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10  Abstract

11 Glacial lakes are among the most sensitive indicators of climate change, closely linked to natural
12  hazards and are natural reservoirs of freshwater resources. Thus, automated mapping and
13  monitoring of glacial lakes is imperative. However, most automated approaches either remain
14  regional in scope or show limited performance under challenging conditions such as cloud cover,
15  shadows, and spatially small or frozen lakes. The global scale analysis and comparative evaluation
16  of deep learning models is primarily hindered by the lack of readily available datasets for training
17  data. To address this gap, we present Glacial Lake-Bench (GLB), a multisource remote sensing
18  dataset comprising Sentinel-2, Sentinel-1, and Copernicus DEM-derived terrain (11 channels in
19  total). GLB consists of 19,115 image-label pairs (256x256x11) spanning all Randolph Glacier
20 Inventory (RGI) regions except Antarctica, providing the first-ever global, multi-sensor dataset for
21  glacial lake segmentation. In addition, we compiled Glacial Lake-Bench-Challenge (GLBC), a
22 curated subset of 1,105 image-label pairs representing scenes with cloud cover, shadow, frozen
23  lake surfaces, and small lakes to establish a community standard for evaluating model robustness
24 under difficult conditions. Labels are derived from Zhang et al. (2024); we independently quantify
25 label quality through stratified sampling of 50 image-label pairs from each RGI region, amounting
26 to 900 chips in total. Our quality assessment reveals a mean Intersection over Union (mloU) of
27  0.95, precision of 0.99, recall of 0.96, and per-region agreement that is consistent with the known
28  difficulty of small, turbid, shadowed lakes in high-mountain terrain. To demonstrate that the

29  dataset is usable, well-posed, and appropriately challenging, we provide reference baselines from
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30 two convolutional networks (U-Net, DeepLabv3+) and two Geo-Foundation Models (GFMs)
31  (DOFA, Prithvi-EO-2.0), evaluated with a recommended leave-one-region-out (LORO) protocol
32  that minimizes spatial autocorrelation, alongside a random split and the GLBC subset. Baseline
33  mloU reaches 0.80-0.85 on GLB and drops to 0.74-0.79 on GLBC, confirming that the challenge
34 subset isolates genuinely difficult conditions. The GLB dataset is available at

35  https://zenodo.org/records/17917359 (Kaushik, 2026)

36 1. Introduction

37  Glacial lakes can be categorized depending on their origin and geomorphological setting. For
38  example, ice-dammed lakes may form on the glacier surface as supraglacial lakes or be impounded
39 Dby glacial ice between the glacier margin and adjacent valley walls. Another common type is
40 moraine-dammed lakes, which develop between the retreating ice terminus and the end moraine
41  following glacier recession. Additional lake types include cirque lakes and lakes within glaciated
42  landscapes that are not directly connected to contemporary glaciers (King et al., 2019; Zhang et
43  al.,, 2023). The response of such glacial lakes toward climate change in terms of areal expansion
44  or development of new glacial lakes is directly linked with glacier mass wastage (King et al., 2019;
45  Zhang et al., 2023), an acceleration of surface velocity due to meltwater reaching the bed (Pronk
46 et al,, 2021), and enhanced absorption of solar radiation that further accelerates glacier change
47  (Zhang et al., 2024). The continued formation and expansion of glacial lakes also increase the risk
48  of Glacial Lake Outburst Floods (GLOFs), which can cause large-scale damage to infrastructure
49  and fatalities in downstream regions (Taylor et al., 2023; Zheng et al., 2021). Thus, glacial lakes
50 represent one of the key indicators of climate change and are closely associated with glacial hazard
51  (Tayloretal., 2023; Zheng et al., 2021). In addition to their role as a barometer of glacier response,
52  glacial lakes are considered natural freshwater reservoirs, though they remain largely unutilized

53  due to engineering challenges (Immerzeel et al., 2020).

54 Given the high relevance of glacial lakes, Zhang et al., (2024) mapped global glacial lakes
55  (>0.002 km?) for two time periods (1990 and 2020), demonstrating 54%, 11%, and 9% increases
56 in global glacial lake number, area, and volume, respectively. However, interannual and seasonal
57  variability remains understudied. Li et al. (2025) reported that 66% of global lakes exhibit strong
58  seasonality, particularly in regions where 90% of the world’s population resides. Similar findings

59 by Pietal. (2022) highlight the prominent role of smaller lakes in global lake-area variability. For
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60 example, small lakes (<1 km?) constitute only ~15% of total global lake area, yet dominate
61  variability in half of all inland lake regions (Pi et al., 2022). However, minimum lake area
62 thresholds used in both studies (Li et al., 2025; Pi et al., 2022) were limited to 0.03 km?. Despite
63 their importance, the interannual and seasonal variability of small glacial lakes remains poorly

64  characterized.

65 In the last decade, automated mapping and monitoring methods have gained wide scientific
66 attention. Deep Learning (DL) approaches are primarily dominated by Convolutional Neural
67  Networks, with U-Net and DeepLab variants being the most widely used (Tom et al., 2025).
68  Overall, DL based methods have been found to be most successful across various spatiotemporal
69  scales (Dirscherl et al., 2021; Jiang et al., 2025; Kaushik et al., 2020, 2022; Ma et al., 2025; Tang
70 et al.,, 2024; Wang et al., 2022). For example, Tang et al., (2024) generated the first temporal
71  glacial lake inventory across High Mountain Asia (HMA) using Landsat data and DeepLabv3+
72  architecture. However, the method exhibited reduced performance in several regions (e.g., West
73 Kun Lun and Western Himalaya), achieving only F1 scores of 0.70 and 0.79, respectively.
74  Similarly, the method proposed by (Jiang et al., 2025) also showed severe limitations in spatial
75 transferability, demonstrating only 0.56 mean Intersection over Union (mloU) in West Greenland.
76  The literature reveals that most automated approaches (Dirscherl et al., 2021; Hu et al., 2024;
77  Kaushik et al.,2022; Ma et al., 2025; Wang et al., 2022) are either regionally constrained, sensitive
78  to lake size, or exhibit reduced performance under challenging conditions such as cloud cover,
79  shadow, smaller lakes, and frozen lakes. As a result, globally applicable glacial lake mapping
80  algorithms remain lacking, particularly those demonstrating comprehensive assessments of spatial
81 transferability on the global scale. This limitation has limited the measurement of spatiotemporal
82  variations in glacial lakes at both annual and seasonal scales, especially for small lakes (<0.03

83  km?).

84 Despite significant development in the domain, lack of readily available, multisource
85 remote sensing dataset for training and evaluating DL models remains a key limiting factor in
86  establishing globally applicable glacial lake mapping solutions and setting a community standard
87  for improving glacial lake mapping in challenging conditions. The systematic evaluation of model
88 architecture and the establishment of methodological advances are directly hindered by the lack of

89 a community-standard benchmark dataset. To address this, we compiled the first ever global
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90 multisource remote sensing dataset of glacial lakes, Glacial Lake-Bench (GLB) collected across
91  each RGI region (except Antarctica). The dataset consists of 19,115 image-label pairs (256 x 256
92  x 11), consists of 11 channels: Blue, Green, Red, NIR, SWIR1, SWIR2, NDW]I, Slope, Elevation,
93 SAR-VV, and SAR-VH. In addition, we generated a subset test dataset, Glacial Lake-Bench-
94  Challenge (GLBC), consisting of 1,105 image-label pairs representing challenging conditions
95 (e.g., sparse or fully cloud-covered scenes, frozen lakes, shadow, and small lakes <0.05 km?),
96 reflecting a highly imbalanced class distribution. These curated global samples provide a valuable
97  resource for testing the applicability of newly developed models, particularly in scenarios where

98  existing algorithms face significant limitations.

99 To evaluate the dataset’s applicability, we conducted a comprehensive comparative evaluation
100  using state-of-the-art CNN models and Vision Transformer (ViT)-based Geo-Foundation Models
101 (GFMs): Prithvi 2.0 (Szwarcman et al., 2024) and Dynamic One-For-All (DOFA) (Xiong et al.,
102  2024), as representatives of pretrained encoders. This evaluation highlights the advantages of
103 recently developed GFMs over traditional CNNs for global glacial lake semantic segmentation,
104  particularly under challenging environmental conditions. We further performed leave-one-region-
105  out cross-validation on the top models to quantify spatial transferability. Baseline results for both
106  global and challenging conditions are provided. The GLB and GLBC datasets together serve as a
107  benchmark resource to advance robust, globally scalable glacial lake mapping capabilities and

108  improving site specific algorithms in most challenging conditions.

109  Our key contributions can be summarized as follows:

110 1) Dataset Release: We compile and release the first-ever readily available multisource remote
111 sensing dataset, Glacial Lake Benchmark (GLB), designed for evaluating deep learning
112 models under global-scale and challenging conditions for glacial lake mapping.

113 2) Model Evaluation: We conduct a systematic comparative evaluation of state-of-the-art deep
114 learning models for global spatial transferability using a leave-one-region-out approach.
115 3) An efficient data-processing pipeline that seamlessly generates multi-sensor image—label
116 pairs using only a label shapefile, an AOI shapefile, and user-specified date range and
117 cloud-cover thresholds.

118

119
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120

121 2. Glacial Lake-Bench Dataset

122 2.1.  Data Acquisition and processing

123 To generate Glacial Lake-Bench, we developed a comprehensive pipeline to systematically

124  acquire and process Sentinel-1, Sentinel-2, and Digital Elevation Model (DEM) data (Fig. 1). The
125  pipeline requires the following inputs: a glacial lake boundary shapefile, a date range, an Area of
126  Interest (AOI) shapefile, and a cloud-cover threshold. We used global glacial lake boundaries
127  provided by Zhang et al., (2024), which were derived from 2020 Sentinel-2 images with minimal
128  cloud cover during the ablation season. To ensure consistency, we followed the same framework
129 by collecting 2020 Sentinel-2 images during the ablation season and filtering those with cloud
130  cover of <15%.

131 The pipeline begins by acquiring Sentinel-2 data from the AWS client based on the
132  specified date range, region, and cloud-cover threshold. To optimize computing resources,
133  preliminary maps are generated to inform the user about tile extents and area coverage, with
134  specific cloud cover overlaid on the glacial lake shapefile. This step provides precise information
135 on the total glacial lake area within the specified region and the portion covered by satellite
136  imagery under the given constraints. We additionally generate preview maps showing tile extents,
137  cloud-cover distribution, and spatial overlap with lake polygons to facilitate data quality control.
138  Once Sentinel-2 data are acquired, the SWIR bands are resampled to 10 m to match the spatial
139  resolution of the other multispectral bands (Fig. 1). We selected the Blue, Green, Red, NIR, SWIR-
140 1, and SWIR-2 bands, and computed the Normalized Difference Water Index (NDWI =(Green —
141 NIR) / (Green + NIR)) to enhance water detection. These six bands are then stacked for further
142  processing alongside DEM and Sentinel-1 SAR data. We acquire the Copernicus DEM (30 m)
143  from the AWS S3 bucket and reproject and resample using bilinear interpolation to match the
144  spatial resolution and projection of the Sentinel-2 imagery. Slope is then computed from the DEM,
145 and slope and elevation are stacked as Bands 8 and 9, respectively (Fig. 1). Sentinel-1
146  Radiometrically Terrain-Corrected (RTC) images are acquired within a £5-day temporal window,
147  with preference given to the closest available acquisition via the Planetary Computer API. We
148  extract both Vertical-Vertical (VV) and Vertical-Horizontal (VH) polarization images, which are
149  stacked as Bands 10 and 11.
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minimize the influence of seasonal snow. The Glacial Lake Challenge dataset is curated through

manual selection of images captured under challenging conditions, including heavy and partial

Fig. 2 Examples of three major types of glacial lakes included in the Glacial Lake-Bench dataset
across the globe. The images display a Near-Infrared (NIR), Red, and Green band combination.
Lake boundaries are derived from (Zhang et al., 2024). The generated labels indicate lake pixels
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161 For Arctic regions, where VV and VH data may be unavailable, Horizontal-Horizontal
162 (HH) and Horizontal-Vertical (HV) polarization images are used instead. Once all bands are
163  assembled, the stacked images are normalized using a min-max stretch to a range of 0—1 to ensure
164  compatibility with deep learning models. We generate segmentation masks from glacial lake
165  boundaries provided by Zhang et al. (2024) . Lake polygons are rasterized onto the 10 m grid of
166  each image using consistent extent, projection, and spatial resolution. Pixels falling within lake
167  boundaries are assigned a value of 1, while all other pixels are labeled as 0, representing
168  background. In the final step, spatially overlapping tiles are discarded from the GLB dataset to
169  ensure uniqueness and avoid redundancy. We additionally curated a manually selected subset of
170  the GLB dataset through detailed visual analysis, focusing on the most challenging glacial lake
171 mapping conditions. This subset includes scenes affected by cloud cover; frozen or partially frozen
172 lakes; lakes influenced by terrain shadow; lakes exhibiting mixed spectral signatures or high
173  turbidity; and small lakes (< 0.05 km?). This targeted subset is designed to enable rapid and focused
174  evaluation of newly developed or existing algorithms, particularly those aimed at improving
175  glacial lake mapping performance under challenging conditions. Finally, examples of compiled

176  GLB and GLBC data are shown in Figure 2.
177 2.2.  Spatial Coverage

178  To support global-scale analysis and algorithm development, we curated the Glacial Lake Bench
179  (GLB) dataset across all RGI regions (Table 1, Fig. 3), enabling end users to evaluate algorithms
180 at both regional and global scales. The inclusion of data from diverse geographical and
181  climatological regions introduces substantial variability, allowing models to learn the appearance
182  of glacial lakes across a wide range of environmental settings. In terms of spatial coverage, GLB
183  exhibits its strongest representation in the Alaska region, covering 89.42 % of the total lake area.
184  Other regions including North Asia, Svalbard, Central Asia, and South Asia West also demonstrate
185  strong coverage, with 64.15%, 78.71 %, 65.20 %, and 78.81 %, respectively. However, we
186  acknowledge that, likely due to the applied cloud-cover threshold (15 %), GLB under-samples
187  certain regions such as South Asia East, Iceland, and Scandinavia, with coverage of 9.21 %,
188  11.67 %, and 19.08 %, respectively. Nevertheless, given the overall size and spatial extent of the
189  dataset, GLB still provides a sufficient and representative sample to support the development of

190  scalable, globally applicable approaches.
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Table 1. Summary of the compiled Glacial Lake-Bench dataset, including the number of images

per RGI region, the total lake area covered by the dataset, and a comparison with the total glacial

lake area reported by Zhang et al. (2024), from which the lake labels were derived.

RGI Region No. Images Total Lake Area Covered by % Area Covered
Area (km?) GLB Dataset (km?) by GLB
Alaska 3323 3549.55 3174.64 89.42%
Iceland 65 306.50 35.78 11.67%
New Zealand 133 393.67 87.43 22.21%
North Asia 261 467.02 299.75 64.15%
Scandinavia 595 1840.02 351.08 19.08%
Svalbard 487 278.30 219.05 78.71%
Arctic Canada North 1558 767.37 583.21 75.99%
Arctic Canada South 1074 2567.49 1112.91 43.36%
Central Asia 1982 921.79 600.95 65.20%
Central Europe 521 156.84 63.92 40.77%
Greenland 2287 5725.42 3775.64 65.94%
Low Latitudes 412 524.83 116.06 22.11%
Middle East (Caucasus) 97 6.31 3.81 60.37%
Russian Arctic 344 420.33 152.12 36.19%
Southern Andes 2077 3329.34 802.32 24.09%
South Asia East 638 649.21 59.80 9.21%
South Asia West 1684 283.99 223.88 78.81%
Western Canada and USA 1612 2107.74 296.66 14.07%

2.3.  Temporal Coverage

GLB is a single-timestamp dataset sampled during the 2020 ablation season, chosen to coincide

with the imagery and timing used to generate the Zhang et al. (2024) labels while minimizing the

impact of seasonal snow. This design supports robust spatial benchmarking and within-season

transfer, but it does not capture seasonal or interannual change. We state this scope explicitly so

that users do not over-interpret the dataset for multi-temporal tasks, and we identify multi-temporal

extension as the primary planned development.
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208 2.4.  Data quality and Uncertainty

209  Asour labels are derived from Zhang et al. (2024), we quantified the associated uncertainty in the
210  GLB dataset to assess image—label agreement. We selected 50 image—label pairs from each RGI
211 region using stratified sampling, amounting to 900 image—label pairs, which we manually
212 reviewed and corrected to estimate uncertainties. Overall, GLB labels show strong agreement with
213  the manually corrected lake boundaries, achieving a mean Intersection over Union (mloU) of 0.95,
214  precision of 0.99, and recall of 0.96. In addition, correlation analysis yielded an R?of 0.99 (Fig.
215  4a), indicating excellent consistency between the two. Visual inspection suggests that ~80% of the
216  images required no correction. However, a subset of image chips exhibited missing lakes
217  (omissions) and minor boundary adjustments depending on scene characteristics (Fig. 4b).
218  Furthermore, our analysis reveals substantial regional variability in agreement (Fig. 4b).
219  Agreement is near-perfect in regions with large, optically clear lakes, such as New Zealand, the
220  Southern Andes, Iceland, and Low-Latitude regions (IoU > 0.98) and weakest in high-mountain
221  environments characterized by small, turbid lakes and terrain shadows. These include South Asia
222 West (IoU = 0.83), the Middle East (Caucasus) (area bias —9%), South Asia East, and Scandinavia.
223  This regional variability is physically consistent with the known challenges of mapping small
224  supraglacial and proglacial ponds in steep, shadow-prone High Mountain Asia terrain.
225  Representative examples of the three major cases, no change, missing lakes (omission), and

226  boundary adjustments are shown in Figure 5.
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228  Fig. 4 Uncertainty evaluation of GLB based on manual correction of 900 image-label pairs. A total
229  of 50 samples (image-label pair) were selected from each RGI region using stratified sampling. (a)
230 The overall GLB dataset shows excellent agreement between images and lake boundaries from

231  Zhangetal. (2024), with an R20f0.99. (b) Region-wise fraction of images that required corrections

No changes Missing lakes Boundary adjusted

__ e |
ginal GLB (Zhang et al., 2024) === Manual correction

232 m— Orj

233  Fig. 5 Examples from visual inspection and manual correction support our quantitative analysis:
234  ~80% of image-label pairs required no changes, while in some cases missing lakes (omissions)
235  and minor boundary adjustments were identified.

236

237
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238 2.5.  Data Folder Structure and Naming Convention

239  The dataset is readily available in GeoTIFF format, allowing users to directly integrate the data
240 into deep learning (DL) models without additional preprocessing. The folder structure follows a
241  standard train—validation—test split commonly used in machine learning workflows, ensuring ease
242  of use and reproducibility. Each split contains co-registered image and corresponding label
243  directories, where images and ground-truth lake labels share identical filenames to enable
244  straightforward pairing during model training and evaluation. The accompanying README.txt
245  provides additional details on dataset usage, metadata, and benchmarking recommendations. The
246  naming convention encodes region, sensor, spatial tile, acquisition date, and processing level. For
247  example, AC_S2A 15XVJ 20200810 4 L2A 36 denotes a Sentinel-2A Level-2A image
248  acquired on 10 August 2020 over the Arctic Canada RGI region, mapped to MGRS tile 15XV]J.
249  The full mapping between region names and their codes is documented in the README file.

250 3. The Baseline
251 3.1. Baseline Models

252  We employ four deep learning (DL) models to establish baseline accuracy metrics for the GLB
253  and GLBC datasets. These baseline results serve as a reference for future model development and
254  enable direct comparison with standard DL approaches. To ensure a comprehensive evaluation, we
255  incorporate two recently developed Geo-Foundation Models (GFMs), Prithvi (v2, 600M) and
256  DOFA alongside two widely used convolutional neural network (CNN) architectures, U-Net and
257  DeepLabv3+ (Table 2). Our selection is motivated by different models’ architectures, pretraining,
258 and segmentation performance. Prithvi 2.0 was chosen for its large encoder pretrained on 4.2M
259 image chips, strong performance on semantic segmentation tasks within the GEO-Bench
260 framework (Lacoste et al., 2023), and its unique capability to generate spatiotemporal embeddings,
261  which have proven useful in glacial lake mapping (Jiang et al., 2025). Traditional glacial lake
262  mapping algorithms are often tailored to specific remote sensing sensors or data types (e.g., optical
263  orradar), limiting their ability to generalize across diverse datasets. As a result, systematic multi-
264 modal integration remains largely unexplored. In this context, the DOFA GFM offers unique
265 capabilities by adaptively integrating diverse data sources within a single framework through its
266  neural-plasticity-inspired dynamic patch embedding. We compared the performance of DOFA and
267  Prithvi with state-of-the-art remote sensing segmentation models like U-Net (Ronneberger et al.,

13
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268  2015) and DeepLabv3+ (Chen et al., 2018), given their wide applicability in glacial lake mapping
269 in diverse geographies (Dirscherl et al., 2021; Jiang et al., 2025; Tang et al., 2024; Tom et al.,
270  2025). The selection of these models as baseline is motivated by recent study (Tom et al., 2025)
271  emphasizing these two accounts for approximately 60% of DL base glacial lake mapping

272 approaches.

273 We employed the 600M-parameter version of Prithvi 2.0 (approximately 685M trainable
274  parameters; Table 2) using Terratorch. Prithvi includes a temporal ViT encoder enriched with
275  temporal and geolocation embeddings. This encoder can be paired with various decoders (e.g.,
276  UperNet, FCN, Identity) for segmentation tasks and supports both full fine-tuning and frozen
277  encoder configurations. Here, we fully fine-tuned the encoder, passing the generated embeddings
278  (feature masks) to the UperNet decoder (Xiao et al., 2018) to produce segmentation outputs. The
279  input dataset (256 x 256) underwent data augmentation, including vertical and horizontal flips
280  (p=0.5), random rotations, translations, and scale perturbations to improve model robustness and
281  generalizability. Prithvi was originally pretrained on six input channels (Blue, Green, Red, NIR,
282  SWIR-1, and SWIR-2), therefore, we tested multiple band-subset configurations to identify an
283  optimal six band combination for global mapping. Final results are presented using the Blue-Red-
284  NIR-SWIRI1-Slope-VV band combination. For semantic segmentation, we used the UPerNet
285  decoder (Xiao et al., 2018), which combines a Feature Pyramid Network (FPN) with convolutional
286 layers to effectively capture multi-scale features.

287 DOFA was fed with Glacial Lake-Bench dataset (256x256x11), where the 11 channels
288 include Sentinel-2 optical bands (e.g., blue, green, red, near-infrared, SWIR-1, and SWIR-2),
289 NDWI, Sentinel-1 VV and VH polarizations, and DEM-derived slope and elevation. The central
290  wavelength of each spectral band is supplied to DOFA’s dynamic patch embedding module, which
291  adapts the model’s input weights based on band-specific spectral properties. In case of slope and
292  elevation layer we used green and red band central wavelength as proxy. Consistent with ViT
293  architectures, each 256x256 image is partitioned into 16x16 non-overlapping patches (256 patches
294  total). Each patch (16 x 16 x 11) is flattened and linearly projected (matrix W.) into the
295  Transformers embedding dimension d (e.g., 768). This operation can be written as: Z; =
296 W, x X; where x; € R'¢ is the flattened patch and z € RY is the embedded token. This yields a
297 sequence of 256 tokens that DOFA processes using sinusoidal positional encoding and

298  Transformer blocks. For segmentation, the latent representation is reshaped into a 2D grid (e.g.,
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299 16x16xd) and passed to a UPerNet decoder, which up-samples the features to the original
300 resolution (256x256) to produce the final segmentation mask.

301 Table 2. Selected model’s type, inference cost estimated using Giga Floating Point Operations

302 (GFLOPs), and trainable parameters.

Model Model type Trainable Inference cost References

parameters (m) (GFLOPs)
U-Net CNN 31 97.2 (Ronneberger et al., 2015)
DeepLabv3+ CNN 41 55.78 (Chen et al., 2018)
Prithvi V2 ViT 685 406.83 (Szwarcman et al., 2024)
DOFA-Base ViT 121.1 41.8 (Xiong et al., 2024)

303
304  3.2.Model Training

305  All computational experiments were conducted using an NVIDIA RTX A6000 GPU. The study
306  was structured in three phases. In Phase 1, we evaluated all deep learning (DL) models using a
307 randomly split Glacial Lake-Bench dataset (Fig. 3(ii)), with 80% of the data used for training, 10%
308 for validation, and 10% for testing. This phase provided an initial benchmark and informed later
309 model selection. In Phase 2, all models were trained on the full Glacial Lake-Bench dataset,
310  excluding tiles with filenames matching those in the Glacial Lake-Bench-Challenge (GLBC) set
311  to avoid leakage. The resulting models were evaluated on the manually curated GLBC dataset. In
312  Phase 3, we assessed the global model applicability by conducting a leave-one-region-out cross-
313  validation (LORO) using the top three performing models from Phase 1 (Prithvi, DOFA, and U-
314  Net). In each iteration, the model was trained on all RGI regions except one, which was held out
315  for testing. We treat LORO as the primary evaluation because it directly tests global transferability
316 and is robust to the spatial autocorrelation that inflates random-split estimates. To ensure
317  consistency across experiments, we fixed the random seed to 42, learning rate 1e-5 with stepLR
318  scheduler, focal loss function, batch size of 16 and 100 epochs. We opted for a full fine-tuning
319  strategy to leverage the full potential offered by GFMs.

320 3.3. Evaluation metrics
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321  The model’s performance was assessed using a widely used mean Intersection over Union (mlIoU)
322  and F1 score (Dice coefficient), and Boundary F1 (BF1) metrics. Mean loU quantifies the overlap
323  Dbetween predicted and ground truth segments for each class, divided by their union, equation (1).

1 TP
324 mloU =13k — T
k TP+FP+FN

(1

325 The F1 Score measures the harmonic mean of precision and recall, reflecting balances between
326  false positives and false negatives, which is particularly informative for imbalanced datasets, such

327  as glacial lakes, that occupy a small proportion of each image.

328 Fl=2x PrecisionxRecall (2)

Precision+Recall

329  Given the high importance of accurately delineating glacial lake boundaries, we also computed the
330 Boundary F1 (BF1) score, which measures the spatial alignment between predicted and ground-

331  truth boundaries by allowing a tolerance of two pixels.

2.|Bp NBE(D)I1BG N BE ()]
|BpNBEM®| | [BGNBE®)
|Bp| [Bgl

332 BF1 =

)

|Bpl.IBgl.( )

333  Where, TP = True positive, FP = False positive, Bg = Ground truth boundary, Bp =
334  Predicted boundary, B¢ = Dilated ground truth boundary, Bf =

335 Dilated predicted boundary, t = tolerance (2 pixels in our case)

336 4. Results
337 4.1.Glacial Lake Bench

338  Our results from spatially distributed test sites sampled across the globe (Fig. 3) establish Prithvi
339 as the strongest baseline model, achieving a mloU of 0.85 (std 0.16) and a Dice score of 0.91,
340  outperforming widely used deep learning models for glacial lake segmentation such as U-Net
341  (0.82) and DeepLabv3+ (0.80) (Table 3). Other GFM, DOFA (0.82), also showed competitive
342  performance compared to Prithvi with a drop of 3 percentage points (pp) (Table 3). The distribution
343  of mloU scores across images reaffirms the stable performance of Prithvi, as indicated by the
344  lowest standard deviation (0.16) compared to U-Net (0.18), highlighting the model’s capability to

345  generalize across heterogeneous conditions (Fig. 6a). Boundary accuracy, measured using BF1,
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346  also strengthens Prithvi’s superiority, achieving a score of 0.65 (std 0.35), the next best model,
347 DOFA, exhibits a drop of 5 pp (Table 3). In comparison U-Net achieved 0.59 (std 0.37) and
348  DeepLabv3+ 0.55 (std 0.36) exhibiting sharp drop of 10 pp in mean boundary F1 (Table 3).

349  Table 3. Results of spatially distributed testing sites of Glacial Lake-Bench across the globe using
350 different deep learning models.

Glacial Lake-Bench

Deep Learning Models mloU (std) Dice Score (F1) Boundary F1 (std)
U-Net 0.82 (0.18) 0.90 0.59 (0.37)
DeepLabv3+ 0.80 (0.17) 0.88 0.55 (0.36)
DOFA 0.82 (0.16) 0.89 0.60 (0.36)
Prithvi 0.85 (0.16) 0.91 0.65 (0.35)
351
1.01
0.81
0.61
2
°
1S
0.4
0.2
00l @ | ()
UNet DOFA  Deeplabv3+  Prithvi UNet DOFA  Deeplabvd+ Prithvi
352

353  Fig. 6 Comparative evaluation of model performance using mloU distribution over two datasets:
354  (a) Glacial-Lake-Bench (GLB) and (b) Glacial-Lake-Bench-Challenge (GLBC). On GLB, Prithvi
355 GFM outperformed all other models. On GLBC, which includes more challenging conditions,
356  Prithvi and DOFA GFMs showed comparable performance, effectively tying in their results.

357

358 We also evaluated additional statistical measures using the Coefficient of Determination
359 (R?), Mean Absolute Error (MAE), Mean Squared Error (MSE), and Mean Percentage Error
360 (MPE). These metrics, computed on an absolute areal basis, provide insight into each model’s

361  ability to capture lake-area variability. Our baseline models reveal slight gains by Prithvi GFM
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362  compared to other models, achieving an R? 0f 0.98, MAE of 0.04 km?, MSE 0of 0.01 km?, and MPE

363  of -3.3%. These results indicate strong agreement with ground truth, with only a modest

364

underprediction (Fig. 7). In comparison, DOFA GFM achieved an R? of 0.96, a slightly higher

365 MAE of 0.05 km?, MSE of 0.02 km?, and a slightly lower underprediction reflected in MPE of -

366

2.43% (Fig. 7). U-Net exhibited a similar R? of 0.96 but a greater average underestimation with

367 an MPE of -4.97%. These results were obtained after removing outliers (z-score > 3), leading to

368 the exclusion of 24 observations from 1,907 samples. U-Net required removal of 41 outliers,

369 indicating higher variability in its predictions.
Prithvi DOFA
. R2 = 0.98 22 R2 = 0.96 -~
~ 6 1| MAE = 0.04 km? ¥ MAE = 0.05 km? L
E RMSE = 0.09 km? 2 RMSE = 0.13 km? e
< 5 1| Area bias = -3.33% kgl Area bias = -2.43% &
©
04 -
S e . &
- 3 4
£ ° .f ° *’l
2’Pe °8 o : w ” : —
v 1 ..0 ° e Inliers ° ® e Inliers
o ° @ Outliers ° @ Outliers
“ T a T a T - T
U-Net DeeplLabv3+
. RZ = 0.96 - Rz = 0.94 27
= 61/ MAE = 0.05 km? 8 MAE = 0.06 km? o
£ _ | RMSE = 0.12 k2 e RMSE = 0.14 km? o
< 5 7| Area bias = -4.97% o 1| Area bias = -10.35%
o .
Qo4 ,,4 e o
© ° i
5 3 el °
% 2 / f:
S e ° °
8 1 e o Inliers ° L e Inliers
o @ Outliers ° @ Outliers
0 oo . a o o —
0 1 2 3 5 6 3 4 5 6
370 Ground Truth area (km?) Ground Truth area (km?)

371  Fig. 7 Comparative evaluation of model performance over Glacial-Lake-Bench using Coefficient

372  of Determination (R?): indicating model’s ability to explain variability in the ground truth data.

373  Mean Absolute Error (MAE): representing the average deviation of the model’s predictions from

374

the ground truth, Mean Squared Error (MSE): reflects the average squared deviation, penalizing

375 larger errors and Mean Percentage Error (MPE): provides an estimate of the model’s average

376  percentage error.
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377

378 The visual assessment reaffirms that Prithvi GFM continues to be the strongest baseline
379 model in mapping glacial lakes under the heterogeneous scene conditions, where many previous
380 approaches have struggled (Hu et al., 2024; Kaushik et al., 2022; Tang et al., 2024; Wang et al.,
381  2022). We present the following examples to demonstrate our results: (1) Streams vs lakes spectral
382  confusion, Fig. 8a shows a glacial lake with an outflowing stream, a scenario often misclassified
383  in earlier studies due to similar spectral signatures. With multimodal data, all models correctly
384  distinguished lake from stream; however, Prithvi and DOFA achieved the highest mloU (0.97),
385  while U-Net (0.93) and DeepLabv3+ (0.89) performed less accurately. (2) Shadow-induced
386  challenges-cloud shadow (Fig. 8b) and mountain shadow (Fig. 8c) show that many models failed
387  to detect small glacial lakes (<0.05 km?) obscured by shadows, one of the main limitations reported
388 in earlier literature. In contrast, Prithvi consistently detected these lakes. (3) Frozen lakes —
389 mapping frozen lakes remains one of the most persistent challenges (Figs. 8d, 8e, 8h, and 8i). In
390 all such cases, Prithvi consistently outperformed other models, particularly in detecting small
391  frozen lakes (<0.05 km?) under cloudy or shadowed conditions. (4) Dense cloud cover — The most
392  difficult scenario remains dense cloud cover. However, the integration of optical, SAR, and
393  topographic data has enabled accurate lake mapping for many models. In Fig. 8g, Prithvi achieved
394  mloU of 0.92, matched only by DeepLabv3+, while DOFA lagged slightly with 0.88. (5) Mixed
395  spectral signals (partially frozen lakes or ice-covered surfaces), Fig. 8f, Prithvi, DOFA, and U-Net
396 all performed well, achieving mloU of 0.95, 0.94, and 0.96, respectively.

397
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399

400  Fig. 8 Visual assessment of model performance over the Glacial-Lake-Bench (GLB) dataset. These
401  examples illustrate challenging scenarios where previous methods have struggled: (a) running
402  water from a lake, (b) cloud shadow, (¢) mountain shadow, (d), (e), (h), and (i) frozen lakes and
403  very small lakes (0.002—0.05km?), (f) mixed spectral signal due to a partially frozen lake, and (g)
404  fully cloudy conditions. Numbers on the top right of each image show mloU.

405  4.2.Glacial Lake-Bench Challenge

406  The results obtained over the Glacial Lake-Bench Challenge (GLBC) show a noticeable decrease
407  in model performance due to the high complexity of the task, indicating difficulty in the dataset.
408  Under the most challenging conditions, Prithvi and DOFA GFMs performed competitively, both
409  achieving an mloU of 0.79. However, Prithvi slightly outperformed DOFA in terms of BF1,
410  scoring 3% improvement over DOFA (Table 4). The next best-performing model was U-Net, which
411  achieved an mloU of 0.76 and a BF1 score of 0.50, close to DOFA’s 0.51 (Table 4).

412 The distribution of mloU per image also shows a slight improvement by Prithvi and DOFA
413  (Figure 6b), reaffirming their relative robustness in handling complex glacial lake mapping
414 scenarios. The evaluation of additional statistical parameters based on direct areal extent reveals
415  that Prithvi and DOFA GFMs perform comparably, both achieving an R? of 0.91, MAE of 0.07
416  km? and MSE of 0.02 km? However, DOFA shows a slightly higher underestimation of 2.13%,
417  compared to Prithvi (Figure 9). In comparison, the next best-performing model, U-Net, achieved

418 an R? 0f 0.85, MAE of 0.08 km?, MSE of 0.03 km?, and a slightly higher underestimation of 3%.

419  Table 4. Comparative evaluation of model performance on Glacial-Lake-Bench-challenge.

Glacial Lake-Bench Challenge

Model mloU (std) Dice Score (F1) Boundary F1 (std)
U-Net 0.76 (0.17) 0.72 0.50 (0.34)
DOFA 0.79 (0.16) 0.75 0.51 (0.31)
DeepLabv3+ 0.74 (0.17) 0.67 0.47 (0.34)
Prithvi 0.79 (0.17) 0.76 0.54 (0.33)
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Fig. 9 Comparative evaluation of model performance over Glacial-Lake-Bench-Challenge using
Coefficient of Determination (R?), Mean Absolute Error (MAE), Mean Squared Error (MSE), and
Mean Percentage Error (MPE).

The visual analysis further reinforces the moderate performance gains of Prithvi and DOFA

22

GFMs compared to CNN models (Figure 10). We show the following examples to demonstrate the
consistent performance of Prithvi: (1) cloudy conditions- Prithvi achieved mloU scores of 0.92
(Fig. 10a) and 0.90 (Fig. 10b), while DOFA showed slightly lower performance (by 2-6%),
respectively. Other models also performed competitively U-Net achieved 0.90, and DeepLabv3+
reached 0.88 (Fig. 10a). (2) small lakes (<0.05 km?)- Prithvi showed consistent performance with
an mloU of 0.87, outperforming by DOFA by 6% and U-Net by 5%. In another example of a small
lake (Fig. 10d), Prithvi successfully detected the lake, while all other models failed. (3) shadow-
model performance remained generally satisfactory. For example, in Fig. 10e, DOFA outperformed
Prithvi with an mloU of 0.84 compared to Prithvi’s 0.79, while U-Net and DeepLabv3+ scored
0.57 and 0.75, respectively. In three additional examples (Figs. 10f, 10g, and 10h), Prithvi slightly
outperformed other models, achieving mloU scores 0f 0.92, 0.84, and 0.92, respectively, compared

to DOFA’s 0.90, 0.81, and 0.91. For frozen lakes, Prithvi continued to outperform other models.
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In Fig. 10i, Prithvi and U-Net performed equally well with mloU scores of 0.83, followed by
DOFA at 0.80. A similar observation is seen in Fig. 10j, where Prithvi showed competitive
performance with mloU scores of 0.93 and 0.92, respectively, while DOFA scored 0.88. Overall,
these results demonstrate significant advancements in mapping glacial lakes under the most
challenging conditions where existing deep learning methods often struggle (Hu et al., 2024;

Kaushik et al., 2022; Tang et al., 2024; Wang et al., 2022).
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446  Fig. 10 Example of successful implementation of Prithvi and DOFA, trained on the Glacial Lake-
447  Bench dataset for mapping lakes under manually curated challenging conditions (i.e., Glacial
448  Lake-Challenge dataset). These conditions include cloud cover (panels a,b), frozen lakes (panels i
449  and j), shadows (panels e-h), and very small lake (0.002—0.01km?: panel ¢ and d) representing a
450  highly imbalanced class.

451

452  4.3.Leave one-region-out-cross validation

453  In the leave-one-region-out cross-validation experiment, Prithvi showed a modest performance
454  advantage, achieving an average mloU of 0.83, compared to DOFA’s 0.80 and U-Net’s 0.79 (Table
455  5). The lowest performance of all three models occurred in Svalbard, where Prithvi achieved 0.66,
456  whereas DOFA and U-Net both achieved mloU of 0.64. Other regions where the models showed
457  reduced performance included Greenland (Prithvi: 0.81, DOFA: 0.78), Arctic Canada North
458  (Prithvi: 0.70, DOFA: 0.71), and the Southern Andes (Prithvi: 0.75, DOFA: 0.71) (Table 5). In
459  contrast, all three models performed well in regions such as Alaska (Prithvi: 0.83, DOFA: 0.84),
460  Iceland (Prithvi: 0.88, DOFA: 0.86), and North Asia (Prithvi: 0.88, DOFA: 0.87) (Table 5). Prithvi
461  also outperformed DOFA in the Russian Arctic (0.81 vs. 0.73) and South Asia East (0.87 vs. 0.84)
462  (Table 5). Overall, these results demonstrate strong spatial transferability on a global scale. It also
463  confirms that the performance observed in previous experiments is not driven by spatial
464  autocorrelation but rather reflects the robustness of the GLB dataset and the capability of the
465  baseline models for global-scale applications. We would like to highlight that Prithvi and DOFA
466  are pretrained through self-supervised masked image reconstruction and never observe lake labels,
467  which we generated independently. Any residual scene-level overlap is further bound by our from-
468  scratch CNN baselines, which carry no pretraining exposure yet remain within 3 to 4 percentage
469  points of the best GFM on both the random split and the LORO evaluation. The modest GFM gains

470  therefore reflect representation quality rather than memorized test scenes.

471  Table 5. Results of leave-one-region-out cross validation over Glacial Lake Bench across the RGI

472 regions using DOFA, Prithvi, and U-Net.

RGI Region DOFA Prithvi U-Net
Alaska 0.84 0.83 0.81
Iceland 0.86 0.88 0.72
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New Zealand 0.83 0.88 0.70
North Asia 0.87 0.88 0.84
Scandinavia 0.83 0.85 0.85
Svalbard 0.64 0.66 0.64
Arctic Canada North 0.71 0.70 0.68
Arctic Canada South 0.83 0.84 0.86
Central Asia 0.76 0.77 0.76
Central Europe 0.90 0.92 0.91
Greenland 0.78 0.81 0.82
Low Latitudes 0.86 0.88 0.86
Middle East (Caucasus) 0.84 0.86 0.87
Russian Arctic 0.73 0.81 0.69
Southern Andes 0.71 0.75 0.68
South Asia East 0.84 0.87 0.88
South Asia West 0.82 0.82 0.82
Western Canada and USA 0.81 0.82 0.87
Mean 0.80 (0.06) 0.83 (0.06) 0.79

473
474 5. Discussion
475  5.1. Dataset utility and benchmarking

476  Our compiled datasets, GLB and GLBC, along with recently developed GFMs that leverage
477  pretrained encoders, offer an unprecedented opportunity to advance glacial lake mapping at a
478  global scale and under challenging conditions. We conducted a systematic evaluation of several
479  deep learning models, including CNNs (U-Net and DeepLabv3+), and Vision Transformer based
480 and GFMs (DOFA, and Prithvi).

481 In the visual analysis (Fig. 8 and Fig. 10), we placed special emphasis on diverse and
482  challenging conditions that have historically limited the effectiveness of state-of-the-art glacial
483  lake mapping methods (Hu et al., 2024; Kaushik et al., 2022; Tang et al., 2024; Tom et al., 2025).
484  Our results demonstrate stable performance over heterogeneous test images representing glacial
485 lake in diverse geographies from clean lake to most challenging conditions. Figure 11 provides
486  detailed visualizations in which the best-performing model (Prithvi) shows consistently accurate

487  segmentation in clean lake conditions (Fig. 11a and b). Figure 11c illustrates dense cloud cover,
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488  yet the compiled dataset and proposed model accurately map the lake extent. We would like to
489  highlight that this advancement in mapping capabilities stems from 1) incorporation of SAR as
490 input data and 2) Prithvi’s pretrained temporal ViT which improves model’s generalizability. For
491  example, when visualizing all bands in Figure 11c (see Supplementary Figure S1), optical bands
492  fail to capture the lake extent, while SAR bands clearly distinguish water from non-water pixels.
493 This complementary information, paired with systematic model selection, enables a
494  comprehensive and robust approach to global glacial lake mapping. Figures 11d and 11e represent
495  conditions involving ice over lake surfaces, which typically produce mixed spectral signals.
496  Figures 11f and 11g show successful detection of very small lakes (0.002—0.01 km?), while Figure
497  11h presents a frozen lake with spectral characteristics similar to glacial ice, yet the model

498  effectively distinguishes between the two.

499 |:] Ground-Truth Pithvi

500  Fig. 11 Snapshots of successful implementation of Prithvi GFM over the Glacial Lake Bench
501 (GLB) dataset under diverse challenging conditions: (a) and (b) clean lakes, (c) dense cloud cover,
502  (d) and (e) full and partially covered with ice, (f) and (g) very small lakes (0.002—0.01 km?), (h)
503  frozen lake.
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504 These advances are significant, as existing methods (Kaushik et al., 2022; Ma et al., 2025;
505 Tangetal., 2024; Wang et al., 2022) consistently underperform in such conditions. However, direct
506  comparisons of results are not possible since none of the existing studies compiled a readily
507 available evaluation dataset. Therefore, we establish a community standard for assessing any deep
508 learning model for global glacial lake mapping using GLB, following the same split and leave-
509  one-region-out cross-validation. This approach reduces the high impact of spatial bias, which has
510  been largely overlooked in previous studies. If we compare directly using the Dice score (F1),
511  since it is the most widely reported evaluation metric, we achieved a score of 0.91 over GLB test
512  data. In comparison, Kaushik et al. (2022) reported an average F1 score of 0.84 across four test
513  sites in the Himalayas, Tang et al. (2024b), reported 0.85 for the entire HMA, Wang et al. (2022)
514  reported 0.81 for the Hindu Kush-Himalaya, Ma et al. (2025) reported 0.86 for selected sites in the
515  Himalayas, and Dirscherl et al. (2021) reported a relatively high F1 score of 0.96 for mapping
516  glacial lakes in Antarctica. It is important to note that all these studies were conducted on regional
517  scales, whereas our work is at a global scale, demonstrating the model’s capability to generalize

518  globally.
519  5.2. Application of Glacial-Lake-Bench and Glacial-Lake-Challenge

520  Given the importance of glacial lakes in understanding climate change, glacier mass wastage, flow
521  velocity, associated GLOF risks, and potential freshwater resources, automated glacial lake
522  mapping has gained wide scientific attention in recent years (Hu et al., 2024; Kaushik et al., 2022;
523 Ma et al., 2025; Tang et al., 2024; Wang et al., 2022). However, most existing methods have
524  focused on regional scales, like High Mountain Asia (Kaushik et al., 2022; Ma et al., 2025; Tang
525 etal., 2024; Wang et al., 2022) or Antarctica (Dirscherl et al., 2021). Notably, none of the previous
526  studies have accounted for spatial autocorrelation while evaluating their models, as testing sites
527  were often selected adjacent to training sites. In this regard, Ma et al. (2025) attempted to compile
528  a Glacial Lake Image dataset; however, the dataset was limited to only parts of the Himalayas and
529 included only optical data, which has shown severe limitations under challenging conditions. Prior
530 work has explicitly recommended globally sampled, multisource remote sensing datasets to

531  support reproducible glacial lake research (Kaushik et al., 2022; Ma et al., 2025).

532 To address these limitations, our compiled GLB dataset provides a globally distributed, multi-

533  sensor benchmark that enables fair evaluation of newly developed models using a consistent train-
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534  test split and leave-one-region-out cross-validation. This framework reduces spatial bias and
535 allows models to be compared at both regional and global scales. In addition, GLBC, a curated
536  subset, of 1,105 image-label pairs representing challenging conditions, offers a dedicated
537  benchmark for evaluating model robustness in scenarios where traditional methods frequently fail.
538  GLBC therefore provides a standardized and objective means of assessing model applicability
539  under the most demanding real-world conditions. Overall, these datasets are expected to accelerate
540  progress in the glacial lake mapping by bridging long-standing gaps in data availability and
541  providing scientific communities with a consistent evaluation platform for developing and testing
542  deep learning models. Furthermore, this work establishes a community benchmark that can
543  accompany future advances in GFMs. Especially given the rapid development of GFMs, where
544  cryosphere components have not yet been evaluated, we expect the inclusion of cryosphere tasks
545  to become standard when assessing downstream capabilities of these models. The extension of
546  GLB and GLBC datasets will focus on incorporating multi-temporal datasets to assess the GFMs
547  in change detection tasks and quantify rate of lake changes fast and efficiently.

548  5.3.Usage notes, limitations, and recommendations

549  We make the following recommendations for use. First, report LORO performance as the primary
550 measure of global transferability, because random splits are subject to spatial autocorrelation
551  between adjacent training and test sites, an effect that has been largely overlooked in earlier work.
552  Second, GLBC should be used to evaluate model capabilities under challenging conditions. Third,
553  account for the inherited label uncertainty of roughly +3 % in lake area (Zhang et al., 2024), and
554  our independent evaluation reveals ~4% errors of omission in dataset emerging directly through

555  missed lakes in the dataset.

556 The dataset has known limitations that need to be considered in model comparison.
557  Performance is expected to be lowest for very small lakes (0.002-0.01 km?) under dense cloud
558  (Fig. 12). To further understand this, we visualized each band for examples containing multiple
559 lakes of different sizes beneath cloud cover (Fig. S2). Because optical data provides no usable
560 information under such conditions, lake detection relies entirely on SAR backscatter. For very
561  small lakes, SAR signals are often indistinguishable from surrounding terrain due to speckle,
562  sensor noise, and the lake footprint approaching the spatial resolution of Sentinel-1. In contrast,

563  separation improves for lakes >0.01 km?. Consequently, our dataset is effective for detecting very
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small lakes under cloud-free conditions but exhibits reduced accuracy when clouds obscure optical

information and SAR alone become insufficient.

Ground-Truth Prithvi
4

Fig. 12 Our proposed method is prone to miss-classification on very small lakes (0.002—0.01 km?)

under cloud cover. Yellow boxes show false negative classification.

Our detailed assessment of dataset with leading Prithvi model confirm significant decline
in baseline mloU (0.70) for small lakes (<0.05 km?) (Fig. 13a). Comparatively, lakes ranging
between 0.05-0.5 km? show performance increases to 0.82 (std 0.14) mloU. Our LORO evaluation
shows decreased model performance in regions such as Southern Andes (mloU: 0.75, Table 5),
Central Asia (mIoU: 0.77, Table 5), and Svalbard (mlIoU: 0.66, Table 5). To assess whether model
performance in random split follows a similar pattern, we carried out a detailed analysis across
each RGI region. Our analysis revealed similar results in Southern Andes, where dataset shows the

lowest performance with an mloU of 0.70 (std 0.19), and Fig. 13b shows a concentration of many
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observations around mloU of 0.6. Similarly, the model underperforms in Arctic Canada North with
an mloU of 0.70 (std 0.18), consistent with the LORO evaluation (Table 5). Finally, GLB is
temporally limited as we only sampled the dataset for ablation season of 2020 to match the label
boundaries. We expect model’s temporal transferability within the same season where seasonal
snow is at minimum and limited transferability in seasonal change analysis. To extend the
presented methodological framework for seasonal analysis we encourage inclusion of sample from
different seasons. While evaluating the result please be cautious of inherited £3% uncertainty in

source label dataset (Zhang et al., 2024).

1.2

1.0

0.8

0.6

0.4

-
o <0.05 km? 0.05-0.5 km? 0.5-1 km? >1 km?
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Fig. 13 Evaluation of model’s performance for (a) different lake sizes and (b) across geographies.

6. Conclusion
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589 Fast and efficient glacial lake mapping is of utmost importance to monitor glacial lakes at
590 unprecedented spatial and temporal scales. The unavailability of readily accessible multisource
591  datasets hampers the development and evaluation of deep learning models for globally scalable
592  glacial lake mapping. To address this, we present Glacial-Lake-Bench, a multisource remote
593  sensing dataset consisting of 19,115 image-label pairs sampled across each RGI region. Each
594  image is composed of Sentinel-2, Sentinel-1, slope, and elevation data. This dataset also includes
595  asubset of 1,105 image-label pairs captured under challenging conditions. As the first of its kind,
596 this dataset provides a community standard for evaluating newly proposed deep learning models
597  and promotes fair and rigorous comparison across different approaches. Our analysis reveals ~4%
598  underestimation of lake pixels in GLB. We explicitly mention dataset limitations and recommend
599  usage under diverse evaluation protocol. We used this dataset to train four deep learning models,
600 including U-Net, DeepLabv3+, DOFA, and Prithvi. We provide strong baseline results for future
601  model development and fair comparison. We expect widespread application of the GLB dataset
602  for assessing newly proposed foundational models on one of the most imperative cryosphere
603  features, which is currently completely missing from the downstream task evaluations of recent

604  models.
605 Data Availability Statement

606  The generated Glacial-Lake-Bench (GLB) and Glacial-Lake-Bench-Challenge (GLBC) datasets
607  are available at https://zenodo.org/records/17917359 (Kaushik, 2026) under Creative Commons

608  Attribution 4.0 International license. Sentinel-1 and Sentinel-2 data can be downloaded from

609 https://dataspace.copernicus.eu/explore-data/data-collections/sentinel-data/sentinel-2, Prithvi

610  pretrained weights can be found at https:/huggingface.co/ibm-nasa-geospatial/Prithvi-EO-2.0-
611 600M

612  Code Availability

613  Workflow to generate GLB data can be found at https://github.com/Sk-2103/dl4eo.
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