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Abstract. Glacial lakes in the southeastern Tibetan Plateau (SETP) have expanded, increasing the potential for cascading
hazards associated with glacial lake outburst floods (GLOFs). However, long-term, annual monitoring data that include micro
glacial lakes remain relatively limited for this region. To address this gap, this study integrated Landsat series and Sentinel-2
imagery and used the GLA-RCNN deep learning framework with an embedded Convolutional Block Attention Module to
construct and release an annual glacial lake inventory (SETP_GLI). The dataset comprises 36 annual vector layers from 1990
to 2025, recording the annual evolution of regional glacial lake numbers and areas. The use of 10 m resolution imagery and
model optimization improved the detection of micro glacial lakes (<0.01 km?). The inventory provides annual vector
boundaries and standardized physical attributes—including longitude, latitude, area, perimeter, and mean elevation, together
with area uncertainty metrics derived from mixed-pixel theory. Quality assessments indicated that the extraction framework is
robust against interference from mountain shadows and turbid water. For model performance, the overall F1 scores for typical
years remained above 0.82 (with a maximum of 0.895); cross-validation with existing public databases (Hi-MAG and Glacial
lake inventory of high-mountain Asia) showed that the matched polygon-level Intersection over Union (IoU) ranged from 0.54
to 0.80, with spatial agreement increasing with improvements in historical image quality. Spatiotemporal analysis revealed a
persistent expansion trend, with the annual area growth rate rising from 3.65 £ 1.12 km? a™! (1990-2012) to 5.95 + 2.44 km?
a' (2016-2025). The dataset is archived at the National Tibetan Plateau Data Center (TPDC)
(https://doi.org/10.11888/Cryos.tpdc.303491), with processing code released openly. SETP_GLI serves as a baseline dataset

for cryospheric response analysis, hydrological modeling, and GLOF risk assessment.
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1. Introduction

Glacial lakes are sensitive indicators of cryospheric change and integral components of hydrological systems in high-
mountain regions. In High Mountain Asia (HMA), sustained glacier mass loss and terminus retreat have facilitated the
formation, expansion, drainage, and coalescence of glacial lakes (Zhang et al., 2022; Yao et al., 2022). These dynamics
influence seasonal water storage and downstream hydrological processes, and can increase the potential risk of glacial lake
outburst floods (GLOFs) (Harrison et al., 2018; Veh et al., 2023; Zheng et al., 2021). The southeastern Tibetan Plateau (SETP)
is particularly sensitive to glacier—lake interactions due to its steep topographic relief, strong monsoonal influence, rapid glacier
thinning, and extensively distributed maritime glacier systems (Zeitler et al., 2014; Yao et al., 2019; Brun et al., 2017).
Accordingly, constructing a long-term glacial lake inventory with high temporal consistency is essential for assessing regional
cryospheric changes and supporting regional-scale hydrological and hazard-related research.

Although several large-scale glacial lake datasets for the Tibetan Plateau or HMA have been released, providing important
baselines for regional assessments (Chen et al., 2021; Wang et al., 2020), three primary limitations remain for refined
applications in the SETP. First, many datasets have limited update frequency; many existing inventories cover only specific
years or lack records of recent dynamics (Shugar et al., 2020). Second, most large-scale products rely predominantly on 30 m
resolution optical imagery, which limits their capability to detect small glacial lakes (<0.01 km?) and newly formed early-stage
lakes (Zhang et al., 2022). These small lakes can be important morphological indicators for the early stages of outburst hazards
(Watson et al., 2017). Third, existing products are often inadequate in providing polygon-level uncertainty quantification,
validation samples, image-source metadata, and user guidelines for inter-annual change analysis, making it difficult to support
highly reproducible and continuous annual evolution studies (Emmer et al., 2022; Nie et al., 2017).

The aforementioned limitations are further amplified by the extremely complex geographic environment of the SETP.
Challenges such as deep topographic shadows, highly turbid water, supraglacial debris, fragmented moraine landscapes,
seasonal snow cover, and persistent cloud contamination create challenges to automated glacial lake mapping (Zhang et al.,
2021). In such complex backgrounds, small lakes are easily omitted due to the mixed-pixel effect, while shadows, river
segments, and seasonal meltwater ponds are frequently misidentified as glacial lakes by optical sensors (Li et al., 2022; Zhao
et al., 2018). To overcome these challenges, there is a need to establish an integrated processing workflow that incorporates
multi-source remote sensing imagery, topographic constraints, automated extraction, rigorous manual quality control, and
explicit uncertainty quantification (Nie et al., 2017; Emmer et al., 2022).

To address these requirements, this study developed and released an annual glacial lake inventory for the southeastern
Tibetan Plateau covering the period from 1990 to 2025 (SETP_GLI). This paper provides a detailed documentation of the
input data, image-selection protocols, extraction workflows, manual quality control, attribute calculations, uncertainty
estimations, technical validation, data records, and usage instructions. The primary contributions of this dataset include: (1) a
36-year annual vector inventory of glacial lakes at 10-30 m mapping resolution; (2) standardized polygon-level physical

attributes and uncertainty estimates based on boundary pixels; (3) stratified validation across multiple sensors, size classes,

2
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and complex alpine backgrounds; and (4) explicit usage guidelines to support the scientifically consistent interpretation of

long-term glacial lake evolution across different sensors.

2. Study Area

The SETP is situated in the geologically active Eastern Himalayan Syntaxis, geographically spanning 92°E—99°E and 27°N—
31°N. It encompasses the eastern segments of the Nyaingéntanglha Mountains, Gangdise Mountains, and Himalayas, as well
as the western part of the Hengduan Mountains, with a total area of approximately 150,000 km?. The region has complex
topography, characterized by deeply incised high mountains and gorges, with an average elevation exceeding 4,000 m (Nie et
al., 2017). It is among the regions with high rates of crustal uplift and surface denudation (Zeitler et al., 2014). Climatically,
as a major moisture corridor that transports warm and humid air from the Indian Ocean to the interior of the plateau, the SETP
exhibits significant spatial heterogeneity in precipitation (Yang et al., 2014), with uneven spatial and seasonal distributions. In
the lower-elevation southern regions, annual precipitation can exceed 3,000 mm, occasionally reaching over 5,000 mm, the
vast majority of which is concentrated in the summer (Zhang et al., 2024). Meteorological observations indicate that the region
is undergoing a pronounced warming and wetting trend; over the past few decades, the mean annual temperature has risen at
a rate of approximately 0.30-0.40 °C/10a, exceeding the global average over the same period (Yao et al., 2019). This unique
alpine-humid hydrothermal environment has fostered the development of extensive maritime glaciers. According to the
Randolph Glacier Inventory (RGI 7.0), the study area contains approximately 8,600 modern glaciers with a total area of roughly
13,200 km?, representing one of the highest concentrations of maritime glaciers on the Tibetan Plateau. However, these glaciers
are highly sensitive to climate change and have experienced substantial mass loss in recent decades. Recent geodetic estimates
reveal that from 2000 to 2019, the glacier mass loss rate in this region reached -0.62 + 0.10 m w.e. a™' (Hugonnet et al., 2021),
indicating substantial glacier ablation in High Mountain Asia. This accelerated ablation has contributed to cascading hydro-
geomorphic responses, most notably the proliferation and areal expansion of glacial lakes, making the region an important

area for studying rapid glacial lake evolution.
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Figure 1. Overview map of the study area. The boundary of the SETP is derived from Zhao et al. (2022). The reference glacial lake
locations and boundaries shown for study-area context are based on the Glacial lake inventory of high-mountain Asia (Wang et al.,

2020; http://www.ncdc.ac.cn); these reference data are not the final SETP_GLI product generated in this study.

3. Data Sources

3.1 Satellite Imagery and Auxiliary Topographic Data

To construct a long-term glacial lake inventory covering 1990 to 2025, a phased satellite data integration strategy was
implemented. For 1990-2012, Landsat 5 TM and Landsat 7 ETM+ Surface Reflectance (SR) products from the USGS were

used; for 2013-2015, Landsat 8 OLI SR products were used. Landsat 7 ETM+ was used only as an auxiliary source to fill

spatiotemporal gaps, thereby minimizing potential errors introduced by scan-line corrector (SLC-off) issues. For the 2016—

2025 period, Sentinel-2 MSI (Level-2A) products from the ESA were incorporated, using their 10 m spatial resolution to

enhance monitoring capabilities for micro-scale targets. Regarding topographic and reference data, SRTM DEM was used for

slope derivation for the Landsat-period topographic auxiliary layer, and ALOS PALSAR RTC DEM was used for slope
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95 derivation for the Landsat 8 and Sentinel-2 topographic auxiliary layer; a 10 m DEM was used to derive the lake-surface
96 elevation attribute. Furthermore, the Hi-MAG (Chen et al., 2021) and Glacial lake inventory of high-mountain Asia (Wang et
97  al., 2020) databases were selected as reference sources to assist in label generation for model training and quantitative accuracy
98 assessment of the extraction results.

99 Table 1. Data sources and characteristics.

Spatial

Category Sensor / Dataset Time Span Res Product Level / Source Key Usage
USGS Collection 2 Tier Historical
Landsat 5 T™M 1990-2011 30m 1 (Surface Reflectance) inventory
USGS Collection 2 Tier .
Landsat 7 ETM+ 1999-2012 30 m I (Surface Reflectance) Gap-filling support
Optical
Imagery USGS Collection 2 Tier Transitional
Landsat 8 OLI 2013-2015 I5m 1 (Pan-sharpened via invent
NNDiffuse) entory
Sentinel-2 MSI 2016-2025 om  FSALevel2A (BOA High-resolution
Reflectance) monitoring
Slope derivation
SRTM DEM 1990-2012 30m NASA LP DAAC for the Landsat-
period topographic
auxiliary layer
Terrain
Data Slope derivation
for the Landsat 8
ALOS PALSAR 2013-2025 125 m ASF DAAC (Resampled and Sentinel-2
RTC to 10/15 m) .
topographic
auxiliary layer
HI-MAG 2008-2017 30m NCDC Accuracy
Database assessment
Validation Glacial lake
inventory of 1990 and 2018 30m NCDC Accuracy
high-mountain assessment

Asia

100



101

102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119

120

121
122
123
124

https://doi.org/10.5194/essd-2026-452
Preprint. Discussion started: 9 July 2026
(© Author(s) 2026. CC BY 4.0 License.

Earth System
Science

Data

Open Access
suoIssnasIqg

3.2 Image Selection Protocol

To ensure the temporal consistency and reproducibility of the SETP_GLI dataset, the following image selection and

preprocessing protocols were implemented:

Primary window: The preferred observation window was set from September to November each year (i.e., the late
ablation season before widespread lake freezing). During this period, seasonal snow and cloud cover are typically
minimized, and glacial lake boundaries remain relatively stable during late-season ablation recharge, facilitating
differentiation between water bodies and transient snow.

Backup Strategy: Because cloud cover is high in alpine regions, if suitable images with cloud cover < 20% were
unavailable in the primary window, the search was expanded to include August. If no suitable observations were
found from August to November, images from December or January/February of the following year (corresponding
to observation gaps with minimal snow and incomplete lake freezing) were selected. This stepwise expansion strategy
improves the temporal continuity of the 1990-2025 sequence.

Primary-year consistency and documented supplementation: The dataset follows a target-year-priority mapping
principle. Images acquired within the target year were used whenever possible to maintain annual phase consistency.
In areas affected by persistent cloud, snow, or Landsat 7 SLC-off gaps, adjacent-year images were used only as
supplementary gap-filling sources when necessary, and the corresponding scene IDs were recorded in the source_img
attribute. If individual images were obscured by clouds, the Google Earth Engine (GEE) platform was used to perform
median compositing or least-cloud-cover compositing of available observations within the target-year or documented

backup observation window to generate an annual basemap with fewer cloud-contaminated pixels.

4. Dataset Generation Methods

The methodological framework of this study comprises four primary stages: (1) standardized preprocessing of multi-

source data; (2) development of the GLA-RCNN model and extraction of glacial lakes; (3) automated post-processing coupled

with refined manual visual correction; and (4) calculation of glacial lake attributes and uncertainty assessment. The overall

technical workflow is illustrated in Figure 2.
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4.1 Image Preprocessing

To satisfy the input requirements of the deep learning model and reduce inconsistencies associated with multi-source data
selection, a standardized preprocessing workflow was implemented. Initially, sensor-available spectral bands sensitive to water
bodies, including Red (R), Green (G), Blue (B), Near-Infrared (NIR), and SWIR where available at the required mapping
resolution, were extracted and stacked for Landsat 5 TM, Landsat 7 ETM+, Landsat 8 OLI, and Sentinel-2 MSI images.
Because Sentinel-2 does not provide a 10 m SWIR band, the input channel number was inferred automatically in the model
configuration rather than forced to a fixed band combination for all sensors. Subsequently, to reduce variations in image tone
and brightness caused by differences in acquisition dates, weather conditions, and solar elevation angles, a dodging algorithm
was applied to color-balance the imagery for each year. This step improves the temporal consistency of feature extraction. For
Landsat 8 OLI imagery, which includes a 15 m panchromatic band, the Nearest Neighbor Diffusion (NNDiffuse) pan-
sharpening algorithm was used to fuse the 15 m panchromatic band with the 30 m multispectral bands. This algorithm increases
spatial resolution while largely preserving the spectral fidelity of the original multispectral data, thereby reducing the spectral
distortion commonly associated with conventional fusion techniques. This process increases the spatial resolution of the
transitional-period data toward that of Sentinel-2 (10 m), improving subsequent target recognition accuracy. Furthermore,
given the broad numerical range (0—10,000) of the Level-2 surface reflectance products, a Min-Max normalization method
was applied to linearly map the pixel values of all bands to the [0, 1] interval, facilitating model convergence.

To achieve pixel-level registration between the topographic constraints and the optical imagery, bilinear interpolation was
employed to resample the ALOS DEM to 15 m (to match Landsat 8) and 10 m (to match Sentinel-2), respectively. Compared
to the nearest-neighbor method, bilinear interpolation effectively preserves the continuity of the topographic surface and
minimizes jagged artifacts. Based on the preprocessed DEMs, a slope layer was generated. Following normalization, this layer
was fed into the deep learning model as an auxiliary "topographic channel" to assist in reducing interference from alpine
shadows. Concurrently, the Normalized Difference Water Index (NDWI) was calculated using the Green and NIR bands as
follows: NDWI = (Green — NIR) / (Green + NIR). Finally, the available optical bands were stacked with the NDWI and slope
layers to construct a sensor-adaptive multi-channel dataset for model ingestion; the actual input-channel number was inferred

automatically during training and inference.

4.2 Model Architecture

Given the large scale variations of glacial lakes and the complex environmental backgrounds in the SETP, standard
convolutional neural networks (CNNs) can have difficulty extracting glacial lake features from high-frequency noise. To
address this, we developed the GLA-RCNN deep learning model based on the Mask R-CNN instance segmentation framework
by incorporating the Convolutional Block Attention Module (CBAM) (Woo et al., 2018) (Figure 3). This framework employs
ResNet-152 as the backbone network for feature extraction, integrating CBAM modules at the ends of the deep residual blocks

Stage 4 and Stage 5. The CBAM comprises two sequential sub-modules: channel attention and spatial attention. The channel

8
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attention adaptively recalibrates the weights of each channel by applying global average pooling and max pooling to the feature
maps, thereby highlighting the specific spectral-textural features of glacial lakes and suppressing non-water background noise.
The spatial attention further focuses on high-response regions across the spatial dimensions of the feature maps, assisting the
model in precisely locating glacial lake boundaries in low-contrast environments, such as deeply incised gorges. This helps
reduce the common classification ambiguity between "mountain shadows" and "dark water bodies". To overcome the inherent
flaw of traditional networks losing information on tiny targets during downsampling, we implemented targeted improvements
to the Feature Pyramid Network (FPN). CBAM modules were embedded into each fused feature layer (P2—P5) following the
top-down pathway and lateral connections of the FPN. This design strengthens the fusion of deep semantic information with
shallow detailed information and provides cross-scale feature recalibration capabilities. For tiny glacial lakes smaller than 0.01
km?, the improved FPN enhances their saliency on low-resolution feature maps, thereby reducing the omission rate caused by
negligible pixel proportions and supporting model robustness across various glacial lake scales. In the final prediction stage of
instance segmentation, to reduce spatial misalignment errors introduced by coordinate quantization in the traditional Rol
Pooling layer, this study adopted the Rol Align technique. This technique utilizes bilinear interpolation to calculate the floating-
point values of feature points within the Region of Interest (Rol), improving pixel-level correspondence between the feature
maps and the original image. This is important for the fine delineation of irregular glacial lake boundaries. Model training
employs a multi-task joint loss function for end-to-end optimization, with the total loss function defined as:

L= Les + Lpox + Limask (1)

where L. represents the classification loss, Ly, is the bounding box regression loss, and L,, . denotes the segmentation
mask loss based on average binary cross-entropy. Through end-to-end optimization, accurate pixel-level extraction of glacial

lake boundaries in complex terrains was achieved.



180
181

182

183
184
185
186
187
188
189
190
191
192
193

Earth System
Science

Data

https://doi.org/10.5194/essd-2026-452
Preprint. Discussion started: 9 July 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

Backbone Network & Feature Fusion Region Proposal Network
(RPN)
> / 1X1 Conv
= 1X1 Conv
| Multi-scale o 3x3 Softmax Target Region
Feature M Conv : Proposals

- T catme AR (Objectness)
Bbox Reg

Input Multi-source (Proposals)

Remote Sensing Data ResNet-152 Layers FPN

Multi-task Prediction Branch

[ |-

~

|

Segmentation

FCN Layers
(Fully Convolutional Networks)

==

Coordinate Branch

FC Layers —
| Softmax I—Pl Category | Output Result
Joint Loss Function:

Category Branch L=L 4 +L;,+L

Mask

FC Layers

Roi Align
(Bilinear Interolatqion)

BBox Reg I—Pl Coordinate I— |

(Fully Connected
Layers)

‘mask

Figure 3. GLA-RCNN model framework
4.3 Experimental Design and Extraction Strategy

To evaluate the extraction performance of the proposed GLA-RCNN framework in complex geomorphic landscapes, and
to mitigate potential systematic biases introduced by the transition among long-term multi-source remote-sensing datasets, this
study established a "phased multi-scale" training strategy and standardized inference control protocols:

e Phased data slicing strategy: The preprocessed multi-channel remote sensing images were sliced using a
sliding window of 256 x 256 pixels. Ground truth labels for glacial lakes were manually produced by visual
interpretation of optical imagery, with the Glacial lake inventory of high-mountain Asia (Wang et al., 2020) used as
a reference database. To reduce scale confusion and subsequent artificial step changes caused by varying physical
resolutions (30 m, 15 m, and 10 m), this study generated labels specifically for three key temporal nodes (1991, 2013,
and 2016) and trained three targeted sets of GLA-RCNN weights.

e Sample ratio and spatial partitioning: To enhance the model's resistance to interference against complex

land surfaces, background patches containing deep gorge shadows, flat rivers, and local cloud shadows were

10
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introduced into the training set, with the positive-to-negative sample ratio set at 1:2. The training dataset was
augmented through techniques such as 90° flipping and rotation. To reduce the risk of "spatial leakage" caused by
overlapping features in adjacent patches, a spatial block-based partitioning strategy was employed. The sample set
was spatially separated and divided into a training set, a validation set, and an independent test set at a ratio of 8:1:1.

e Training parameters and hyperparameter optimization: The model was trained end-to-end by jointly
minimizing classification loss, bounding-box regression loss, and segmentation mask loss. For hyperparameter
configuration, the Non-Maximum Suppression (NMS) threshold for the Region Proposal Network (RPN) was set to
0.7, with an RPN batch size per image of 256 and a positive fraction of 0.5. In the Region of Interest (Rol) prediction
stage, the score threshold was set to 0.05, the NMS threshold to 0.5, the Rol batch size per image was increased to
512 (with a positive fraction of 0.25), and the maximum number of detections per image was limited to 100. The
model was built on the PyTorch framework, utilizing the AdamW optimizer to update parameters. The learning rate
was selected during model training, and the total number of training epochs was set to 30.

e Automated inference and tile merging: During the large-scale inference phase across the entire region, an
overlapping sliding window strategy was adopted to mitigate edge artifacts. The inference batch size was set to 4, the
tile size to 256 pixels, and an overlap padding of 64 pixels was established. For the predicted probabilities in
overlapping areas, a mean-probability merge policy was applied. In the mask binarization stage, the classification-
confidence threshold was set to 0.9 to suppress false-positive errors in complex backgrounds.

e Baseline comparison setup: To quantify the performance of the improved model, using 1991 as a
representative year, this study introduced three deep learning models—Mask R-CNN, U-Net, and DeepLab V3—as
comparative models. By evaluating these models under a unified environment, we aimed to assess the contribution
of the CBAM attention mechanism and the improved Feature Pyramid Network (FPN) in reducing terrain-shadow

errors and preserving glacial lake topology.
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Figure 4. Confusion matrix for dichotomous problems
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4.4 Post-processing and Manual Correction

Although deep learning models exhibit strong generalization across complex surface backgrounds, the initial extraction
results may contain misclassifications or boundary topological errors due to interference from complex alpine topography and
local cloud shadows. To meet the accuracy requirements of a benchmark dataset, this study established a post-processing
mechanism comprising "automated rule-based filtering and full manual verification," to improve data reliability through multi-
level quality control:

Automated Rule Filtering and Elimination: By integrating prior geoscientific knowledge, this study implemented strict
morphological and semantic constraints to further enhance the reliability of the extraction results. To suppress isolated noise
while maximizing the retention of visually plausible glacial lakes, we first applied a sensor-adaptive mapping threshold based
on pixel continuity. Candidate lakes were retained only when they consisted of approximately 6-10 contiguous pixels (Nie et
al., 2017; Wang et al., 2020). Therefore, the sensor-adaptive mapping thresholds for 10 m, 15 m, and 30 m imagery were set
to 0.001 km? (10 pixels), 0.002025 km? (9 pixels), and 0.0054 km? (6 pixels), respectively. These thresholds were designed to
remove obvious false positives while preserving true small glacial lakes as much as possible; they do not imply equivalent
detection efficiency among sensors. In particular, lakes close to the theoretical 30 m threshold remain difficult to identify
reliably because of mixed pixels, shadows, and boundary uncertainty. Accordingly, an additional uniform analysis threshold
0f 0.01 km? was applied only in the subsequent long-term trend analysis to standardize the comparison among different sensors.
Furthermore, to address the problem that elongated river valleys are frequently misidentified as glacial lakes due to spectral
similarities, this study introduced reference river vector data as a spatial mask. Morphological aspect-ratio constraints were
used to remove linearly distributed river segments and seasonal meltwater, thereby ensuring the topological consistency of the
dataset.

Full manual verification and visual interpretation: Following automated filtering, the verification team overlaid the
initial extraction vectors onto the original Landsat and Sentinel-2 optical imagery for hierarchical visual interpretation. The
main tasks of manual correction included the following four aspects:

e Noise removal and false-positive suppression: With reference to high-resolution historical imagery, residual
cloud shadow noise, snow patches, and other false glacial lake polygons were manually removed.

. Topological relationship restoration: For merged polygons caused by extreme spatial proximity where the
model failed to distinguish adjacent lakes, manual segmentation was performed to ensure the correct
topology of independent glacial lake entities.

e Spatial position geometric calibration: To address significant coordinate offsets of glacial lakes in certain
years caused by geometric registration residuals of the original imagery, this study utilized the stable spatial
coordinates of the lake observed across the majority of the time series as a baseline to perform overall

translation and alignment correction for the offset polygons.
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e Refined boundary reconstruction: For fuzzy boundaries caused by supraglacial debris coverage or high
water turbidity, refined manual trimming and boundary redrawing were conducted based on
geomorphological features to improve spatial fidelity of the boundaries.

Quality review and final output: The verification process was independently conducted by three professionals with
relevant backgrounds, implementing a cross-checking mechanism. Through the aforementioned quality control, interferences
from mountain shadows in deeply incised gorges and sensor transitions were substantially reduced, ultimately yielding an

annual glacial lake product (SETP_GLI) with consistent spatial topology and detailed physical boundaries.

4.5 Attribute Calculation and Uncertainty Assessment

During the model accuracy assessment and long-term dataset cross-validation phase, to reduce the bias of non-
independent validation, the Hi-MAG database (Chen et al., 2021) and the Glacial lake inventory of high-mountain Asia (Wang
etal., 2020) were used as external benchmark inventories for spatial cross-comparison. By conducting a spatial overlay analysis
between our automated extraction results and these reference datasets, accuracy metrics, including Recall, Precision, and
Intersection over Union (IoU) were calculated, providing an evaluation of the extraction performance for the long-term dataset.
Furthermore, considering that existing public validation sets are primarily derived from 30 m resolution imagery, this study
introduced meter-scale high-resolution historical imagery from Google Earth as a secondary validation source to further assess
the extraction performance for micro glacial lakes (<0.01 km?) and complex background conditions. Using a stratified random
sampling strategy, 200 sample points were randomly selected across typical error-prone regions—such as those with mountain
shadow occlusion, moraine coverage, and turbid water—to conduct manual visual cross-validation. This dual validation
mechanism, combining "quantitative benchmark comparison" with "qualitative visual inspection", supports the reliability of
the long-term dataset across different historical periods and varying target scales.

Based on the model-generated annual vector boundaries, this study further calculated multi-dimensional attributes,
including geometric, topographic, and uncertainty metrics, to construct a standardized inventory dataset. All vector data were
first projected onto the Asia North Albers Equal Area Conic coordinate system to accurately calculate the area and perimeter
of the glacial lakes. Subsequently, the mean elevation value from the 10 m DEM within each glacial lake extent was extracted
as the lake surface elevation. To quantify the boundary positioning errors introduced by the mixed-pixel effect in remote
sensing imagery, this study followed the error assessment method used by Wang et al. (2020) in the Glacial lake inventory of
high-mountain Asia, calculating the area uncertainty of individual glacial lakes based on the boundary pixel theory of Hanshaw
and Bookhagen (2014). This method assumes that the extraction errors of boundary pixels follow a normal distribution, taking
one standard deviation (1 sigma) as the confidence interval (i.e., assuming approximately 68.72% of the peripheral boundary

pixels are subject to error). The formula for calculating area uncertainty is as follows:

P _ G2
Uncert = = X —x 0.6872 (2)
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where P is the perimeter of the glacial lake (m); G is the spatial resolution of the remote sensing imagery (m); P/G
represents the total number of mixed pixels falling along the glacial lake boundary; G2/2 represents the maximum theoretical
error area for a single boundary pixel (i.e., half the area of a pixel); and 0.6872 is the correction coefficient at the 10 confidence

level.

5. Technical Validation
5.1 Accuracy Assessment and Uncertainty Analysis

Quantitative evaluation of the models on independent test and validation sets (Table 2) indicates that Mask R-CNN
exhibits performance limitations, constrained by complex background interference and the difficulty of identifying small
targets in high-alpine mountainous regions. Although it maintains a high recall (0.9559) on the test set, its precision is only
0.8637. This suggests that traditional feature networks are more susceptible to false positives and boundary blurring when
dealing with complex backgrounds and small glacial lakes. In contrast, the proposed GLA-RCNN achieves improvements
across all metrics; its precision on the test set increases to 0.8803 and recall reaches 0.9563, with a balance between precision
and recall. Ultimately, GLA-RCNN yields the highest F1 score of 0.9167 and an IoU of 0.8462 on the independent test set
(while also reaching an F1 of 0.9236 and an IoU of 0.8580 on the validation set, demonstrating robust generalization stability
and limited overfitting). This performance not only significantly surpasses that of mainstream U-Net and DeepLab V3 but also
quantitatively validates the contribution of the CBAM attention mechanism in filtering out shadow noise interference and
precisely restoring the topological structure of contiguous water bodies. Qualitative visual assessments further confirm that
the improved model exhibits excellent robustness in small target detection and spectral anomaly processing within independent
regions (Figure 5).

Considering that long-term glacial lake monitoring spans multiple sensor generations, this study evaluated the
performance of GLA-RCNN across multiple spatial resolutions (10 m, 15 m, and 30 m) (Table 3). The model performed best
on the test set of 10 m high-resolution images, with F1 and IoU values of 0.9485 and 0.9021, respectively. As the spatial
resolution degraded to 30 m, physical limitations such as boundary mixed-pixel effects and reduced geometric information led
to an expected decline in precision. However, recall remained above 0.95 across all scales. This pattern of high and stable
recall indicates that even in historical coarse-resolution imagery, GLA-RCNN maintains a robust capacity for target capture,
reducing the omission of small glacial lakes. Overall, the model maintained an F1 score exceeding 0.91 on both the test and
validation sets at a 30 m resolution, providing algorithmic support for generating a long-term glacial lake evolution dataset
from 1990 to 2025.

Table 2. Comparison of glacial lake recognition accuracy across different deep learning models.

Model Test F1 Test IoU Test Precision Test Recall Val F1 Val IoU

14
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GLA-RCNN 0.9167 0.8462 0.8803 0.9563 0.9236 0.8580
Mask R-CNN 0.9074 0.8305 0.8637 0.9559 0.9207 0.8530
U-Net 0.9023 0.8219 0.8994 0.9052 0.9130 0.8399
DeepLab V3 0.8476 0.7355 0.8292 0.8668 0.8620 0.7574

310
311 Table 3. Performance comparison of GLA-RCNN at different spatial resolutions

Resolution Test F1 Test IoU Test Precision Test Recall Val F1 Val IoU
10 m 0.9485 0.9021 0.9359 0.9615 0.9503 0.9054
I5m 0.9280 0.8656 0.9064 0.9506 0.9304 0.8698
30 m 0.9167 0.8462 0.8803 0.9563 0.9236 0.8580
312
Ground Truth Ours Mask R-CNN U-Net DeepLabV3
-— -— - -
-
|
313
314 Figure 5. Comparison of results for glacial lake recognition across different models
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5.2 Geometric Accuracy Validation and Uncertainty Quantification

Building on the model validation, to further evaluate the geospatial geometric accuracy and long-term cross-sensor
consistency of the final dataset, three key temporal nodes were selected as baseline validation years: 1991 (representing
Landsat 5, 30 m), 2013 (representing Landsat 8 pan-sharpened imagery, 15 m), and 2016 (representing Sentinel-2, 10 m).
Using contemporaneous remote sensing imagery and Google Earth images, with the Hi-MAG database (Chen et al., 2021) and
the Glacial lake inventory of high-mountain Asia (Wang et al., 2020) as references, manual fine-scale delineation was
performed for the vast majority of visible glacial lakes in the study area. This process resulted in the construction of a high-
confidence ground truth dataset spanning multiple spatial resolutions.

Regarding the geometric accuracy of glacial lake outlines, this study conducted an annual linear regression analysis
between the automatically extracted areas and the manually delineated ground truth (Figure 6a—c). The results show high
agreement between the two across all three periods, with coefficients of determination (R?) reaching 0.998 or higher, and
regression line slopes closely approaching 1:1 (1.035, 1.012, and 1.000, respectively). This indicates the model's strong
generalization capability when handling multi-source data extraction spanning 36 years, exhibiting no clear systematic bias of
area overestimation or underestimation. A further comparison of the root mean square error (RMSE) across different years
shows that as spatial resolution improves in remote sensing imagery, the extraction error exhibits a stepwise decline: from
41,916.3 m? in 1991, down to 9,818.9 m? in 2013, and reaching a low value of 3,425.1 m? in 2016 with the use of Sentinel-2
data. This progressive decrease supports the value of using high-resolution imagery to enhance the core accuracy of fine-scale
glacial lake mapping in complex alpine regions.

To further quantify the reliability of glacial lake area extraction, this study analyzed the nonlinear variation pattern of
relative uncertainty with respect to glacial lake area scales (Figure 6d—f). Statistical analysis shows that uncertainty depends
strongly on lake size: constrained by the mixed-pixel effect of medium-resolution optical remote sensing, when a glacial lake
area is small, boundary pixels account for a larger proportion of the total area, resulting in a higher relative uncertainty;
conversely, as the glacial lake area increases, the relative uncertainty exhibits a power-law decreasing characteristic.
Comparing the scatterplot distributions across the three periods of varying resolutions, it is apparent that although the goodness
of fit fluctuates slightly due to differences in the distribution and detection rate of micro glacial lake samples, the overall L-
shaped convergence trend remains highly consistent. When the glacial lake area exceeds 1 km?, the uncertainty decreases
rapidly and stabilizes at a very low level. This pattern not only validates the physical rationality of estimating area uncertainty
based on boundary pixels—indicating that this dataset is highly robust in delineating medium-to-large glacial lakes—but also
reflects the important role of improved spatial resolution (from 1991 to 2016) in reducing peak uncertainty values for micro

glacial lakes.
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Figure 6. Geometric accuracy and size-dependent uncertainty analysis of glacial lakes. (a—c) Correlation assessment between
automatically extracted areas and ground truth. The RMSE shows a stepwise decline as spatial resolution improves from 30 m to
10 m. (d—f) Nonlinear fitting of relative uncertainty against area. The L-shaped convergence of the scatters shows the amplification
effect of extraction errors in the micro-glacial lake range.

Building on the aforementioned overall accuracy assessment, this study further conducts a detailed evaluation of the
extraction results across different area classes for typical years (1991, 2013, and 2016) (Figure 7). The overall evaluation
metrics indicate that despite variations in image characteristics across different periods and sensors, the automated extraction
algorithm employed in this study maintains high stability. The global F1 scores for all years remain stable above 0.82 (reaching
0.887 and 0.874 in 2013 and 2016, respectively), demonstrating the high reliability of this dataset at regional spatiotemporal
scales.

Detailed analysis of the error distribution characteristics across various area classes reveals that extraction errors depend
strongly on lake size, primarily concentrated in the micro glacial lake range with areas less than 0.01 km? (the shaded area in
Figure 7). A comparison between 1991 (Figure 7a) and 2016 (Figure 7c) shows that, constrained by the physical limits of the
30 m spatial resolution of early Landsat imagery, the omission error for micro glacial lakes in 1991 approaches 100%, with
very few true lakes successfully identified. However, with the introduction of 10 m high-resolution Sentinel-2 imagery in 2016,

the omission rate in this range drops to approximately 30%, and the number of successfully extracted true micro glacial lakes
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increases to nearly 4,000. For medium-to-large glacial lakes larger than 0.05 km?, the commission and omission errors decrease

to low levels, regardless of the year or image source.

1991 2013 2016
1004 (a) 100 1 (b) 100 (c)
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Figure 7. Distribution of omission and commission errors across different glacial lake area categories and overall accuracy
evaluation in typical years (1991, 2013, and 2016). The gray shaded area highlights the high error distribution of micro glacial lakes
(area < 0.01 km?), showing the limitations of early image resolution for micro-target recognition.

Figure 8 illustrates the extraction results of typical glacial lakes in the SETP generated by the proposed GLA-RCNN
model, and compares them with meter-scale high-resolution historical imagery from Google Earth. Given that existing public
validation datasets are predominantly constructed based on 30 m resolution imagery, they are insufficient to adequately verify
the extraction performance for tiny glacial lakes (area < 0.01 km?) and under complex backgrounds. Therefore, this study
introduces meter-scale Google Earth imagery as a secondary validation source to evaluate the model's extraction capability
under challenging conditions. The model shows strong extraction performance for the following three typical mapping
challenges:

(1) Robust recognition against optical heterogeneity of water bodies (Figures 8a, 8d): Influenced by physicochemical
factors such as water depth and suspended mineral concentrations, alpine glacial lakes in the SETP frequently exhibit a wide
color spectrum ranging from clear blue-green to turbid muddy brown. The GLA-RCNN model reduces the limitations of
traditional fixed-threshold segmentation based on water indices, which are highly susceptible to spectral variations. It
adaptively learns the deep semantic features of water bodies across varying turbidities, achieving detailed boundary delineation
across a broad color spectrum.

(2) Boundary extraction under severe topographic shadow interference (Figures 8b, 8¢): In frigid mountainous terrains
with strong topographic relief, the deep shadows cast by steep slopes and the complex interplay of light and dark frequently
induce "different objects with similar spectra" (spectral confusion) or "same objects with different spectra" phenomena
between non-water areas and glacial lakes. In such backgrounds, the model demonstrates feature-screening capability and

resistance to interference. By using spatial contextual relationships rather than isolated grayscale information, it distinguishes
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386  water bodies from heavy shadows and background clutter, effectively suppressing the "false-positive" detection of pseudo-
387 glacial lakes.

388 (3) Precise capture of tiny targets in highly fragmented geomorphology (Figures 8c, 8f): For tiny glacial lakes embedded
389 within highly fragmented moraine ridges or bare rock landscapes, traditional medium- to low-resolution remote sensing is
390 limited by targets being represented by mixed pixels. Comparisons with meter-scale high-resolution Google Earth imagery
391 indicate that the model, augmented by multi-source high-resolution features, shows high sensitivity in capturing tiny glacial
392 lakes (<0.01 km?). It not only successfully localizes these targets but also maintains geometrically detailed outputs even within

393 extremely cluttered backgrounds.

Sentinel-2

Landsat 8

Landsat 5&7

Google Earth

=
2001.11.25

394

395 Figure 8. Comparison of GLA-RCNN extraction results under challenging conditions with meter-scale © Google Earth high-resolution
396 imagery.

397 5.3 Cross-consistency and spatial boundary validation

398 To quantitatively evaluate the accuracy and consistency of this dataset at the spatial scale, this study conducted a cross-
399  validation of the extraction results against the Hi-MAG database (Chen et al., 2021) and the Glacial lake inventory of high-
400 mountain Asia (Wang et al., 2020). Three typical time points, 1990, 2013, and 2018, were selected for comparative analysis
401 using quantitative metrics such as spatial Intersection over Union (IoU) and Recall (Table 4). It should be noted that due to
402 severe cloud cover in historical optical imagery over high mountainous regions, there are differences in the image temporal
403 selection strategies among the databases: the Glacial lake inventory of high-mountain Asia adopts a strategy of fusing multi-
404  year images around the target year to obtain less-cloudy or cloud-free images near the end of the ablation season (summer and
405 autumn); in contrast, both the Hi-MAG database and this study employ a single-year extraction strategy. To maintain temporal

406 phase consistency in the long-term interannual evolution analysis, this study strictly limits the observation window to
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September—December of each year. The aforementioned methodological differences and trade-offs serve as the basis for
interpreting the various cross-validation metrics.

The cross-validation results reflect the combined impacts of temporal control strategies, image resolution, and sensor
geometric accuracy on glacial lake inventories. In 1990, the total glacial lake area of our dataset was broadly consistent with
the reference datasets, but the total number of patches was significantly lower, and the spatial agreement metrics were lower.
This pattern reflects the trade-off made in this study between temporal consistency and the detection rate of micro targets. On
the one hand, the multi-year fusion strategy of the High Asia database increases the probability of cloud-free observations for
micro glacial lakes in summer and autumn; however, given the limited quality of early Landsat 5 imagery, this strategy tends
to include seasonal snowmelt or non-water surface features from different years into glacial lake targets (Figures 9b and 9d).
On the other hand, to maintain the single-year extraction standard of September—December, this study selected more images
acquired closer to winter for regions with severe cloud and snow cover in 1990. This resulted in some true micro glacial lakes
not being recognized by the model because they had lost typical water spectral features due to surface freezing or winter snow
cover (Figure 9a). In addition, a small portion of early Landsat images suffered from inherent georeferencing errors and coarse
spatial resolution, causing the glacial lake boundaries extracted from these images to be prone to pixel-level misalignments or
morphological generalization when compared spatially with the reference datasets (Figure 9b), which lowered boundary
overlap metrics such as the Intersection over Union (IoU) in 1990.

With the overall improvement in remote sensing image quality and sensor spatial positioning accuracy, the global recall
of this dataset reached 0.865 in 2013, indicating that it covered the main targets in existing databases. Local detail comparisons
(Figures 9e—h) further support this interpretation. Compared to the Hi-MAG database, the extraction results of this study show
better fidelity along complex water body edges (Figures 9g and 9h) and reduced excessive over-generalization into adjacent
non-water regions (Figure 9¢). Meanwhile, Figure 9f shows the minor spatial misalignments that still exist between different
datasets when dealing with the geometric offsets of remote sensing images.

In the 2018 comparison, for the matched glacial lake pairs with spatial overlap between the two sets, the mean Intersection
over Union (mloU) of this dataset reached 0.682, reflecting a high degree of individual boundary agreement. The apparent
precision was 0.541, primarily influenced by the enhancement of the observation scale. Benefiting from the 10 m spatial
resolution of Sentinel-2 imagery, this study identified 7,880 glacial lakes within the single year of 2018, with a total area of
501.79 km?, exceeding the reference datasets based on 30 m resolution or multi-year mixed observations (4,479 lakes, 349.98
km?). Spatial overlap analysis and visual comparison (Figures 9i-1) indicate that the more than 3,000 additional patches
identified in our dataset are mostly micro glacial lakes with areas less than 0.01 km? (Figure 91). The high resolution not only
enables this study to accurately separate closely spaced independent glacial lake clusters spatially (Figure 91) but also captures
subtle isolated patches missed by the reference datasets (Figures 9i and 9j). Furthermore, in the delineation of individual
outlines, the extracted boundaries exhibit a close pixel-level agreement with the image pixels (Figure 9k). These newly
discovered micro targets brought about by high resolution are typically not labelled in the reference datasets, thereby lowering

the calculated precision. The changes in the aforementioned quantitative metrics and the enhancement of visual details
20
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441 objectively demonstrate the potential value of high-resolution imagery and deep learning models in the refined monitoring of
442  micro glacial lakes and the extraction of complex boundaries.

443 Table 4. Statistics of cross-consistency and spatial accuracy validation between our dataset and existing public glacial lake databases
444 in 1990, 2013, and 2018.

Ours Area Ref. Area Ours Ref. Overall Overall Instance Matched
Year Reference Dataset o
(km?) (km?) Count  Count Precision Recall mloU IoU
Glacial lake
1990 inventory of high- 301.975 313.136 2,125 4,104 0.4203 0.4058 0.4436 0.5435
mountain Asia
2013 Hi-MAG 458.645 297.292 6,920 2,899 0.5607 0.8649 0.6496 0.7849
Glacial lake
2018 inventory of high- 501.792 349.982 7,880 4,479 0.5419 0.7769 0.6825 0.8048

mountain Asia

445
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Figure 9. Visual comparison and validation of the extracted glacial lake results against existing reference databases (Glacial lake
inventory of high-mountain Asia and Hi-MAG) across multiple typical regions in 1990, 2013, and 2018.

6. Data Records

SETP_GLI 1990-2025 is distributed as annual vector inventories in both GeoPackage (.gpkg) and ESRI Shapefile (.shp)
formats. The GeoPackage version is recommended for most users because it preserves field names, coordinate reference
information, and multiple layers more reliably than the Shapefile format (Table 5). The archive contains five folders: (1)
/data_gpkg, including annual layers named SETP_ GL YYYY; (2) /data_shp, including annual Shapefile versions named
SETP_GL YYYY.shp; (3) /metadata, including annual statistics, field definitions, file checksums, and license information;
(4) /study_area, including the study-area boundary; and (5) /validation, including manual validation polygons. All lake polygon
geometries are provided in the Asia North Albers Equal Area Conic coordinate system. The Lon and Lat attributes provide
WGS84 centroid coordinates in decimal degrees. Areas and perimeters were calculated in the same Albers equal-area

projection and stored in the attribute table.

22



461

462

463
464
465
466
467
468
469
470
471
472
473

https://doi.org/10.5194/essd-2026-452 @ Earth System O
Preprint. Discussion started: 9 July 2026 § Science ¢
(© Author(s) 2026. CC BY 4.0 License. é §
sData:
Table 5. Definitions and descriptions of the attribute fields in the glacial lake dataset (SETP_GLI_1990-2025).

Field name Definition Unit / values Notes

OBJECTID / Software-managed feature number

FID within each layer integer Not used for temporal tracking.

Stable object identifier for lakes Facilitates the temporal tracking of

Track ID matched across years text individual lakes across the time series.

Lon Longitude of lake centroid degrees east WGS 84.

Lat Latitude of lake centroid degrees north WGS 84.

Calculated in the Albers equal-area
area_m2 Lake area m? projection.

Calculated in the Albers equal-area
Peri_ m Lake perimeter m projection.

Derived from 10 m DEM zonal
elev._m Mean lake-surface elevation m statistics.

Estimated from image resolution and

Uncert m2 Boundary-based area uncertainty m? polygon perimeter.

Source scene ID(s) used for lake Records the source scene ID(s) used for
source_img delineation text lake delineation.
res_m Nominal mapping resolution 10/15/30 m Used for uncertainty calculation.

7. Assessment of Spatiotemporal Characteristics

Long-term monitoring results indicate that glacial lakes in the SETP region exhibited a continuous expansion trend in
both number and area from 1990 to 2025. To eliminate statistical biases introduced by interannual climate fluctuations and
cross-sensor resolution disparities, this study conducted a comparative analysis of the long-term evolution of regional glacial
lakes—both in segmented periods and across the entire sequence—by combining the full inventory retained after sensor-
adaptive mapping thresholds with a standardized subset constrained by a uniform analysis threshold (> 0.01 km?) (Figure 10).
The full inventory preserves the maximum amount of reliable mapping information, whereas the > 0.01 km? subset provides a
more consistent basis for cross-sensor trend comparison.

In the initial unconstrained time series, the evolution of glacial lakes demonstrated distinct staged characteristics. Between
1990 and 2012, regional glacial lakes showed a steady increase, with their number growing at an average rate of 55.0 lakes a™*,
and their area expanding at an average annual rate of 3.65 £ 1.12 km? a™* (p < 0.01). Conversely, from 2016 to 2025, the mean

annual area expansion rate climbed to 5.95 £ 2.44 km? a™! (p < 0.05), and the apparent numerical growth rate reached 203.7
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lakes a™'. Notably, a systematic "step-effect" was recorded on the data curve at the transition node between sensors (2012—
2016). In-depth analysis reveals that this statistically discontinuous growth is largely attributable to the increase in observation
resolution. The leap in spatial resolution from 30 m to 10 m significantly suppressed extraction uncertainties at the
mathematical level. In 2012, the total area of the unconstrained glacial lakes was 339.02 + 35.68 km? (with the area error ratio
based on boundary pixels being approximately 10.5%). However, following the introduction of Sentinel-2 imagery in 2016,
the total area of the unconstrained glacial lakes rose to 536.86 = 23.79 km?, and its uncertainty ratio converged to approximately
4.4%. This step-wise decrease in relative error supports the contribution of high-resolution data to improved geometric
boundary fidelity.

Nevertheless, the improvement in observation resolution inevitably led to a sudden surge in the detection rate of minute
water bodies. To decouple this statistical interference caused by the generational gap in spatial resolution, this study
comparatively analyzed the evolutionary trend of the entire sequence (1990-2025) before and after applying the uniform 0.01
km? analysis threshold. The comparative results reveal two distinct geoscientific patterns. First, regarding the numerical trend,
the linear fitting of the overall growth rate for the unconstrained original sequence tended to be overestimated due to the
superimposition of the "step-effect” in the middle and later stages. After applying this threshold—taking 2016 as an example—
a large number of newly identified minute patches, specifically detected by high-resolution imagery, were uniformly filtered
out. This caused the total number of glacial lakes to drop sharply from 8,754 to 5,304 (a numerical reduction rate of 39.4%).
Consequently, the observational scales of historical and recent sequences were statistically aligned, and the smoothed
numerical curve exhibited a more continuous and physically logical progressive growth process. Second, concerning the area
trend, the evolutionary trajectories of the two datasets demonstrated a high degree of consistency. Data show that in 2016, after
removing nearly 40% of the minute glacial lakes by number, the total area only experienced a slight decrease from 536.86 +
23.79 km? to 516.90 + 20.16 km? (an area reduction rate of merely about 3.7%). In Figure 10, the total area trend lines before
and after the threshold constraint are nearly parallel. The high degree of overlap in this trend not only indicates that minute
glacial lakes make a limited contribution to the long-term evolution of the regional total water volume, but also substantiates
a core conclusion through cross-validation: the accelerated expansion of the glacial lake area in the SETP region over the past
decade (2016-2025), compared to the historical period (1990-2012), does not originate from a sensor-driven apparent increase
caused by high-resolution observations. Instead, it is primarily controlled by the continuous expansion of medium-to-large
glacial lakes and the coalescence of adjacent patches. This result indicates a sustained regional cryospheric and hydrological

response to climate warming.
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Figure 10. Statistics of changes in the number and area of glacial lakes in the SETP from 1990 to 2025.

After establishing the temporal evolution pattern of the overall accelerated expansion of regional glacial lakes, to further
explore the spatial heterogeneity of this expansion trend, this study constructed a 25 km x 25 km spatial grid across the entire
southeastern Tibetan Plateau based on the quality-controlled long-term dataset constrained by the uniform 0.01 km? analysis
threshold. Combined with the Theil-Sen median trend estimation, this study quantified the area expansion rate of glacial lakes
at the grid scale from 1990 to 2025 (Figure 11). The results show that the expansion of glacial lakes in the study area exhibits
spatial clustering. The region-wide average expansion rate was 0.0306 km? a™!, whereas in the expansion hotspots, the
expansion rate generally exceeded 0.0550 km? a™!, with the core extreme-value areas reaching 0.2042 km? a™!. These high
expansion-rate zones are primarily distributed in a belt along the eastern section of the Nyaingéntanglha Mountains and the
high-altitude glacier margins of the Bomi-Zayu region, which further indicates spatially that the region is undergoing a marked

landscape transition from snow/ice and land to liquid water bodies.
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Figure 11. Spatial distribution of the glacial lake area expansion rate in the southeastern Tibetan Plateau from 1990 to 2025. The
absolute expansion rates (km? a™*) were calculated based on a 25 km x 25 km grid under the constraint of the uniform 0.01 km?2

analysis threshold, using the Theil-Sen median estimator combined with the Mann-Kendall significance test (p < 0.05).

8. Discussion
8.1 Advances of SETP_GLI and Comparison with Existing Datasets

The SETP_GLI dataset provides a 36-year annual glacial lake inventory for the southeastern Tibetan Plateau, with
improvements over existing large-scale products in terms of spatiotemporal resolution, algorithmic robustness, and data
standardization. As summarized in Table 6, this dataset addresses the limitations in refined regional hazard monitoring across
three core dimensions:

First, regarding timeliness and observation frequency, it fills a critical monitoring gap in recent years. While existing
large-scale datasets for High Mountain Asia (e.g., Wang et al., 2020; Chen et al., 2021) provide essential baselines, many of
them end around 2018 or provide only intermittent observations, making it difficult to capture recent glacial lake dynamics

under ongoing climate change (Shugar et al., 2020). By extending the observation sequence to 2025 with annual continuity,
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this dataset provides a continuous record for analyzing the recent non-linear expansion and abrupt hydrological events of
glacial lakes.

Second, concerning spatial resolution and micro-target detection, it addresses limitations in small-lake detection. Existing
large-scale products predominantly rely on 30 m Landsat imagery, which is limited by severe mixed-pixel effects for lakes
smaller than 0.01 km? (Zhang et al., 2022). Benefiting from the introduction of 10 m Sentinel-2 imagery, the sensor-adaptive
mapping threshold of this dataset is as low as approximately 0.001 km? for recent imagery, allowing more visually confirmed

micro-lakes to be retained. For temporal trend assessment, these micro-lakes are further evaluated using the standardized =
0.01 km2 subset to reduce cross-sensor detectability bias. Qualitative visual comparisons (Figure 12 and Figure 13) demonstrate

that the GLA-RCNN framework, optimized for alpine topography with its embedded CBAM attention mechanism, reduces
interference from mountain shadows, high-turbidity water, and supraglacial debris (Zhang et al., 2021; Zhao et al., 2018). It
captures a large number of micro-lakes omitted in previous inventories, which are often important early-stage morphological
indicators of hazard development (Watson et al., 2017).

Finally, regarding data standardization, it introduces polygon-level uncertainty quantification. Unlike previous
inventories that typically provide only single geometric parameters, the SETP_GLI dataset integrates a boundary-pixel-based
area uncertainty indicator. This responds to the need for standardized error estimates in benchmark datasets and helps ensure
that the dataset supports reproducible dynamic evolution analyses and provides data support for disaster risk assessment
(Emmer et al., 2022; Nie et al., 2017).

Table 6. Comparison between the SETP_GLI_1990-2025 dataset and other mainstream glacial lake inventories.

Comparison ) Wang et al
) ) This Study Chen et al. (2021) Key Improvements
Dimension (2020)
19902025 (36 Fills the data gap for the recent
Temporal Span 1990 and 2018 2008-2017 ) )
annual layers) warming period (2019-2025).
Temporal Enables continuous monitoring
Annual Two epochs Annual
Resolution of rapid lake expansion events.
10 m resolution improves the
Spatial 10 m (Sentinel-2)
30 m (Landsat) 30 m (Landsat) detection of tiny glacial lakes
Resolution /30m
(<0.01 km?).
CBAM module effectively
Deep Learning Manual / Semi- suppresses noise from
Methodology GLA-RCNN ) .
(U-Net based) automated mountain shadows and turbid
water.
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Figure 12. Spatial comparison between the proposed dataset and the High Asia Glacial Lake Database (Wang et al., 2020).
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Figure 13. Spatial comparison between the proposed dataset and the High Mountain Asia Glacial Lake Inventory (Hi-MAG) (Chen
et al.,, 2021).

8.2 Influence of Sensor Transition

In long-term glacial lake inventories, the transition between sensors with different spatial resolutions presents a key
methodological challenge. The use of 10 m Sentinel-2 imagery has significantly improved data completeness; however, this
jump in observational scale inevitably introduces a methodological "step effect” or discontinuity in lake-number statistics
(Zhang et al., 2022). Therefore, direct comparisons of total lake numbers between the Landsat and Sentinel-2 periods may
overestimate the actual rate of lake proliferation. For long-term trend analysis, we recommend that users apply a standardized

analysis threshold (= 0.01 km?2 in this study) or conduct separate analyses within Landsat and Sentinel-2 periods to mitigate

statistical biases driven by generational sensor shifts (Nie et al., 2017).

8.3 Potential Applications

This dataset is designed to provide foundational support for multidisciplinary research in the High Mountain Asia

cryosphere. Specific application scenarios include: (1) Assessing cryospheric change, such as quantifying the response
29



563
564
565
566
567
568

569

570
571
572
573
574
575
576
577
578

579

580
581
582
583
584
585

586

587
588
589
590
591
592

Earth System
Science

Data

https://doi.org/10.5194/essd-2026-452
Preprint. Discussion started: 9 July 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

thresholds of alpine glacial lakes to climate change (Yao et al., 2022); (2) Initializing hydrological models and analyzing
climate forcing, exploring the combined effects of "climate forcing-topographic filtering" on lake evolution (Brun et al., 2017);
(3) Preliminary sensitivity screening for Glacial Lake Outburst Floods (GLOFs) (Veh et al., 2023; Zheng et al., 2021); and (4)
Identifying candidate lakes for high-precision UAV mapping or field investigations. Since each polygon is accompanied by
source-sensor information and area uncertainty estimates, users can flexibly filter subsets according to their research objectives

and confidence requirements.

8.4 Limitations and Uncertainties

Despite rigorous quality control, several limitations remain. First, detectability of micro-lakes is not constant over time
due to the transition between sensors and the limited spatiotemporal coverage of early Landsat 5/7 archives. Second, although
images were primarily selected from the late ablation season, differences in actual acquisition dates and seasonal water-level
fluctuations may introduce additional uncertainty. Third, persistent snow cover, lake freezing, deep topographic shadows, and
supraglacial debris may still cause minor omissions or boundary displacements (Li et al., 2022). Fourth, the provided area
uncertainty mainly quantifies boundary-related mixed-pixel errors and does not encompass all possible sources, such as
seasonal hydrological variability or georeferencing residuals (Nie et al., 2017). Finally, in the absence of high-precision
bathymetry and field-survey information, this dataset should not be used directly for engineering-scale GLOF modeling or

emergency planning.

8.5 Future Updates

To improve data accuracy, future iterations of the dataset will focus on expanding data sources and strengthening
empirical validation. First, we plan to incorporate Sentinel-1 Synthetic Aperture Radar (SAR) imagery, using its reduced
sensitivity to cloud cover to overcome the optical data gaps common during the monsoon season in the SETP, thereby
improving year-round monitoring capacity. Second, comprehensive ground-truth validation and Unmanned Aerial Vehicle
(UAV) field surveys will be conducted in critical regions to acquire high-precision data on glacial lake boundaries and

bathymetry (water depths).

9. Conclusions

To address the lack of long-term, high-resolution glacial lake inventories in the SETP, this study integrated Landsat and
Sentinel-2 imagery and developed the GLA-RCNN deep learning model embedded with a convolutional block attention
mechanism. We release a 10-30 m annual glacial lake inventory dataset for this region spanning 1990-2025. The main
conclusions are as follows:

(1) Detailed extraction of tiny glacial lakes and complex boundaries was achieved. Through rigorous cross-validation

against independent 30 m inventory data, the target recall reached 77.69% in the 2018 comparison with the Glacial lake
30
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inventory of high-mountain Asia. For spatially matched co-occurring targets in that comparison, the matched IoU reached
0.8048. Combined with qualitative validation using meter-scale high-resolution imagery, the results suggest that the model
reduces mountain-shadow misclassification in deeply incised gorges, showing robust segmentation when dealing with tiny
glacial lakes (< 0.01 km?) and severe topographic shadow interference.

(2) Accelerated glacial lake evolution and sensor-dependent detectability were identified. Trend analysis based on the
annual full-inventory sequence indicates that glacial lakes in the SETP exhibited a significant expansion trend over the past 36
years. Between 2016 and 2025, the apparent mean annual growth rates in number and area reached 203.7 lakes a™* and 5.95 +
2.44 km? a™', respectively, compared with 55.0 lakes a™! and 3.65 = 1.12 km? a™' during 1990-2012. The increase in lake
number is partly affected by sensor-dependent detectability, especially the improved capture of micro glacial lakes after the
introduction of high-resolution Sentinel-2 imagery; in contrast, the area trend remains more robust after applying the

standardized = 0.01 km?2 analysis threshold, indicating that recent area expansion is mainly related to the growth and

coalescence of medium-to-large glacial lakes.

(3) The data gap for fine-scale hydrological hazard assessment was reduced. This dataset provides not only high-precision
vector boundaries but also multi-dimensional attributes with annual timeliness and uncertainty quantification. These
foundational data help fill the critical gap in the long-term dynamic monitoring of small and medium-sized glacial lakes,
offering essential scientific support for GLOF susceptibility assessments on the Tibetan Plateau, regional water resource

management, and investigation of multi-sphere coupling mechanisms among climate, glaciers, and glacial lakes.

Usage Notes

Users should consider sensor-dependent detectability when analyzing long-term changes in lake number. The introduction
of Sentinel-2 imagery after 2016 substantially improved the detection of small lakes, especially those smaller than 0.01 km?.
Therefore, trends in total lake area are generally more robust than trends in lake number. Long-term analyses of lake number
should either be restricted to a standardized comparison threshold, such as the = 0.01 km® threshold used in this study, or be

conducted separately within Landsat and Sentinel-2 periods.

The dataset is suitable for regional glacial lake change assessment, hydrological model initialization, comparison with
glacier change products, preliminary GLOF susceptibility screening, and selection of candidate lakes for detailed field or UAV
surveys. It should not be used as a direct substitute for bathymetric surveys, dam-structure assessment, or engineering-scale
GLOF modeling without additional local geomorphic, hydrological, and field information. For lakes affected by persistent
shadow, debris cover, seasonal snow, ice cover, or strong seasonal water-level fluctuations, users are encouraged to inspect

the original imagery and source-image metadata before drawing lake-specific conclusions.
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Code availability

The source code used for image preprocessing, GLA-RCNN training and inference, rule-based post-processing, attribute
calculation, uncertainty estimation, and validation is archived at Zenodo (Al-Geohazard, 2026) under DOI:
https://doi.org/10.5281/zen0d0.20555222. The repository contains the core Python source code, configuration files,
environment specifications, and usage instructions required to reproduce the model training, inference, and post-processing
workflow. Large remote-sensing images, manual labels, trained model weights, example image tiles, Jupyter notebooks, and
full intermediate outputs are not included in the code repository because of data volume and licensing constraints; the released
SETP_GLI inventory and validation vectors are provided separately with the dataset archive. Scripts for full model retraining

are provided together with the training-sample format and parameter settings.
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