provide a more comprehensive explanation of glacier behavior. Moreover, improving
the representativeness of meteorological data, potentially through spatial downscaling, can
reduce the uncertainty associated with meteorological predictive factors. These measures
potentially contribute to the performance improvement of glacier simulation.
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