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Highlights

What are the main findings?

e  Anautomated classification method based on GEE and random forests achieved high-
precision extraction of glaciers in Tibet for the period 1990-2025, with an average
overall accuracy of 92.10% across all time periods. The total glacier area decreased by
approximately 43.5%, with retreat primarily concentrated in southeastern Tibet.

e  Glacier area peaks at an elevation of 5500 m, with clean glaciers and debris-covered
glaciers accounting for 42% and 55% of the total glacier area, respectively. The retreat
rate exhibits a distinct spatial pattern of rapid retreat in the southeast and slow retreat
in the northwest, and the Yarlung Tsangpo River basin experiences the fastest retreat,
while the Qiangtang River basin shows signs of stabilization.

What are the implications of the main findings?

e  This study provides reliable data and a reusable technical framework for large-scale,
long-term monitoring of glacier dynamics in complex terrain, thereby lowering the
economic and technical barriers to large-scale glacier mapping.

e Itreveals the spatiotemporal response of Tibetan glaciers to climate change over the
past 35 years, providing a scientific basis for regional water resource management and
the development of climate change adaptation strategies.

Abstract

Glaciers serve as sensitive indicators of climate change, yet the automated extraction of
glacier boundaries over large areas and long time periods remains challenging. To resolve
this issue, we proposed a remote sensing indicator system based on the Google Earth Engine
(GEE) platform (spectral, textural, topographic features and band differences) and applied
a random forest (RF) algorithm to establish an automatic classification method. Based on
this framework, the study analyzed the spatiotemporal changes in Tibet’s glaciers from
1990 to 2025. The results indicated that: (1) Validation using 30% of the data points showed
overall accuracy (OA) was 92.10%, Kappa coefficient of 0.86 and F1-score of 91.53% for
glacier classification. (2) The total glacier area retreated from 38,968 km? during 1990-1997
to 22,026 km? during 2024-2025, with the retreat mainly concentrated in southeastern
Tibet. (3) Glacier area peaked at 5500 m, with clean glaciers and debris-covered glaciers
accounting for 42% and 55% of the total glacier area, respectively. (4) Between 1990 and
2025, the Yarlung Tsangpo River basin exhibited the fastest glacier retreat rate, while the
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Qiangtang basin showed signs of stabilization. This study provides a theoretical basis for
identifying glacier boundaries over large areas in high-altitude regions.

Keywords: Tibetan glaciers; spatiotemporal variation; random forest; Google Earth Engine

1. Introduction

The formation of glaciers involves extensive accumulation, compaction and refreezing
of snow and ice [1]. As key indicators of climate change [2,3], glaciers are primarily found
in high-altitude regions. As the core region of the “Water Tower of Asia”, Tibet is rich
in glacial resources. Glacial variations in this region exert profound influences on both
local and worldwide freshwater supply, climate regulation, cultural and tourism support,
hydropower generation and carbon sequestration [4-6]. Therefore, comprehensive research
on the dynamic changes of Tibet’s glaciers not only reveals fluctuations in glacier area but
also provides data to estimate ice volume [7] and monitor changes in glacier mass [8]. This
has important scientific and practical value for elucidating the underlying mechanisms of
glacial changes in high-altitude regions and for formulating management strategies.

Glacier boundaries are critical for glaciological research and hydrological model-
ing. Therefore, ensuring high-precision glacier boundary detection is a prerequisite for
studying glacier changes [9]. With advances in remote sensing technology, automated or
semi-automated methods based on multispectral satellite imagery can be used to analyze
dynamic changes in glacier area, such as the normalized difference snow index (NDSI)
method [10], band ratio methods [11], object-oriented methods [12] and synthetic aper-
ture radar (SAR) interferometry [13]. These methods are computationally simple and
efficient, allowing rapid extraction of glacier area over large regions when applied to clean
glaciers. However, NDSI and band ratio methods generally rely on empirical thresholds
and are prone to interference from snow, clouds, shadows and water bodies, resulting
in misclassification [14]. More importantly, the “spectrally similar but physically distinct”
nature of debris-covered glaciers relative to the surrounding mountains and rocks makes
the extraction of their boundaries challenging [15].

To further improve the accuracy of debris-covered glacier detection, researchers have
proposed various methods. For example, they have developed a convolutional neural
network (CNN) method specifically tailored for debris-covered glaciers: this method accu-
rately identifies the boundaries of debris-covered glaciers and significantly reduces training
time [16]. Other studies have utilized changes in coherence between SAR images [17],
machine learning [18] and deep learning [19] to identify debris-covered glaciers. Although
these algorithms and models have significantly improved the classification accuracy of
debris-covered glaciers, the complex data acquisition and preprocessing processes limit
their applicability to small-scale glacier extraction. Long-term glacier monitoring over large
areas requires not only the processing and analysis of massive amounts of remote sensing
imagery data but also the resolution of issues related to data formats and resolution. This
undoubtedly presents significant economic and technical barriers to large-scale glacier
change monitoring and analysis [20].

The advent of the GEE platform has facilitated large-scale mapping and the efficient
processing of massive amounts of remote sensing data [21-23]. GEE can rapidly process
and analyze pixel-level data to produce computational results and has found extensive
application in monitoring climate change [24,25], land-use change [26,27], changes in
surface water [28,29], and changes in snow and ice [14,30-32], among other applications.
This provides effective technical support for large-scale glacier monitoring. However,
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in the automatic extraction of glacier boundaries over large areas, there is still room for
improvement in the accurate identification of glaciers covered by moraines. Additionally,
efforts are needed to reduce the influence of debris [33] and glacial lakes [34].

To address the challenges of glacier boundary extraction over large areas, this study
proposed remote sensing indicators (spectral features, textural features, topographic fea-
tures and band differences) for distinguishing between clean and debris-covered glaciers
within the GEE platform. An automated classification method for large-scale glaciers was
subsequently developed using the RF algorithm, and the extraction results were compared
and analyzed against publicly available glacier datasets. Finally, the spatiotemporal vari-
ation characteristics of glaciers in Tibet from 1990 to 2025, as well as those of glaciers in
different river basins were analyzed. This study provided data support and technical tools
for the large-scale, long-term dynamic monitoring of glaciers.

2. Study Area and Data Sources
2.1. Study Area

Tibet (26°50'-36°53'N, 78°25'-99°06'E) is located in western China (Figure 1a). With an
average elevation exceeding 4000 m (Figure 1c), it is known as the “Roof of the World” and is
the highest plateau on earth. The region covers an area of approximately 1.20 million square
kilometers, accounting for 12.8% of China’s total land area. It is China’s second-largest
provincial-level administrative region, comprising six prefectures and one autonomous
prefecture (Figure 1b). The regional topography is dominated by plateau and mountainous
terrain, with elevations higher in the northwest and lower in the southeast. Tibet’s climate,
influenced by topography and atmospheric circulation, exhibits significant vertical differen-
tiation and an east-west gradient. According to statistics from “Overview of Tibet,” Tibet’s
average annual temperature ranges from —2.4 °C to 12.1 °C, and annual precipitation
ranges from 66.3 to 894.5 mm. Tibet is a crucial water conservation area in China, with
glacial reserves accounting for 46% of the national total [35]. The regional ecosystem is
dominated by alpine meadows, grasslands, and bare ground, with a forest coverage rate
of 9.11%.
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Figure 1. (a) Map of Tibet’s geographical distribution; (b) Map of land use in Tibet; (c) Map of
elevation in Tibet.
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2.2. Data Sources

The datasets used in this study include Landsat satellite remote sensing data, elevation
data, land use data and glacier inventory data for result validation (Table 1).

Table 1. Data sources and introduction.

Data Type Data Resolution Data Source
Landsat remote sensing data 30 m https:/ /earthexplorer.usgs.gov/
Land Use data 30m https:/ /doi.org/10.5281/zenodo.12779975
Elevation data 30m http:/ /www.gscloud.cn/
/ A dataset of glacier inventory in western China

during 2017-2018 (V1) [36]

A new time-stamped glacier inventory of High
Glacier catalog dataset / Mountain Asia based on deep learning and
remote sensing big data in 2020 [37]

Randolph Glacier Inventory (RGI 7.0)
(https:/ /www.glims.org/)

3. Glacier Extraction Methods
3.1. Technical Approach

The approach of this study is based on GEE, which integrates spectral indices, tex-
ture indices, topographic features and band differences, and employs the RF method for
automatic glacier classification. The specific technical workflow is shown in Figure 2.
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Figure 2. Technical Roadmap.
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3.2. Remote Sensing Data Preprocessing
3.2.1. Dataset Selection

This study selected Landsat series images from the summer melt season (June—October)
for Tibet from 1990 to 2025. Because snow cover predominantly retreats during the summer,
utilizing summer-season images effectively reduces the influence of snow.

3.2.2. Cloud Filtering

The GEE cloud scoring algorithm employed a filter to assign a cloud score to each
pixel, ranging from 0 (cloud-free) to 100 (heavily clouded) [33]. When performing cloud
removal filtering, setting the threshold too low reduces the number of usable pixels, leading
to significant data gaps; conversely, setting the threshold too high allows thick clouds to
obscure glacier features. The cloud score threshold that strikes a balance between these
two extremes can be adopted as the threshold used in this study. Therefore, this study used
the 2017-2018 western China glacier inventory dataset as a reference to compare the effects
of different cloud score thresholds on glacier detection (Figure 3). The results revealed that
a cloud score threshold of 60 achieved a balance the trade-off between empty pixels and
cloud interference. Consequently, a cloud score of 60 was adopted for this study.

(®) l

(@ &

Figure 3. Cloud cover threshold experiment. The blue areas represent extracted glaciers, and the red
lines indicated the glacier boundaries for 2017-2018. The cloud cover thresholds for (a), (b), (c) and
(d) were 50, 60, 70, and 80, respectively.

3.2.3. Method for Time Period Segmentation

After cloud filtering, the images may contain some empty pixels. Therefore, using only
images from a single summer melt season may not be sufficient to generate a low-cloud,
low-snow image of Tibet. Consequently, this study divided the period from 1990 to 2025
into several time segments to ensure that images from each segment could be combined
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into a complete low-cloud, low-snow image. Starting in 1990, imagery from successive
years was added incrementally, and a composite image was generated to calculate its pixel
loss rate. Once the composite image’s pixel loss rate fell below or equal to 1.0%, the division
of that time period was considered finalized. Using this method, the period was ultimately
divided into 10 segments, as shown in Table 2.

Table 2. Time period segmentation.

Number of Images

Time Period Image Category Initial Number of Images After Cloud Filtering Pixel Emptiness Rate
1990-1997 Landsat 5 1856 1439 0.21%
1998-2003 Landsat 5 1561 1073 0.27%
2004-2006 Landsat 7 1350 1051 0.84%
2007-2009 Landsat 7 1116 937 0.77%
2010-2013 Landsat 7 1957 1547 0.50%
2014-2016 Landsat 8 2107 1502 0.18%
2017-2018 Landsat 8 1384 919 1.00%
2019-2021 Landsat 8 2059 1448 0.74%
2022-2023 Landsat 9 1395 956 0.89%
2024-2025 Landsat 9 1362 951 0.87%

3.3. Feature Construction
3.3.1. Spectral Features

This study calculated various feature indices suitable for glacier identification. The
Normalized Difference Snow Index (NDSI) serves as a common metric for snow /ice
identification. Since snow and ice exhibit high reflectance in the visible spectrum but
low reflectance in the shortwave infrared band, NDSI thresholding is applied to identify
snow and ice through the difference in reflectance between these two bands. Although the
Normalized Difference Vegetation Index (NDVI) does not directly identify glaciers, snow
typically yields negative NDVI values due to its high reflectance in the red band, which
can assist in distinguishing seasonal snow cover from permanent glaciers. The Normalized
Difference Water Index (NDWI) highlights water bodies and helps avoid misidentifying
moraine-dammed lakes at glacier termini as glaciers. The mathematical expressions for
these three indices are provided below:

NDVI = PNIR ~ Pred (1)
PNIR F Pred
NDSI — Pgreen — PSWIR1 @)
Pgreen T PSWIR1
NDWI — pgreen — PNIR (3)

p green + PNIR

where preq, Pgreens PNIR, Pswir1 Tepresent the red, green, near-infrared and short-wave
infrared bands, respectively.

In addition, to distinguish between features with highly similar spectral signatures,
such as debris-covered glaciers, bedrock and glacial lakes. This study used Landsat 8 im-
agery to sample debris-covered glaciers, bedrock, glacial lakes, lakes and clean glaciers
in Tibet, and calculated the average reflectance for each land cover type, as shown in
Figure 4. Clean glaciers, debris-covered glaciers, and non-glacial features (glacial lakes,
lakes and rocks) exhibit substantial reflectance discrepancies in the near-infrared band (B5),
whereas these differences diminish in the short-wave infrared band (B6). Therefore, this
study proposes a band difference index (Diff NIR_SWIR, B5-B6) to separate glaciers from
non-glacier features.

https://doi.org/10.3390/1s18142389
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Figure 4. Average reflection ratio of different land features.

3.3.2. Textural Features

Texture features represent information regarding the spatial arrangement and dis-
tribution of the elementary units in an image. This texture data is independent of color
and brightness and serves as a complement to the image’s spectral information. Texture
features contribute to a more complete understanding of an image; a full understanding can
only be achieved by considering both its spectral and textural aspects [38]. The Gray-Level
Co-occurrence Matrix (GLCM), introduced by Haralick in 1973, is a widely adopted method
for texture description that analyzes spatial correlations among gray levels [39]. Texture
features calculated using the GLCM have been widely applied in the analysis, classification,
and interpretation of remote sensing data. This study utilized the texture feature calculation
functions provided by GEE to compute eight commonly used texture features, including
Mean, Variance (Var), Homogeneity (Hom), Contrast (Con), Dissimilarity (Dis), Entropy
(Ent), Second Moment (SM) and Correlation (Cor).

3.3.3. Topographic Features

Topographic features are key indicators of ground elevation and surface morphology.
In this study, the GEE cloud platform was used to calculate three topographic features:
elevation, slope and aspect.

3.4. Feature Extraction

The incorporation of spectral indices, textural and topographic features markedly
enhance the precision of glacier classification, the extraction of some feature indices is
shown in Figure 5a. Additionally, this study aimed to address the issues of data redundancy
and reduced computational efficiency caused by the large volume of multi-feature data
while ensuring the accuracy of glacier extraction. First, the importance scores of all feature
indices were calculated using the explain function of GEE. Second, features with the
lowest importance scores were sequentially removed, and after each removal, the model’s
overall classification accuracy and performance were re-evaluated on the current feature
subset. Finally, by iteratively refining the feature combination, the process was halted when
the overall classification accuracy and performance stabilized, ultimately selecting the
16 features that contributed most significantly to the model as inputs for the final modeling.

https:/ /doi.org/10.3390/rs18142389
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Figure 5. (a) Example of feature index extraction and (b) variable importance ranking. The color bar
in Figure 5b indicated the importance score, with colors ranging from blue (lower importance) to
orange (higher importance).

As shown in Figure 5b, the selected 16 features exhibit clear differences in their
importance rankings. Among them, Elevation has the highest contribution, indicating that
changes in elevation play a decisive role in distinguishing between glacial and non-glacial
landforms. Slope and texture features follow closely behind. In terms of spectral features,
spectral indices such as NDSI, NDVI and NDWI, as well as band difference indices, also
exhibit high importance.

3.5. Glacier Boundary Extraction Based on RE

The method of aggregating multiple classifier models to improve classification or
prediction accuracy is known as the bagging algorithm, with the most representative
example of this is the RF algorithm, which was proposed by Leo Breiman [40]. RF combines
outputs from numerous decision trees to form a single prediction. The classification
performance of RF primarily depends on two parameters: the number of trees (Ntree)
and the number of features used (Mtry). The Ntree value was incrementally increased
from 0 to 100 in steps of 1, with the classification accuracy recorded at each step. Model
accuracy peaked when Ntree was around 30, while the Mtry parameter was set to the
square root of the total feature count in the training dataset [41]. Furthermore, compared
to traditional machine learning algorithms, RF also offers significant advantages in terms
of computational efficiency [42]. As machine learning classifiers rely on labeled training
data, this study selected samples of clean glaciers, debris-covered glaciers, and non-glacial
features (glacial lakes, lakes, rocks, vegetation) through visual interpretation. The annual
average number of sample points across 10 time periods (1990-2025) was 1664, comprising
654 clean glaciers, 587 debris-covered glaciers, and 423 non-glacial features.

3.6. Post Classification Processing

7

Furthermore, in pixel-based remote sensing image classification, the “salt-and-pepper’
effect is a common noise issue that can adversely affect image quality and accuracy [43].
To eliminate this noise (small patches), this study employed comprehensive ArcGIS 10.8.2
mapping techniques. Through threshold filtering to remove small patches, boundary
smoothing and patch aggregation, the minimum mapping area was defined based on
Landsat resolution. Noise patches lacking geographical significance were subsequently
removed, thereby effectively mitigating the salt-and-pepper effect.

https://doi.org/10.3390/1s18142389
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3.7. Classification Accuracy Metrics and Result Validation
3.7.1. Classification Accuracy Metrics

For the RF classification, the collected samples were split into 70% training samples
and 30% validation samples. Based on the validation samples, OA, Kappa coefficient and
F1 score were calculated for the classification results in each time period. OA represents
the proportion of correctly classified samples in the validation set; the Kappa coefficient
measures the agreement between predicted and actual categories, with higher values
indicating greater agreement; the F1-score is the harmonic mean of precision and recall.

3.7.2. Result Validation

This study used the 2017-2018 glacier inventory dataset for western China, the 2020
glacier inventory dataset for Asia’s high-altitude regions and Randolph Glacier Inventory
(RGI 7.0) as reference datasets. According to the RGI 7.0 user guide, the total glacier area
in region 13 (including Tibet) in 1996 and 2002 accounted for approximately 62% of the
inventory. Therefore, the 1998-2003 period was selected as the validation dataset. Binary
reference raster was generated for the extracted glacier maps of the periods 1998-2003,
2017-2018, and 2019-2021, coding glacier pixels as 1 and non-glacier pixels as 0. A pixel-by-
pixel spatial comparison method was employed to calculate the difference raster according
to Equation (4):

D=R-P 4)

In the formula, R represents the reference value, and P represents the value extracted
in this study. D = 0 indicates a correct classification, D = 1 indicates a misclassification
error, and D = —1 indicates a false negative error. Additionally, OA, Kappa coefficient and
F1-score were calculated based on the confusion matrix to quantify the extraction accuracy.

3.8. Trend Analysis Method

The combined use of Theil-Sen median trend analysis and the Mann-Kendall (MK)
test is a widely adopted approach for assessing trends in long-term time series data [44,45].
This study utilized the Theil-Sen median and MK tests to analyze glacial dynamics in Tibet
between 1990 and 2025. Theil-Sen median trend analysis is a method for determining
trends in time series data that combines simplicity with robustness. The MK test was used
to verify the significance of the results obtained from the Theil-Sen median trend analysis.

4. Results
4.1. Accuracy Evaluation

In this study, training and validation samples were randomly selected in a 7:3 ratio.
Based on the validation data, this study calculated the OA, Kappa coefficient and F1-score
for the classification results across each time period, as shown in Figure 6. The results
indicated that the overall classification accuracy consistently remained above 90%, reaching
a maximum of 95% (1998-2003 and 2022-2023). The Kappa coefficients were all higher
than 0.83, and the highest was 0.91 (1998-2003). To further validate the accuracy of the
model’s classification, the F1-score was included as a supplementary validation metric; all
Fl-scores exceeded 90%, further confirming the reliability of the classification method used
in this study.

4.2. Comparison of Glacier Identification Results in Specific Areas

To further evaluate the recognition capabilities of different algorithms in complex
terrain, we not only compared their quantitative accuracy (Figure 7a) but also conducted
a qualitative assessment of their spatial recognition performance based on the 2017-2018
glacier inventory dataset for western China (Figure 7b). It is worth noting that the challenge
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in extracting glaciers via remote sensing lay not in clean glaciers. Whether using traditional
band ratio methods or machine learning algorithms, clean glaciers could be extracted with
high accuracy relatively easily due to their distinct spectral characteristics. However, for
debris-covered glaciers, their surface spectral characteristics were highly similar to those
of the surrounding bare rock and glacial debris, which lead conventional algorithms to
frequently produce serious omission and misclassification errors. As shown by the yellow
elliptical regions in Figure 7b, the glacier detection results from the RF algorithm were
significantly better than those from the Classification and Regression Tree (CART) and
the Gradient Boosting Decision Tree (GBDT). The detection accuracy of CART and GBDT
for debris-covered glaciers still needed improvement, indicating that both algorithms had
shortcomings in decoupling high-dimensional features and resisting noise. In contrast, the
RF algorithm effectively overcame feature multicollinearity and mitigated the interference
of outliers, thereby improving the accuracy of debris-covered glacier detection. This fully
demonstrated that the multi-feature fusion RF framework offered the best robustness for
debris-covered glacier detection.

Overall accuracy(OA), Kappa coefficient and F1-score for
glacier classification across different time periods

Values [[] Overall accuracy(OA) [[] Kappa coefficient [[] F1-score
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Figure 6. Accuracy evaluation results.

OA ™ Kappa M Fl-score (a)
95%

90%
85%
80%

75%

RF CART GBDT

Figure 7. Comparison of glacier identification results based on glacier inventory data. (a) Glacier
identification accuracy of different methods. (b) Identification results for debris-covered glaciers
using different methods. The red boundaries represent the glacier boundaries from the 2017-2018
glacier inventory data, and the yellow areas indicate debris-covered glaciers.
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4.3. Spatiotemporal Variation Characteristics of Tibetan Glaciers
4.3.1. Temporal Variations in Tibetan Glaciers

Based on long-term remote sensing image data, this study achieved high-precision ex-
traction of glacier boundaries in Tibet from 1990 to 2025 and revealed the spatial distribution
patterns and dynamic changes of glaciers in the region over the past 35 years. As shown in
Figure 8, glaciers in Tibet generally exhibited a spatial distribution characterized by “sparse
and scattered distribution in the west and high-density contiguous distribution in the east”.
Among them, clean glaciers constituted the predominant type in Tibet, accounting for
more than 95% of the total glacier area. During the 1990-2025 period, Tibetan glaciers
exhibited a sustained overall retreat (Figure 9a). The total glacier area decreased from
38,968 km? in 1990-1997 to 22,026 km? in 2024-2025, representing a cumulative reduction
of 16,942 km?. The glacial retreat process exhibited significant variations across different
phases: the average annual retreat area reached 418 km?/a from 1990 to 2006; from 2007 to
2018, the retreat rate temporarily slowed, with the average annual retreat area decreasing
to 380 km?/a; however, from 2019 to 2025, the glacial retreat rate accelerated significantly
again, with the average annual retreat area increasing to 530 km?/a. Further analysis of the
annual average rate of area changes for different glacier types revealed (Figure 9b—d) that
both total glaciers and clean glaciers exhibited a significant downward trend in their annual
average rates of change, with annual retreat rates of 0.12%/a and 0.13%/a, respectively.
This indicated that the retreat rate of clean glaciers was slightly higher than that of the
total glaciers, making them the core factor driving the overall accelerated retreat of Tibetan
glaciers. Conversely, unlike the continuous accelerated retreat of clean glaciers, the annual
average rate of area changes for debris-covered glaciers displayed an upward trend, but
the rate of change varied significantly across different time periods.
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Figure 8. Spatial distribution of Tibetan glaciers in 2024-2025.
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Figure 9. Results of Tibetan glacier area changes from 1990 to 2025. (a) shows glacier area for
each time period. (b—d) represent the annual average area change rates for all glaciers, clean and
debris-covered glaciers, respectively, during each time period.

4.3.2. Spatial Variations in Tibetan Glaciers

To further elucidate the spatial heterogeneity of glacial changes in Tibet, this study
employed a combined approach of Theil-Sen median trend analysis and MK significance
testing to analyze trends in glacial area changes in Tibet from 1990 to 2025. The results indi-
cated that Tibetan glaciers generally showed a trend of continuous retreat, with the retreat
primarily concentrated in the southeastern regions from 1990 to 2025 (Figures 10 and 11),
the combined glacial area retreat in Nyingchi and Shigatse cities accounted for 50.4%
of the total retreat area. Furthermore, the results of the significance test of glacier area
trends in Tibet from 1990 to 2025 (Figures 12 and 13) showed that areas with significant
changes in glacier area were mainly distributed in southeastern Tibet, which was highly
consistent with the spatial distribution of area-decreasing units identified in the Theil-Sen
trend analysis.
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Figure 10. Trends in glacier area in Tibet (1990-2025).
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Figure 11. Distribution of glacier area decreases across Tibet’s prefectures.
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Figure 12. Analysis of trends in glacier area in Tibet (1990-2025).
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Figure 13. Distribution of significant changes in glacier area across Tibet’s prefectures.
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4.4. Characteristics of Glacial Changes at Different Elevations, Slopes and Aspects

To provide a clear representation of glacier distributions across varying topographic
gradients, this study analyzed glacier data from 2024-2025. In terms of elevation distribu-
tion (Figure 14a), the elevation distribution of glaciers in Tibet exhibited a distinct unimodal
pattern, primarily concentrated in the mid-to-high elevation range of 4500-6500 m, which
hosted over 90% of the total glacier area. The peak proportions of both clean and debris-
covered glaciers occurred at 5500 m, at approximately 42% and 55%, respectively. This
distribution pattern was closely related to the snowline elevation in Tibet. The 4500-6500 m
range coincided with the equilibrium line elevation of most mountain ranges, where
glacial accumulation and ablation were relatively balanced, favoring long-term glacial
preservation. In terms of slope distribution (Figure 14b), the area of glaciers in Tibet de-
creased rapidly with increasing slope, and the distribution patterns of the two glacier
types were highly consistent. Glaciers were primarily distributed in gentle terrain with
slopes less than 20°, with the highest proportion of glacier area found in the 0-5° slope
range: approximately 24% for clean glaciers and as high as 38% for debris-covered glaciers.
When the slope exceeded 20°, the area proportions of both glacier types rapidly dropped
to below 5%. In terms of aspect distribution (Figure 14c), Tibetan glaciers exhibited a
distinct aspect preference, with east-facing (E) slopes showed the highest concentration
of glaciers, the area proportions of clean and debris-covered glaciers on E slopes were
approximately 26% and 27%, respectively. This was followed by north-facing (N) and
west-facing (W) slopes, where clean glaciers accounted for approximately 22% and 19% of
the area, respectively, while debris-covered glaciers accounted for approximately 25% and
18%, respectively. The proportion of glacier area on southwest-facing (SW) slopes was the
lowest, at approximately 4%.
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Figure 14. Characteristics of glacier changes in Tibet by (a) elevation, (b) slope gradient and (c) aspect
during 2024-2025.

4.5. Characteristics of Glacial Changes in the Tibetan River Basins

This study analyzed the distribution patterns and variations in retreat rates of glaciers
in major Tibetan river basins from 1990 to 2025 at the watershed scale. Tibet’s glacial
resources were primarily concentrated in a few select river basins (Figure 15). The Yarlung
Tsangpo river basin accounted for the largest proportion of Tibetan glacial area, with clean
and debris-covered glaciers comprising 55.18% and 39.82% of the total glacial area in Tibet,
respectively. The Qiangtang river basin ranked second, with clean and debris-covered
glaciers accounting for approximately 18.89% and 21.89% of the total glacial area in Tibet,
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respectively. The glacier areas in the remaining basins were relatively small; those in the
Ganges, Salween, and Indus river basins ranged between 1000 and 3000 km?, while those
in the Mekong, Yangtze, and Irrawaddy river basins were all less than 1000 km?.

Glacier area distribution (Basin scale)

Glacier type

B Clean glacier
E3 Debris-covered glacier

10,000
Basin
) Ganges
\/) Indus
O Irrawaddy

. Mekong
@ Qiangtang

. Salween

Yangtze

Area (km?)

5000

Yarlung Tsangpo

00906000

Clean glacier Debris-covered glacier

Figure 15. Proportion of glacier area in different river basins of Tibet.

Results on the rates of glacier area change across different basins indicated that glaciers
in all Tibetan basins exhibited a significant retreat trend from 1990 to 2025 (Figure 16).
However, there were substantial differences in the average annual retreat rates among
basins, with a general spatial pattern of faster retreat in the southeast and slower retreat in
the northwest. Among these, the Yarlung Tsangpo river exhibited the fastest retreat rate,
with an average annual decline exceeding 2%. Glaciers in southern river basins, such as
the Irrawaddy and Salween, exhibited the second-fastest retreat rates, with annual average
decline rates ranging between 1.5% and 2%. In contrast, glaciers in the inland Qiangtang
basin retreated at the slowest rate, with annual average decline rates of only 0.1-0.5%,
making it the region with the highest glacial stability in Tibet.
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Figure 16. Rate of glacier change in different basins of Tibet (1990-2025).
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5. Discussion
5.1. Validation of Results Across Different Datasets

To objectively evaluate the accuracy of the Tibetan glacier grids extracted in this study,
we used the Randolph Glacier Inventory (RGI 7.0), the 2017-2018 glacier inventory dataset
for western China [36], and the 2020 glacier inventory dataset for High Mountain Asia [37]
as validation datasets and calculated key evaluation metrics using the confusion matrix
method. The quantitative evaluation results showed that the OA for the three time periods
ranged from 0.88 to 0.92 (Table 3), with the highest classification accuracy observed in
the 2017-2018 period. Specifically, the Kappa coefficients fell within the “almost perfect”
confidence interval [46], fully demonstrating the high spatial consistency between the
extracted results and the validation data. Furthermore, the high F1-score further indicated
that this method can effectively reduce misclassification in complex terrain such as glacier-
rock mixed areas.

Table 3. Validation of Glacier Detection Results.

Time Period Data Validation Period OA Kappa F1-Score
1998-2003 19962002 0.88 0.85 091
2017-2018 2017-2018 0.92 091 0.94
2019-2021 2020 0.90 0.88 0.92

Combined with the spatial classification discrepancy map analysis (Figure 17), the
correctly classified glacier areas for the 1998-2003, 2017-2018 and 2019-2021 periods were
29,325 km?, 22,868 km?* and 22,264 km?, accounting for 84.56%, 91.08% and 88.33% of the
total extracted glacier area, respectively. These correctly classified areas were primarily
concentrated in major mountain ranges such as the Himalaya, Kunlun and Kaila Range,
while misclassified areas were scattered in the mixed-pixel transition zones along glacier
boundaries. Based on these quantitative and spatial statistical results, the dataset was
confirmed to possess extremely high data reliability and completeness.
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Figure 17. Map showing the spatial distribution of validation accuracy and classification differences
for the (a) 1998-2003, (b) 20172018 and (c) 2019-2021 Tibetan glacier extraction results.
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To further verify the accuracy of our extraction results, we compared them with
the Second Chinese Glacier Inventory (CGI-2). Although CGI-2 utilized remote sensing
imagery acquired between 2004 and 2011, its technical specifications stipulate that “when
multiple high-quality images are available for a given glacier, the image closest in time to
the inventory date shall be selected” [35]. Consequently, the resulting glacier outlines are
effectively representative of conditions around 2010. The glacier area in Tibet recorded by
CGI-2 is approximately 23,795.78 km?2, whereas our extraction for the 2010-2013 period
yielded 26,662 km?, which is notably higher. This discrepancy can be attributed to two
main factors: first, the two datasets are not fully aligned in their temporal reference;
second, systematic differences exist in extraction methods and classification criteria. CGI-
2 employed a traditional semi-automatic approach combining band-ratio thresholding,
morphological filtering, and manual visual revision, whereas this study used a Random
Forest algorithm based on multi-feature fusion (spectral, textural, topographic features,
and band differences). These two approaches differ in both glacier identification logic
and boundary delineation standards, which objectively contribute to discrepancies in
area statistics.

5.2. Phased Changes and Driving Mechanisms of Glacial Retreat in Tibet

The results of this study indicate that between 1990 and 2025, the area of glaciers
in Tibet decreased by 43.5%, with the rate of retreat gradually accelerating. This long-
term trend is closely related to the warming of the plateau against the backdrop of global
warming [47]. In recent decades, the rate of surface warming on the Tibetan Plateau
has been significantly higher than the global average for the same period; in particular,
summer warming in high-altitude regions has directly driven the continued retreat and
area reduction of glaciers [6]. Notably, the rate of glacial retreat between 2007 and 2018
slowed markedly compared to the period from 1990 to 2006. Considering that glacier
area changes typically lag behind climate forcing by several years, this slowdown is
understood as a delayed response to two favorable climatic factors. First, during the
“global warming hiatus” of 1998-2012, the summer warming trend on the Plateau slowed
or even stalled [48], directly reducing the energy input for glacial ablation and leading
to a decrease in the regional glacial mass loss rate [49]. Second, annual precipitation on
the plateau has increased significantly since 2000 [50], boosting mass replenishment and
slowing the glacial retreat trend. Together, these two factors led to the deceleration in the
retreat rate during this period.

Following this period of slowed retreat, glacier area did not immediately resume rapid
retreat; instead, it increased briefly by 0.39% between 2019 and 2021. Analysis of changes
in the areas of clean glaciers and debris-covered glaciers during this period revealed that
the area of debris-covered glaciers increased, while clean glaciers continued to retreat.
This indicates that intensified ablation accelerated the exposure of debris within the ice,
while terminal collapses triggered by climate warming provided new debris, driving the
transformation of clean glaciers into debris-covered glaciers [51,52]. In remote sensing
interpretation, this increase in surface debris cover appeared as a temporary increase
in “glacier area”; in essence, it was a signal of intense melting rather than a genuine
improvement in mass balance. Starting in 2022, the rate of glacier retreat accelerated
significantly, which may be related to the extreme heatwave that struck areas above 5000 m
on the Tibetan Plateau in 2022 [53], where more than 80% of Tibet’s glaciers are located
(Figure 14a). Extreme high temperatures caused a sharp increase in the ablation rates of
snowpack and exposed ice surfaces, while simultaneously triggering a positive ice-albedo
feedback (ablation darkens the ice surface, causing it to absorb more solar radiation), which
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further exacerbated mass loss and thus indirectly led to a significant acceleration in the rate
of glacial retreat in Tibet starting in 2022.

Regarding glacier type responses, as the predominant glacier type in Tibet, the trend
in the area of clean glaciers aligned with that of total glacier area, showing a continuous
decline. In contrast, while debris-covered glaciers demonstrated an overall increasing
trend, their rate of change was highly unstable across different time periods. The primary
reason lies in the complex hydrology of debris-covered glaciers [54]. In addition to climatic
impacts, factors such as the abundance of ice cliffs and glacial lakes also exert a significant
influence on the melting rate of these debris-covered glaciers [55].

5.3. Regional Comparison and Methodological Differences in Glacier Retreat Rates

Due to significant topographic variations across the Tibetan Plateau, the spatial pat-
terns of glacier area changes differ among regions [56,57]. Therefore, a systematic compari-
son of the results of this study with existing research can help to further elucidate trends in
glacier retreat across different high-altitude regions.

At the regional scale, previous studies on glacial changes in southeastern Tibet, with
results indicating that the total glacier area in that region decreased by 48.0% between 1970
and 2022 [58], whereas this study calculated a 35.3% decrease in the total glacier area of
Tibet between 1990 and 2022. There are two main reasons for this discrepancy: first, the
study by Wan covered a longer time period, resulting in greater cumulative glacier area
retreat; second, that study area included only Nyingchi and Shannan prefectures in Tibet,
which are the regions with the fastest glacier retreat rates in Tibet, thus yielding a greater
percentage of area loss compared to this study.

At the Tibet-wide scale, a visual interpretation study based on RGI V7.0, CGI-2 data,
and Landsat imagery, finding that the total glacier area in Tibet decreased by 14.75%
from 2000 to 2022 [59], whereas this study reported a decrease of 27.32% over the same
period. This discrepancy stems primarily from differences in remote sensing data selection
strategies. Zhou et al. applied a 20% cloud cover threshold to mitigate interpretation errors
caused by cloud cover. However, the Tibetan Plateau features complex topography, and
some regions experience year-round cloud cover; strictly enforcing this threshold would
result in the discarding of a large number of valid pixels, making it difficult to construct
spatially continuous and complete imagery [14]. The resulting data gaps are particularly
severe along glacier margins and termini, which directly introduce statistical errors in
glacier area measurements and consequently lead to an underestimation of glacier area loss.
In fact, the accuracy of glacier boundary interpretation significantly influences estimates of
area change, with clouds, shadows, and classification methods all introducing errors [9].

Furthermore, across the Tibetan Plateau and surrounding regions, there are significant
discrepancies in glacier area changes reported by different studies. For example, a study
based on three independent methods (satellite gravimetry, laser altimetry, and glaciological
modeling) showed that the rate of total glacier area retreat in the Tianshan Mountains
between 1961 and 2012 ranged from 12 to 24% [60]; in the Himalayan region, the integration
of multi-source satellite imagery and digital elevation models indicated a 31.03% reduction
in glacier area from 1976 to 2024 [61]; in the Nyenchen Tanglha Mountains, a study based
on Landsat and other remote sensing imagery combined with GIS technology showed that
glacier area decreased by approximately 22% between 1972 and 2010, with the retreat rate
accelerating significantly after 2000 [62]. In contrast, inland glaciers along the northern
margin of the Tibetan Plateau retreated at a slower rate, with a retreat of 20.17% between
1990 and 2020 [63]. These comparisons indicate that the study period, spatial scope, data
sources, and research methods are all key factors influencing estimates of retreat rates.
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5.4. The Influence of Topographic Features on the Distribution of Glaciers in Tibet

The results indicated that the distribution of glaciers in Tibet was closely related to
topographic factors such as elevation, slope, and aspect (Figure 14). In terms of elevation,
glacier area exhibited a unimodal distribution, concentrated in the mid-to-high elevation
range of 4500-6500 m, with a peak at approximately 5500 m. This elevation range largely
corresponds to the snowline height on the Tibetan Plateau [64], where glacial accumulation
and ablation are nearly in equilibrium, favoring glacial stability [6]. At elevations below
4500 m, temperatures are relatively high, leading to increased ablation; above 6500 m, the
terrain is often steep and water vapor input is insufficient, limiting snow accumulation and
hindering glacier development.

In terms of slope, glacier coverage decreased rapidly as slope steepness increased.
When the slope was less than 15°, the area of debris-covered glaciers exceeded that of clean
glaciers. This is because a thicker debris layer provides stronger thermal insulation, effec-
tively reducing the glacier’s ablation rate and causing the slope to become gentler [65,66].
Furthermore, debris layer thickness is negatively correlated with slope; that is, the gentler
the slope, the thicker the debris layer [67].

In terms of aspect, glacier distribution exhibited distinct directional differences. The
E and N slopes accounted for the largest share, together comprising approximately 50%
of the total glacier area, while the SW slope had the lowest proportion. This pattern is
primarily governed by regional atmospheric circulation and local radiation regimes. As a
windward slope, the E aspect intercepts the East Asian monsoon and part of the Indian
monsoon, receiving abundant moisture conducive to glacial accumulation [68], which
results in the largest glacial area. The N aspect is a shaded slope receiving approximately
15% less direct solar radiation during the glacial melt season [69], which effectively slows
melting and makes it the second-largest glacier-bearing aspect. The W aspect, influenced
by the mid-latitude westerlies, receives less moisture than the eastern slope but still benefits
from moderate precipitation and some direct radiation during peak solar periods, ranking
third in glacier area. Conversely, on the SW aspect, limited water vapor transport to the
plateau leads to reduced precipitation [70], while intense solar radiation enhances heat
flux and evaporation. These combined factors accelerate ablation and limit accumulation,
resulting in the lowest glacier proportion on this aspect.

5.5. Characteristics of Glacial Changes at the Basin Scale

The results of this study indicated that the distribution of glacial resources in Tibet
was highly uneven across different river basins, and there were significant differences in
glacial retreat rates among these basins (Figures 15 and 16). The Yarlung Tsangpo River
basin was the region with the highest concentration of glacial resources in Tibet, primarily
due to its close association with the moisture transport pathways of the Tibetan Plateau.
As the main channel through which the Indian monsoon enters the Tibetan Plateau, the
Yarlung Tsangpo River basin receives abundant precipitation [71]. Precipitation plays a
dominant role in snowpack changes within the Yarlung Tsangpo River basin [72], making it
the region with the highest concentration of glacial development. Regarding glacial retreat
rates, glaciers in all basins exhibited a significant retreat trend between 1990 and 2025, but
the rates of retreat varied considerably. The overall spatial pattern was characterized by
“rapid retreat in the southeast and slow retreat in the northwest.” This spatial variation is
primarily due to different atmospheric circulation systems governing each basin [6]. The
southeastern basins are primarily influenced by the Indian monsoon, characterized by
higher temperatures and highly seasonal precipitation. These glaciers are predominantly
marine-type glaciers, which are extremely sensitive to temperature changes. In contrast, the
northwestern Qiangtang basin is mainly controlled by the westerly circulation, featuring a
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cold and dry climate. The glaciers here are predominantly continental-type glaciers, with
relatively low accumulation and ablation rates. This results in weaker glacial activity and a
higher energy threshold required for ablation, leading to a slower retreat [4].

5.6. Limitations and Future Directions

Although this study achieved high-precision extraction of glacier changes in Tibet
based on long-term remote sensing data and established a glacier dataset for the pe-
riod 1990-2025, the following limitations remain and require further improvement in
future research.

First, there is an inherent inconsistency between area changes and volume changes.
This study primarily relied on two-dimensional glacier boundaries to extract area changes
and was unable to directly quantify losses in glacier thickness and volume. Area retreat
typically lags behind volume loss, particularly in thick ice regions. Future studies should
combine remote sensing observations (such as high-resolution DEMs, ICESat-2, and GRACE
satellite data) with field monitoring (such as ice radar thickness measurements and pole-
based mass balance observations) to develop empirical or physical models for estimating
volume changes, thereby more accurately reflecting the glacier’s mass balance.

Second, this study was limited by single-source remote sensing observations and
the lack of an integrated framework. In the future, an integrated “remote sensing—field
measurements—modeling” framework should be established: (1) use remote sensing data
to provide a macro-level context of glacier distribution (spatiotemporal trends); (2) use
field monitoring data (e.g., automatic weather stations, mass balance poles, ice radar) to
provide localized calibration of key parameters; (3) employ numerical models (e.g., glacier
dynamics models or energy balance models) for mechanism simulation and future scenario
projections. Through cross-validation of multi-source data, we can further enhance our
understanding of the mechanisms underlying glacier changes and their hydrological effects.

Third, the glacier boundaries in this study were extracted through automatic classifi-
cation based on machine learning algorithms. Although the overall classification accuracy
for all 10 time periods exceeded 90%, factors such as mixed pixels in high-altitude areas,
topographic shading, residual seasonal snow, and spectral confusion in areas covered
by glacial debris can lead to misclassification or omission errors during the classification
process. These errors may indirectly affect the final glacier area statistics. Therefore, all area
values in this study have been rounded to better account for the inherent uncertainty in re-
mote sensing classification. Consequently, in future research, multi-source high-resolution
validation data will be combined with error propagation models to further quantify the
uncertainty range of the estimated area changes.

6. Conclusions

Based on the GEE platform and the RF algorithm, this study systematically analyzed
the spatiotemporal variation characteristics of glaciers in Tibet from 1990 to 2025. The results
indicated that over the past 35 years, glaciers in Tibet have exhibited a continuous retreat
trend, with the total glacier area decreasing from 38,968 km? to 22,026 km?, representing a
cumulative reduction of 16,942 km?. The retreat rate exhibited distinct phases; the “global
warming hiatus” and increased precipitation jointly led to a deceleration in glacial retreat
during 2007-2018 relative to 1990-2006. In terms of topographic characteristics, Tibetan
glaciers were most concentrated at an elevation of 5500 m and on E aspect. Spatially,
the Yarlung Tsangpo River basin experienced the fastest retreat (>2%/a), whereas the
Qiangtang basin showed the highest stability (0.1-0.5%/a), primarily controlled by different
atmospheric circulation systems. This study demonstrated that the proposed remote
sensing indicators coupled with the RF algorithm provided an effective tool for large-
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scale, long-term glacier monitoring. The findings offered important data support for
understanding glacier responses to climate change and assessing water resource security in
the Tibetan Plateau region.
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