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Abstract. High-resolution glacier elevation observations are essential for resolving rapid changes in glacier geometry, but

existing satellite datasets face a trade-off between spatial and temporal resolution. Here, we present U-DEM, a machine-

learned glacier elevation time series that combines complementary satellite datasets to provide surface elevations at 100 m

spatial and 3-month temporal resolution. We apply the approach to glaciers and ice caps of the Canadian Arctic from 2014

to 2024. High-resolution glacier elevation patterns are learned from ArcticDEM strips and reconstructed through time using5

CryoSat-2 elevations and Sentinel-1 backscatter as temporally repeated inputs.

Validation of U-DEM against independent ICESat-2 laser altimetry observations yields a root-mean-square error (RMSE) of

10.01 m, approximately 65% lower than the underlying CryoSat-2 elevations, with improvements across all 15 study regions,

including regions not represented during training. Comparing U-DEM with kinematic Global Navigation Satellite System

(GNSS) measurements on the narrow White Glacier yields RMSE values of 1.70–3.35 m, comparable to those of the Arctic-10

DEM strips. Application examples further demonstrate the potential of U-DEM for resolving glacier elevation changes across

different spatial scales. Firstly, U-DEM resolves the migration of the dynamic balance line during the ongoing surge of Chap-

man Glacier. Secondly, U-DEM captures localized elevation variability associated with several active subglacial lakes that is

poorly resolved by CryoSat-2.

U-DEM thus demonstrates how machine learning can integrate satellite observations with complementary sampling charac-15

teristics to bridge the spatial–temporal resolution gap of individual sensors. The approach provides a framework for generating

spatially detailed and temporally continuous records of glacier surface evolution from existing and future Earth observation

missions.

1 Introduction

Glacier surface elevation is a fundamental measure of glacier state and change, reflecting the combined effects of surface mass20

balance, ice dynamics, basal processes, and changes at glacier termini. Repeated elevation observations are therefore widely

used to derive glacier mass change, investigate spatial patterns of thinning and thickening, constrain and evaluate glacier

models, and study dynamic processes ranging from glacier retreat and acceleration to surging and subglacial hydrological
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activity (e.g., Hugonnet et al., 2021; Liang et al., 2022; Beraud et al., 2025). Resolving these processes requires observations

at both sufficient spatial and temporal resolution. High spatial resolution is needed to capture localized elevation changes and25

complex patterns of ice redistribution, while frequent observations are required to track their evolution through time. This

is particularly important for rapidly evolving phenomena such as glacier surges, where substantial volumes of ice can be

redistributed over relatively short periods (e.g., Lauzon et al., 2023; Copland et al., 2024; Beraud et al., 2025; Van Wychen

et al., 2025), and active subglacial lakes, where drainage and refilling produce localized and potentially short-lived changes in

surface elevation (e.g., Liang et al., 2022; Zheng et al., 2026). Datasets combining high spatial and temporal resolution can30

therefore provide new opportunities to investigate glacier evolution and dynamic processes that may be difficult to resolve from

spatially detailed but temporally sparse observations, or from frequent observations with coarse spatial resolution.

Currently, digital elevation models (DEMs) of glaciers are subject to a fundamental remote-sensing trade-off: observations

with high spatial resolution typically have limited temporal coverage, whereas observations with high temporal resolution are

generally spatially coarse. ArcticDEM strips provide metre-scale elevation information and can resolve fine spatial patterns in35

glacier surface morphology, but their temporal coverage is irregular because they depend on suitable optical stereo imagery,

and individual strips may be affected by clouds, illumination conditions, and co-registration errors. ArcticDEM strips, and

their Antarctic counterpart (Reference Elevation Model of Antarctica strips), have been used to study various processes at high

spatial resolution such as ice melanges (Xia et al., 2025), subglacial lake drainage (Zheng et al., 2026), and ice shelf basal

melting (Zinck et al., 2026). In contrast, CryoSat-2 radar altimetry provides repeated observations that are independent of40

daylight and cloud cover, and offer glacier DEMs on monthly resolutions when processed in swath mode (Gourmelen et al.,

2018; Haacker et al., 2024). However, CryoSat-2 observations remain relatively coarse (∼ 500-1000 m) compared with optical

DEMs and may not resolve narrow outlet glaciers or other surface depression features surrounded by higher terrain (Zinck

et al., 2026), as CryoSat-2 measures the surface closest to the satellite. Finally, because CryoSat-2 uses radar altimetry it means

that it may penetrate into the snowpack and thereby not always measure the actual surface of a glacier (Slater et al., 2019).45

This penetration depth can have seasonal variations as dry snow allows the radar signal to penetrate deeper than wet snow,

which may reflect at the surface (Slater et al., 2019). The high temporal resolution of CryoSat-2 has allowed for temporal

insights into e.g., ice shelf basal melting (Davison et al., 2023), glacier mass loss caused by atmospheric-rivers-driven foehn

events (Haacker et al., 2024), and variability in runoff from the Greenland Ice Sheet (Slater et al., 2021). The complementary

characteristics of ArcticDEM and CryoSat-2 motivate approaches that combine information from both sensors to overcome the50

limitations of each individual dataset.

Several studies have demonstrated how deep learning can bridge the gap between observations with high spatial and temporal

resolution, enabling the reconstruction of cryospheric variables at high spatiotemporal resolutions. Examples include sea ice

concentration (Radhakrishnan et al., 2021), surface melt (de Roda Husman et al., 2024), and snow and ice temperatures (Cheng

et al., 2023). Convolutional neural networks are particularly well suited for this task because they can learn spatial patterns55

from gridded geophysical data while simultaneously integrating information from multiple input channels. U-Net architectures,

originally developed for biomedical image segmentation (Ronneberger et al., 2015), are especially effective for image-to-image

prediction problems. Their encoder–decoder structure captures both large-scale context and local spatial detail through the
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use of skip connections. The encoder progressively extracts increasingly abstract spatial features while reducing the spatial

dimensions of the input through successive convolution and pooling operations. The decoder then reconstructs the target image60

at the original resolution by upsampling these learned feature representations. Skip connections transfer high-resolution feature

information from the encoder to corresponding decoder layers, helping to preserve fine-scale spatial detail that may otherwise

be lost during resolution coarsening. Since its introduction, numerous extensions of the original U-Net architecture have been

proposed. A widely used extension is the Attention U-Net (Oktay et al., 2018), which incorporates attention gates that allow

the network to focus on important spatial features while suppressing less relevant regions.65

Here, we present U-DEM, a machine-learned glacier DEM time series with high spatial and temporal resolution. U-DEM

combines the high spatial resolution of the ArcticDEM strips, the high temporal resolution of CryoSat-2, and the relatively high

spatiotemporal resolution of Sentinel-1 to produce glacier elevation estimates at 100 m spatial and 3-month temporal resolution.

Sentinel-1 is a C-band synthetic aperture radar (SAR) mission that provides spatially continuous backscatter observations

largely independent of cloud cover and daylight. We hypothesize that Sentinel-1 backscatter patterns contain information on70

glacier surface morphology, roughness, crevassing, and melt features that is correlated with local elevation variability and

therefore complements the coarser CryoSat-2 observations. Specifically, we train an Attention U-Net to learn the relationship

between seasonal CryoSat-2 elevations, Sentinel-1 backscatter patterns, and ArcticDEM strip elevations. U-DEM is therefore

designed to retain the temporal continuity provided by radar altimetry while recovering fine-scale spatial patterns associated

with glacier topography and surface structure. We apply U-DEM to the glaciers and ice caps of the Canadian Arctic for the75

period 2014-2024 (Fig. 1).

The Canadian Arctic contains one of the largest glacierized regions outside the ice sheets (Pfeffer et al., 2014) and has in

the last decade experienced a mass loss of more than 50 Gt yr−1 (Dussaillant et al., 2025). At the same time, the region hosts

numerous dynamically active glaciers, including surge-type glaciers (Lauzon et al., 2023; Copland et al., 2024; Van Wychen

et al., 2025), rapidly retreating marine-terminating glaciers (Cook et al., 2019), and active subglacial lake systems (Zheng et al.,80

2026). These processes can produce strong elevation-change signals over months to years and over spatial scales ranging from

a few hundred meters to entire ice caps. Despite its importance, the Canadian Arctic has a more limited observational record

than regions such as Greenland, Antarctica, and the European Alps because of the region’s remoteness, limited field access,

sparse in-situ observations, and the frequent cloud cover and low-level fog that limit optical satellite observations (Williamson

et al., 2020). The combination of rapid change, complex dynamics, and poorly constrained bed topography makes the Canadian85

Arctic a particularly relevant target for high spatiotemporal resolution elevation mapping.

The remainder of this paper is structured as follows. First, we describe the input and validation datasets and their prepro-

cessing, followed by the U-DEM methodology and model training. We then evaluate U-DEM against independent satellite

and in-situ elevation measurements before demonstrating its capabilities and limitations through applications to glacier surges

and subglacial lake drainage in the Canadian Arctic. Finally, we discuss the performance, applications, limitations, and future90

potential of U-DEM for investigating glacier elevation change and dynamics.
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Figure 1. Spatial and temporal coverage of the input datasets across the Canadian Arctic. Panels (a)–(c) show the coverage percentage over

the study period on a pixel-by-pixel basis for ArcticDEM strips, CryoSat-2, and Sentinel-1, respectively. Panel (a) only includes data in

the regions used for model training (Regions 01–06, 12, and 15), whereas panels (b) and (c) include data of all study regions. Panel (d)

summarizes the temporal coverage of the training regions for the three datasets, all aggregated into 3-month accumulations. Dashed lines

show the mean coverage across the model regions and the shaded envelopes denote the minimum and maximum sub-regional coverage.

2 Data and pre-processing

In this section, we describe the datasets used to generate the U-DEM timeseries (100 m spatial resolution and 3-month

temporal resolution), together with the preprocessing steps applied prior to model training. U-DEM combines information

from three primary datasets: (i) CryoSat-2 swath elevations, which provide high temporal resolution elevation observations95
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(Sect. 2.2); (ii) Sentinel-1 backscatter imagery, which provides high-spatiotemporal-resolution information on glacier surface

texture (Sect. 2.3); and (iii) ArcticDEM strips, which provide high-spatial-resolution elevation observations used as training

targets (Sect. 2.4). In addition, the ArcticDEM mosaic serves as a reference DEM throughout the study (Sect. 2.1). Indepen-

dent validation is performed using ICESat-2 elevation measurements (Sect. 2.5) and in-situ Global Navigation Satellite System

(GNSS) observations (Sect. 2.6).100

Throughout this study, time series are aggregated into four seasons: winter (December - February), spring (March - May),

summer (June - August), and autumn (September - November). This means that data from e.g., December 2017 is part of

the winter 2018 data. All datasets are processed in the WGS 84 / NSIDC Sea Ice Polar Stereographic North projection

(EPSG:3413).

2.1 Reference elevation data105

The 100 m ArcticDEM mosaic (Porter et al., 2023) is used as the reference elevation dataset throughout this study. It serves

as the basis for outlier detection in the other datasets and provides elevation values for ice-free terrain outside the Randolph

Glacier Inventory (RGI) version 7 glacier outlines (RGI Consortium, 2023). The mosaic is clipped for each sub-region (Fig. 1)

and defines the spatial grid of each sub-region.

2.2 High temporal resolution elevation data: CryoSat-2110

CryoSat-2 provides the high-temporal-resolution elevation observations used in U-DEM. CryoSat-2 carries a radar altimeter

that measures surface elevations all year round, regardless of e.g., cloud cover and sunlight. Here, we use the swath-processed

CryoSwath data product of the Canadian Arctic from Haacker and Wouters (2025), which yield a spatial resolution of 500

m and monthly temporal resolution, from the launch of the satellite in 2010 and until the end of 2024. Because the monthly

coverage is spatially incomplete, observations are aggregated into seasonal (3-month) composites, which substantially reduces115

data gaps.

To create the desired seasonal timeseries of CryoSat-2, we first clean the data. The CryoSwath data product does not only

include the height above the WGS84 ellipsoid, but also the error of the height estimate with respect to a reference DEM

(ArcticDEM in the case of Arctic Canada). Therefore, to exclude outliers, we remove all points with an elevation error greater

than 25 m. This chosen threshold is rather large to not exclude points of actual large elevation change, caused by for instance120

surging glaciers. This cleaned monthly dataset is used to generate both a "raw" dataset for model validation, as well as a gap-

filled dataset used to train and run the model. For the raw dataset, seasonal medians are calculated throughout the entire time

period and are interpolated onto the 100 m reference grid in a nearest neighbour manner, thus keeping the effective resolution

at 500 m. The temporal and spatial coverage of CryoSat-2 for the entire region is shown in Fig. 1b and d.

As missing values can be difficult for convolutional neural networks to handle (Uhrig et al., 2017), we generate a second, gap-125

filled CryoSat-2 dataset for model training. Remaining gaps are filled using nearest-neighbour extrapolation up to a distance

of 20 pixels. Although most gaps are only 1-3 pixels wide, the larger threshold ensures nearly complete spatial coverage.

Because CryoSwath only provides elevations within the RGI v7 glacier mask, ice-free areas are assigned elevations from the
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ArcticDEM mosaic after first coarsening the mosaic to the native 500 m CryoSwath resolution. The resulting DEMs are then

interpolated onto the 100 m reference grid used by U-DEM.130

2.3 High spatiotemporal resolution surface texture data: Sentinel-1

Sentinel-1 backscatter imagery is used to provide spatially detailed information on glacier surface texture and morphology,

which may contain information related to local elevation variability. Unlike CryoSat-2, Sentinel-1 offers both high spatial

and temporal resolution and is therefore used to provide the fine-scale spatial information required to downscale the coarser

CryoSat-2 elevation observations.135

We use Sentinel-1 Level-1 Ground Range Detected (GRD) imagery acquired in Extra Wide (EW) mode and horizontally

polarized "HH". All ascending and descending acquisitions covering the study area are processed using Google Earth En-

gine (Gorelick et al., 2017). Preprocessing consists of border-noise removal followed by the calculation of seasonal mean

backscatter composites. The seasonal composites are exported in their native 40 m resolution and in the WGS 84 / NSIDC

Sea Ice Polar Stereographic North projection (EPSG:3413). Subsequently, all composites are resampled to the 100 m reference140

grid using weighted-average interpolation.

Unlike the CryoSat-2 elevations, the Sentinel-1 backscatter data are not gap-filled. The few gaps present in the record arise

from incomplete spatial coverage during the early phase of the mission when only Sentinel-1A was operational, and after the

failure of Sentinel-1B in December 2021. Because these gaps correspond to missing acquisition tracks rather than isolated

missing pixels, they cannot be meaningfully reconstructed and are therefore retained in the dataset (Fig. 1c-d).145

The resulting seasonal Sentinel-1 composites are used as an input channel to the U-Net, providing spatially continuous

information on glacier surface characteristics that complements the coarser CryoSat-2 elevation observations.

2.4 High spatial resolution elevation data: ArcticDEM strips

ArcticDEM strips provide the high-spatial-resolution elevation information used to train U-DEM. Unlike CryoSat-2, Arctic-

DEM can resolve fine-scale glacier surface features and elevation gradients at meter-scale resolution, making it well suited as150

the target dataset that the U-Net aims to reproduce. However, because ArcticDEM strips rely on optical stereo imagery, their

temporal coverage is irregular and dependent on cloud-free and sunlit conditions.

We use ArcticDEM strips version s2s041 (Porter et al., 2022), which are generated from stereo imagery acquired by the

GeoEye-1 and WorldView satellites. Previous work has shown that strips generated from GeoEye-1 are often of lower qual-

ity (Zinck et al., 2023); therefore, only strips derived from the WorldView satellites are considered. To reduce storage require-155

ments, the strips and their associated quality bitmasks are resampled to a 50 m grid using nearest-neighbour interpolation.

Only pixels flagged as "good data" in the accompanying bitmask are retained. Furthermore, only strips covering regions used

in training the model (Fig. 1) are downloaded.

Because ArcticDEM strips are not co-registered to a common elevation reference, individual strips may contain residual

horizontal tilt and vertical bias relative to the true surface. A widely used approach to correct such errors is to fit a planar surface160

to the elevation residuals between a strip and a reference dataset, such as ground control points (Shean et al., 2019; Lilien et al.,
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2024) or satellite altimetry observations (Zinck et al., 2023). Following this approach, we perform a two-step co-registration

procedure using a reference DEM composed of the ArcticDEM mosaic over ice-free terrain and seasonal CryoSat-2 elevations

over glacierized terrain. First, a planar surface is fitted to the residuals between each strip and the reference DEM, correcting

large-scale tilt and vertical bias. A second co-registration is then performed using only residuals smaller than 15 m, thereby165

reducing the influence of outliers. Following co-registration, pixels differing by more than 25 m from the reference DEM

are flagged as outliers and removed. No additional horizontal co-registration is performed, as previously reported horizontal

geolocation offsets of approximately 3–5 m (Noh and Howat, 2015; Dai and Howat, 2017) are small relative to the 100 m

resolution used in this study.

Despite the bitmask filtering and co-registration procedure, some contaminated strips and pixels may remain. Such contam-170

ination can arise from fog, low clouds, or other artefacts that are not identified by the quality bitmask. Because the ArcticDEM

strips serve as training targets, these artefacts may cause the model to learn incorrect elevation patterns. To mitigate this issue,

all strips are manually inspected and assigned a quality score: 1 (Excellent), 2 (Good), 3 (Poor), or 4 (Useless). Strips classified

as useless are discarded. The remaining strips are used to generate a seasonal dataset by calculating a weighted average of all

strips within a given season using weights of 1.0, 0.5, and 0.25 for Excellent, Good, and Poor strips, respectively. To increase175

the amount of training data available to the U-Net, small gaps in the dataset are filled. Compared to CryoSat-2, a more con-

servative gap-filling strategy is adopted because the ArcticDEM strips serve as the prediction target. Gaps are therefore only

filled within a distance of five pixels using bilinear interpolation. The spatial and temporal coverage of the resulting dataset is

shown in Fig. 1a,d. The dataset provides the high-spatial-resolution elevation information that the model seeks to reconstruct

from CryoSat-2 and Sentinel-1 observations.180

2.5 Independent satellite validation data

To independently evaluate the U-DEM elevation time series, we use ICESat-2 elevation measurements acquired from its launch

in 2018 onward. ICESat-2 carries a laser altimeter that provides highly accurate surface elevation measurements over glacier-

ized terrain and is therefore well suited for validating the reconstructed DEMs. We use the ATL06 Land Ice Height Version 7

product (Smith et al., 2025). Only observations flagged as good quality (quality_summary = 0) and with an estimated185

height error below 0.5 m are retained.

The ICESat-2 point observations are aggregated onto the 100 m spatial and seasonal (3-month) reference grid used through-

out this study. For each grid cell and season, the median elevation of all ICESat-2 observations is calculated. Grid cells differing

by more than 100 m from the ArcticDEM mosaic are considered outliers and removed. The resulting gridded ICESat-2 dataset

serves as an independent satellite-based validation dataset for assessing the accuracy of the U-DEM elevation estimates.190

2.6 Independent in-situ validation data

As an additional and particularly stringent validation, we compare the U-DEM elevations against kinematic GNSS measure-

ments collected on White Glacier, Axel Heiberg Island, Nunavut (region 01, Fig. 1). White Glacier provides a challenging test

case because its narrow geometry means that, over much of its length, the glacier is only 500-1000 m wide, corresponding
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to one to two native CryoSat-2 pixels. Consequently, successful reconstruction of its elevation variability would demonstrate195

U-DEM’s ability to recover spatial detail beyond the native resolution of the input altimetry data.

The validation dataset consists of six kinematic GNSS surveys conducted during the spring field seasons of 2015, 2017-

2019, and 2023-2024. All surveys include measurements along the approximate glacier centerline, while several surveys also

contain observations from tributary basins. Prior to analysis, the GNSS measurements are reprojected to the WGS 84 / NSIDC

Sea Ice Polar Stereographic North projection (EPSG:3413). The resulting elevations provide an independent in-situ assessment200

of the accuracy of U-DEM and its ability to reproduce fine-scale elevation variations across narrow glacier geometries.

3 Methods

This section first describes the methodology behind U-DEM (Sect. 3.1), from data preparation (Sect. 3.1.1) and the U-Net

architecture (Sect. 3.1.2) to the post-processing of the model output (Sect. 3.1.3). We then describe the validation of U-DEM

against ICESat-2 and in-situ measurements (Sect. 3.2), before presenting the methodology used for the U-DEM application205

examples (Sect. 3.3).

We have divided the Canadian Arctic into 15 sub-regions (Fig. 1), which we use to both make data handling easier, but also

to do sub-regional validation. Furthermore, we only use a subset of the regions (01-06, 12, and 15) in the training of the model,

but apply the final U-DEM model to all regions. Validation with respect to ICESat-2 is done for all regions, which also allow

us to inspect how well the model performs in regions that are entirely unseen by the model.210

3.1 U-DEM

3.1.1 Data preparation

To prepare the input data for the U-Net, the gap-filled elevation and texture datasets are normalized, tiled, and split up as

follows.

The elevation data, including both ArcticDEM strips and CryoSat-2, are first converted to elevation residuals by subtracting215

the ArcticDEM mosaic. This transformation allows the model to learn elevation anomalies rather than absolute elevations,

thereby focusing the learning process on temporal and local deviations from the mean ice-surface geometry. The elevation

residuals are subsequently normalized on a per-region basis according to

rnorm =
r−µrcs

σrcs

, (1)

where rnorm is the normalized elevation residual, r is the elevation residual, and µrcs and σrcs are the mean and standard220

deviation of all CryoSat-2 residual observations within the spatial and temporal domain of a given sub-region. These statistics

are computed across the entire sub-region rather than on a pixel-by-pixel basis. Consequently, both the CryoSat-2 and Arctic-

DEM residuals are normalized using the same regional CryoSat-2 mean and standard deviation. Sentinel-1 backscatter data are

normalized in an analogous manner, but on a pixel-by-pixel basis using their own pixel mean and standard deviation.
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To be used as input to the U-Net, the data must first be divided into smaller tiles. Using the entire study region as a single225

input would require complete spatial coverage from all input datasets, whereas tiling allows the model to be trained on smaller

regions where data are available. In addition, tiling increases the number of training samples available to the model. Choosing

an appropriate tile size involves a trade-off as tiles must be large enough to capture relevant spatial features while remaining

small enough to ensure computational feasibility. Furthermore, predictions near tile boundaries can be affected by edge artifacts

arising from the limited spatial context available at the tile borders. Through trial and error, we found an optimal tile size of 128230

× 128 pixels, corresponding to 12.8 × 12.8 km. To further reduce boundary effects, we require all tiles located along glacier

margins to contain at least a 16-pixel buffer between the tile edge and the nearest ice-covered pixel, as defined by the RGI

outlines. Finally, adjacent tiles are constructed with an overlap of 72 pixels to ensure continuous spatial coverage and minimize

seam artifacts when reconstructing the full-domain. Figure A1 in App. A illustrates an example of how the tiles overlap each

other.235

The resulting tiles are then divided into training and internal validation datasets, with 90% of the tiles used for model training

and the remaining 10% used for internal validation, using a random train-test splitting. The internal validation dataset is also

used for hyperparameter optimization. For this purpose, it is further divided into 80% training and 20% validation subsets.

Independent evaluation of the trained model is subsequently performed using ICESat-2 observations (Sect. 3.2), which are not

used at any stage of model training or hyperparameter optimization.240

3.1.2 U-Net

U-DEM is based on an Attention U-Net architecture (Ronneberger et al., 2015; Oktay et al., 2018). As illustrated in Fig. 2, the

network takes two input channels, Sentinel-1 backscatter and CryoSat-2 elevation residuals, and predicts a single channel of

ArcticDEM strip elevation residuals. Both input and output tiles have dimensions of 128 × 128 pixels, corresponding to 12.8

× 12.8 km at 100 m spatial resolution.245

The network consists of four encoder levels, a bottleneck, and four decoder levels connected by attention-gated skip con-

nections. Each encoder level contains two 3 × 3 convolutions with one-pixel zero padding and Leaky Rectified Linear Unit

(LeakyReLU) activation, followed by 2 × 2 max pooling. Batch normalization and spatial dropout are optionally applied de-

pending on the hyperparameter configuration. The number of feature channels doubles at each encoder level, while the spatial

dimensions are halved. The bottleneck is followed by a symmetric decoder in which the feature maps are bilinearly upsampled250

and combined with the corresponding encoder features through attention-gated skip connections (Oktay et al., 2018). A final 1

× 1 convolution maps the decoder features to the predicted elevation residuals. With the optimal hyperparameters described in

Tab. 1, the final network contains 2,205,749 trainable parameters. The theoretical receptive field along the encoder path reaches

140 × 140 input pixels after the second convolution in the bottleneck and therefore encompasses the full 128 × 128 pixel input

tile.255

For both hyperparameter optimization and final model training, the network parameters are updated using the Adam opti-

mizer (Kingma and Ba, 2017). The optimizer minimizes a loss function combining the mean absolute error (MAE) and mean
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Figure 2. Architecture of the Attention U-Net used to generate U-DEM. The network takes 128 × 128 pixel tiles of normalized CryoSat-2

elevation residuals and normalized Sentinel-1 backscatter as input and predicts normalized elevation residuals at 100 m spatial resolution.

Colored arrows indicate the different network operations shown in the legend.

squared error (MSE) with equal weights,

L=
1

2N

N∑

i=1

|yi − ŷi|+
1

2N

N∑

i=1

(yi − ŷi)
2
, (2)

where yi and ŷi denote the target ArcticDEM strip and predicted normalized elevation residuals, respectively, and N is the260

number of elements included in the loss calculation. Combining the two terms balances the robustness of the MAE to local

outliers with the stronger penalization of large prediction errors provided by the MSE.

Network hyperparameters are optimized using Optuna (Tree-structured Parzen Estimator, Akiba et al., 2019), which employs

Bayesian optimization to explore the hyperparameter space. The optimization is performed exclusively using the internal

validation dataset described in Sect. 3.1, and the explored search space and resulting optimal values are listed in Table 1. The265

optimized parameters control regularization (batch normalization and dropout), optimization (learning rate, batch size, and

number of epochs), and network capacity (number of base filters). To satisfy GPU memory constraints, only combinations for

which batch size× base filters ≤ 512 are evaluated.

Following hyperparameter optimization, the model is trained on the complete training dataset using the optimal hyperpa-

rameter configuration, with the internal validation dataset used to evaluate model performance during training. The best model270

parameters can be found in Tab. 1. The trained network is subsequently applied to all available CryoSat-2 and Sentinel-1

observations to generate the seasonal U-DEM time series for all 15 study regions.
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Table 1. Hyperparameter search space explored by Optuna and the resulting optimal values. Curly braces, {}, denote categorical search

spaces, square brackets, [ ], denote continuous search intervals sampled logarithmically and regular brackets, ( ), denote continuous search

intervals sampled linearly.

Parameter Search space Optimal value

Batch normalization {True,False} True

Dropout {True,False} False

Dropout rate† (0.05,0.6) –

Learning rate [10−4,5 · 10−2] ≈ 8.98 · 10−4

Batch size∗ {4,8,16,32} 16

Base filters∗ {8,16,32,64} 16

Epochs (50,200) 186

†Only when Dropout = True.
∗Only hyperparameter combinations satisfying batch size ·base filters ≤ 512

were evaluated to satisfy GPU memory constraints.

3.1.3 Post-processing

The U-Net predicts normalized elevation residuals for individual 128 × 128 pixel tiles. To obtain absolute glacier elevations,

the predicted residuals are first denormalized using the regional CryoSat-2 mean and standard deviation before adding the275

ArcticDEM mosaic.

The resulting elevation tiles are subsequently mosaicked into seasonal DEMs for each study region. Because predictions

near tile boundaries are more susceptible to edge artefacts arising from the limited spatial context available at the tile borders,

overlapping predictions are combined using a distance-weighted average. This follows the general approach of Mohajerani

et al. (2021), who similarly reduce the influence of tile-edge predictions during mosaicking, but use Gaussian rather than280

distance-based weighting. For each tile, the weight assigned to a pixel increases linearly with its distance from the nearest

tile edge, from a minimum of 0.1 at the tile boundary to a maximum of 1 at the tile centre. Where multiple tiles overlap,

the predicted elevations are averaged according to these weights (see example in Fig. A1). This gives greater influence to

predictions near tile centres, where more surrounding spatial context is available to the network, while retaining information

from the complete 128 × 128 pixel prediction tiles.285

3.2 DEM validation

The performance of U-DEM is evaluated using two independent validation datasets: (i) ICESat-2 elevations and (ii) kinematic

GNSS measurements from White Glacier. For reference, the same validation procedures are also applied to the raw CryoSat-2

elevations, allowing the performance of U-DEM to be assessed relative to its primary elevation input.
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Validation against ICESat-2 is performed on both individual regions and the combined dataset using the root-mean-square290

error (RMSE), bias, and coefficient of determination (R2). To further assess the temporal robustness of U-DEM, the ICESat-2

validation is also carried out separately for each season. This analysis serves two purposes. First, it evaluates whether the model

has learned to reduce the seasonal penetration-depth bias present in the CryoSat-2 observations. Second, it assesses whether

the uneven seasonal distribution of the ArcticDEM training data, which is dominated by spring and summer acquisitions,

influences model performance. In addition, elevation residuals with respect to ICESat-2 are analysed as a function of surface295

slope and surface elevation to investigate how model performance varies with terrain characteristics.

Finally, U-DEM is compared with the kinematic GNSS surveys on White Glacier. For comparison, CryoSat-2 elevations and

all available ArcticDEM strips are evaluated in the same manner. Prior to the comparison, all elevation datasets are linearly

interpolated onto the GNSS survey tracks, after which elevation residuals are calculated with respect to the GNSS measure-

ments.300

3.3 Application examples

To demonstrate the capabilities of U-DEM for investigating glacier dynamics at different spatial scales, we consider two

application examples. First, we examine elevation changes associated with three known surge-type glaciers: Iceberg Glacier

(Lauzon et al., 2023), Mittie Glacier (Copland et al., 2024), and Chapman Glacier (Van Wychen et al., 2025). For each glacier,

U-DEM elevation profiles are extracted along RGI v7 glacier centrelines to investigate the spatial and temporal evolution of305

elevation changes throughout the surge cycle.

Second, we investigate elevation changes associated with mapped active subglacial lakes in the Canadian Arctic (Zheng

et al., 2026). For each lake, the mean surface elevation within the lake extent identified by Zheng et al. (2026) is calculated for

U-DEM, CryoSat-2, and the available ArcticDEM strips. The resulting elevation time series are compared to assess how well

U-DEM captures the localized elevation changes associated with subglacial lake drainage and refilling relative to the two other310

elevation datasets.

4 Results

4.1 Validation

The validation of U-DEM against independent ICESat-2 elevations (Fig. 3a) yields an RMSE of 10.01 m and a bias of −0.27

m. This represents a substantial improvement over the underlying CryoSat-2 elevations (Fig. 3b), which have an RMSE of315

28.39 m, corresponding to a roughly 65% reduction in RMSE. Both products exhibit only small mean biases with respect

to ICESat-2. The remaining RMSE should be interpreted in light of differences in spatial and temporal sampling between

the datasets, as U-DEM represents elevations over 100 × 100 m grid cells and 3-month periods, whereas ICESat-2 provides

measurements along narrow ground tracks acquired at discrete times. The implications of these sampling differences for the

validation are discussed further in Sect. 5.320
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Figure 3. The independent ICESat-2 elevations versus (a) U-DEM and (b) CryoSat-2 for all regions combined.

Table 2. Seasonal validation statistics compared to ICESat-2. A positive bias correspond to an overestimation of elevation compared to

ICESat-2.

Product Season RMSE [m] Bias [m] R2

U-DEM Winter 10.09 -0.20 0.9994

Spring 10.13 -0.36 0.9994

Summer 9.70 -0.46 0.9995

Autumn 9.99 -0.13 0.9994

CryoSat-2 Winter 28.92 0.10 0.9952

Spring 28.51 -0.11 0.9953

Summer 27.35 -0.49 0.9957

Autumn 28.28 -0.17 0.9954

Given the uneven seasonal distribution of ArcticDEM strips (Fig. 1) and the potential for seasonally varying radar pene-

tration to affect CryoSat-2 elevations, we additionally evaluate U-DEM against ICESat-2 separately for each season (Tab. 2).

This allows us to assess both whether the seasonal distribution of the training data affects model performance and whether

potential seasonal biases in the CryoSat-2 input are propagated into U-DEM. U-DEM shows little seasonal variation in RMSE,

with values remaining close to the overall RMSE of 10.01 m throughout the year. Bias also remains close to zero, ranging325

from −0.13 to −0.46 m, with no clear seasonal pattern. CryoSat-2 similarly shows little seasonal variation in RMSE or bias.

The ICESat-2 validation therefore provides no evidence of substantial seasonal degradation in U-DEM performance or of a

seasonally varying elevation bias that could indicate the propagation of CryoSat-2 penetration effects into U-DEM.
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Figure 4. Elevation residual with respect to ICESat-2 as a function of elevation for (a) U-DEM and (b) CryoSat-2, and as a function of surface

slope for (c) U-DEM and (d) CryoSat-2. Positive residual correspond to elevation overestimation compared to ICESat-2. The relatively sharp

vertical lines in (a) and (c) are a result of filtering out ICESat-2 elevations deviating more than 100 m from the ArcticDEM mosaic.

To investigate whether the remaining differences with respect to ICESat-2 are associated with terrain characteristics, we

examine U-DEM and CryoSat-2 residuals as a function of surface elevation and slope (Fig. 4). Residuals show limited sys-330

tematic dependence on elevation, whereas their magnitude increases with surface slope for both products. CryoSat-2 generally

shows larger residuals than U-DEM across the full range of slopes, with the largest differences occurring in the steepest terrain.

This behaviour is consistent with the coarser spatial resolution of CryoSat-2 and its preferential sampling of surface locations

closest to the satellite, which can lead to larger elevation differences in steep and topographically complex terrain (Haacker

et al., 2023).335

We further evaluate agreement with ICESat-2 separately for each of the 15 sub-regions to assess the spatial consistency of

U-DEM and its generalization beyond the regions represented during training (App. B; Figs. B1 and B2). U-DEM outperforms

CryoSat-2 in all sub-regions, reducing regional RMSE by 61-75%. U-DEM RMSE ranges from 2.30 m in region 15 to 13.21

m in region 08, compared with 9.35-43.68 m for CryoSat-2. Similar improvements occur in regions 07-11 and 13-14, which

were not represented during model training, demonstrating that the improvement is not restricted to the training regions.340
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Figure 5. Comparison of U-DEM (a-c), ArcticDEM (d-f) and CryoSat-2 (g-i) with respect to the kinematic GNSS surveys of White Glacier.

Each column represent different campaign periods. Be aware that the residual colorbar for U-DEM and ArcticDEM ranges from -5 m to 5

m, whereas it ranges from -15 m to 15 m for CryoSat-2. Positive bias/residual indicate an overestimation of the surface elevation compared

to the GNSS measurements. Fig. B3 shows a comparison of all years available.

As an additional independent validation, we compare U-DEM with six kinematic GNSS surveys of White Glacier (Fig. 5a-

c and Fig. B3a-f). Across the six surveys, U-DEM biases range from −0.05 m in spring 2017 to 2.02 m in spring 2023,
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Figure 6. Multiphase surge of Chapman Glacier, Ellesmere Island. (a) U-DEM elevation change between fall 2014 and fall 2024 of Chapman

Glacier, marked by the black outline from RGI v7 (RGI Consortium, 2023). The dashed lines are RGI v7 centrelines, of the main tributary

plotted in b) and the main trunk plotted in c). (b) U-DEM elevation change of the main tributary marked in a) with respect to fall 2014. (c)

U-DEM elevation change of the main trunk marked in a) with respect to fall 2014. The following springs are marked by thicker lines in b)

and c): 2016, 2018, 2019, 2020, 2022, 2024.

with RMSE values of 1.70-3.35 m. These errors are comparable to those of ArcticDEM over the same profiles (Fig. 5d-f

and Fig. B3g-l), with biases of −0.55-2.00 m and RMSE values of 1.43-2.74 m. The comparable performance indicates that

U-DEM recovers much of the spatial elevation information provided by the high-resolution ArcticDEM strips.345

In contrast, CryoSat-2 shows substantially larger differences from the GNSS measurements (Fig. 5g-i and Fig. B3m-r),

with RMSE values of 21.84-34.70 m and predominantly positive biases of 2.55-23.13 m. The largest overestimations occur

in the upper part of White Glacier, where the GNSS track follows a relatively low-elevation part of the glacier bordered by

higher terrain. CryoSat-2 elevations are consequently biased towards the surrounding higher terrain, despite the use of swath

processing. U-DEM substantially reduces these differences and more closely reproduces the GNSS elevations along the glacier.350

4.2 Applications

To demonstrate the ability of U-DEM to resolve glacier dynamics at high spatial and temporal resolution, we examine the

ongoing multiphase surge of Chapman Glacier, Ellesmere Island (region 02, Fig. 1). Van Wychen et al. (2025) identified an

initial surge of the main trunk from 2001 to 2012, followed by acceleration of the main tributary from around 2012 that

propagated down-glacier and eventually affected the lower main trunk. However, the available elevation observations could not355

resolve the position and migration of the dynamic balance line separating surge-related surface lowering and thickening.

U-DEM elevation changes of Chapman Glacier between fall 2014 and fall 2024 show pronounced spatial patterns, in three-

months interval, of ice redistribution associated with the ongoing second surge phase (Fig. 6a). The main tributary shows

substantial surface lowering upstream and thickening downstream, consistent with down-glacier ice transfer during the surge.
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Figure 7. Hovmöller diagram showing Chapman Glacier elevation change from U-DEM of each time step with respect to fall 2014 of (a)

the main trunk and (b) the main tributary marked in Fig. 6a. The dashed vertical line indicates the point at which the two centrelines merge.

The elevation profiles show the development of these patterns through time (Fig. 6b-c), with the boundary between lowering360

and thickening marking a dynamic balance line that progressively migrates down-glacier.

This migration is particularly apparent in the Hovmöller diagrams (Fig. 7). Along the main tributary, surface lowering

progressively expands down-glacier from approximately 2018 onwards, accompanied by migration of the dynamic balance line

and downstream thickening ahead of it (Fig. 7a). By 2020, positive elevation changes extend across the confluence, indicating

that ice redistribution associated with the tributary surge has reached the central main trunk. Changes along the main trunk365

are more subtle, although substantial thickening develops in the lower section shared by the two profiles (Fig. 7b). The 3-

monthly time series thus resolves the progressive migration of the dynamic balance line that could not be determined from the

temporally incomplete elevation observations available in previous studies.

As additional examples, the elevation evolutions of Iceberg and Mittie glaciers are shown in App. C ( Figs. C1 and C2, re-

spectively). Both glaciers are currently in their quiescent phases, providing examples of the elevation-change patterns captured370

by U-DEM outside the active surge phase.

We additionally use the active subglacial lakes identified in the Canadian Arctic by Zheng et al. (2026) to test the ability

of U-DEM to resolve smaller-scale and potentially short-lived elevation changes. Drainage and refilling produce localized

surface lowering and uplift, respectively, providing a demanding test of the spatial resolution of U-DEM. From the more than

30 identified lakes, we select four examples representing the range of performance across the dataset (Fig. 8).375

For the first two lakes (Fig. 8a-b), U-DEM reproduces much of the temporal elevation variability observed by ArcticDEM,

whereas CryoSat-2 shows little corresponding variability. For the third lake (Fig. 8c), U-DEM captures part, but not the full

magnitude, of the variability observed by ArcticDEM, while still improving upon CryoSat-2. In the fourth example (Fig. 8d),
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Figure 8. Average lake surface elevation of four subglacial lakes as defined by Zheng et al. (2026), comparing the lake elevation of CryoSat-

2, ArcticDEM strips (when available), and U-DEM. Instances where the ArcticDEM strips cover less than 70% of the lake are marked by

stars. The lake numbers correspond to the same lake numbers used in Zheng et al. (2026).

neither U-DEM nor CryoSat-2 captures the changes apparent in ArcticDEM. These examples demonstrate that U-DEM can re-

cover localized elevation variability not resolved by CryoSat-2, but that this capability is not consistent across all lakes. Several380

mapped lakes have areas of only a few square kilometres, approaching scales poorly resolved by the CryoSat-2 observations

and for which U-DEM increasingly relies on the spatial information provided by Sentinel-1.

5 Discussion

U-DEM provides a new machine-learned elevation time series for glaciers and ice caps in the Canadian Arctic at 100 m spatial

and 3-month temporal resolution. U-DEM substantially improves upon the spatially coarse CryoSat-2 elevations and performs385
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consistently across the Canadian Arctic, including in regions not represented during model training (Figs. 3, B1, and B2). This

improvement is further supported by the independent White Glacier GNSS validation, where U-DEM yields RMSE values of

1.70-3.35 m, comparable to those obtained for the ArcticDEM strips and substantially lower than for CryoSat-2 (Fig. 5). The

higher RMSE of 10.01 m obtained against ICESat-2 should therefore not be interpreted solely as U-DEM elevation uncertainty,

but also in the context of how the ICESat-2 observations were aggregated for validation. ICESat-2 samples elevations along390

narrow ground tracks, and the observations assigned to a 100 × 100 m pixel may cover only a small part of that pixel. The

resulting ICESat-2 elevation may therefore not be representative of the elevation across the entire area represented by the

corresponding U-DEM pixel, particularly in areas with strong local topographic gradients. This interpretation is consistent

with the increasing magnitude of the ICESat-2 residuals with surface slope (Fig. 4). Together, the validation results indicate

that U-DEM recovers much of the fine-scale spatial elevation information absent from CryoSat-2.395

U-DEM builds on a growing effort to overcome the trade-off between spatial and temporal resolution in satellite-derived

glacier elevation products. A closely related example is PRODEM (Winstrup et al., 2024), which combines CryoSat-2 and

ICESat-2 altimetry with ArcticDEM to produce annual summer DEMs at 500 m resolution for the marginal areas of the

Greenland Ice Sheet. U-DEM advances this concept by increasing both the spatial and temporal resolution of the reconstructed

elevation fields. Rather than relying on spatial interpolation of satellite altimetry, U-DEM uses machine learning to infer400

high-resolution elevation patterns from CryoSat-2 elevations and Sentinel-1 backscatter, with ArcticDEM strips providing

high-resolution training targets. This enables elevations to be reconstructed at 100 m spatial and 3-month temporal resolution,

compared with the 500 m annual summer DEMs provided by PRODEM, thereby resolving smaller-scale spatial features and

their evolution within individual years. In addition, U-DEM does not use ICESat-2 as an input, allowing it to remain fully

independent for validation. U-DEM therefore represents a further step towards simultaneously resolving the spatial detail and405

temporal evolution of glacier surface topography that cannot be captured by individual satellite elevation datasets.

The Chapman Glacier application demonstrates the value of combining high spatial and temporal resolution for studying

rapidly evolving glacier dynamics. While Van Wychen et al. (2025) identified the propagation of the ongoing surge from the

tributary towards the main trunk, the available observations did not allow the position and migration of the dynamic balance line

to be resolved through time. The 3-monthly U-DEM series resolves its progressive down-glacier migration and the subsequent410

propagation of thickening into the main trunk, providing a more continuous view of ice redistribution during the surge (Fig. 6

and 7). More generally, analyses of surge evolution often require several elevation datasets with different spatial resolutions,

acquisition frequencies, and sampling characteristics to constrain changes in glacier geometry through time. U-DEM provides

a single, consistent elevation time series from which the spatial propagation and timing of such changes can be followed at

seasonal resolution, thereby reducing the need to combine multiple elevation products. While complementary observations,415

particularly ice velocity, remain important for interpreting glacier dynamics, U-DEM can provide much of the spatial and

temporal elevation information required to characterize rapidly evolving glacier geometry.

The subglacial-lake analysis (Fig. 8), in contrast, highlights both the potential and spatial limitations of U-DEM. Zheng

et al. (2026) used ArcticDEM strips to identify and characterize active subglacial lakes across the Canadian Arctic, but noted

that their irregular temporal coverage limits the ability to constrain the timing of short-lived drainage events. The 3-monthly420
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U-DEM series could help bridge these temporal gaps and, for several lakes, resolves localized elevation changes that are absent

from CryoSat-2. However, U-DEM only partly or not at all reproduces the changes observed by ArcticDEM for some lakes.

Because these localized features are poorly resolved by CryoSat-2, U-DEM’s spatial reconstruction likely relies strongly on

spatial gradients in Sentinel-1 backscatter from which the network can infer fine-scale surface structure. However, Sentinel-1

backscatter is strongly affected by snow wetness and surface melt, with liquid water increasing radar attenuation and substan-425

tially altering the spatial backscatter signal (e.g., Carletti et al., 2025; Brangers et al., 2024). During such conditions, backscatter

contrasts associated with local surface geometry may therefore become less distinct or be masked by variations related to sur-

face conditions. This could weaken the spatial information available to U-DEM and explain why the model sometimes captures

the occurrence of a subglacial-lake drainage event but underestimates its full elevation change. U-DEM therefore offers im-

proved temporal sampling compared with ArcticDEM for monitoring subglacial-lake evolution, but should be used cautiously430

for features approaching its effective spatial resolution and preferably corroborated with independent elevation observations.

Beyond the examples presented here, the high spatiotemporal resolution of U-DEM enables a range of other applications.

The temporally resolved surface geometry could, for example, improve inverse modelling of glacier bed topography, par-

ticularly for highly dynamic and surge-type glaciers where substantial ice redistribution means that a static DEM may not

adequately represent the glacier geometry at a given time. Similarly, the 3-monthly elevation series provides a spatially contin-435

uous constraint for transient glacier modelling, allowing simulations to be evaluated against seasonal to interannual changes in

glacier geometry rather than individual, temporally sparse DEM acquisitions.

Beyond these applications, the approach used to produce U-DEM could potentially be transferred to other glacierized re-

gions. The required datasets already exist across much of the Arctic and Antarctic, with CryoSat-2 and Sentinel-1 providing

temporally repeated observations and ArcticDEM strips or the Reference Elevation Model of Antarctica (REMA) strips pro-440

viding high-resolution elevation data for model training. Direct application of the model trained here to substantially different

glaciological environments should, however, be approached cautiously, as glacier geometry, surface conditions, and Sentinel-1

backscatter characteristics may differ considerably between the Canadian Arctic, the Greenland and Antarctic ice sheets, and

ice shelves. Retraining the network using ArcticDEM or REMA strips from the target region would therefore likely be nec-

essary. Furthermore, while the current U-DEM network is trained using CryoSat-2 and Sentinel-1 as inputs, the framework445

could be adapted to incorporate other existing or future satellite observations. For example, the upcoming Copernicus Polar Ice

and Snow Topography Altimeter (CRISTAL, Kern et al., 2020) mission could complement or eventually replace CryoSat-2 as

the radar-altimetry input, while additional datasets could be introduced as new input channels. For such efforts one can take

departure in the pre-trained weights found here. The U-DEM framework therefore provides a flexible approach for combining

complementary satellite observations and could evolve as new datasets become available.450

6 Conclusions

We present U-DEM, a machine-learned glacier elevation time series for the Canadian Arctic at 100 m spatial and 3-month

temporal resolution from 2014 to 2024. By combining CryoSat-2 elevations, Sentinel-1 backscatter, and ArcticDEM strips,
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U-DEM bridges the trade-off between spatial and temporal resolution of existing elevation datasets. Validation against inde-

pendent ICESat-2 observations shows a 65% reduction in RMSE relative to CryoSat-2, with improvements across all study455

regions, including those not represented during training. At White Glacier, U-DEM achieves RMSE values of 1.70-3.35 m,

comparable to ArcticDEM despite the glacier being poorly resolved by CryoSat-2.

The resulting elevation time series resolves spatial and temporal patterns of glacier change that are difficult to capture with

existing datasets individually, including the migration of the dynamic balance line during the ongoing Chapman Glacier surge

and localized elevation changes associated with active subglacial lakes. U-DEM therefore provides a new observational basis460

for investigating glacier dynamics and constraining transient and inverse glacier models. More broadly, the approach demon-

strates how complementary satellite observations can be integrated using machine learning to generate high-spatiotemporal-

resolution records of glacier surface evolution.
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Appendix A: Methods

]

Figure A1. Example of how the tiles overlap and how the distance-based weight is used. This example shows how a total of 25 tiles contribute

to the predictions within one tile. Dashed lines are added to tile boundaries of all tiles along the diagonals, to help distinguish the different

tiles from one another.

Appendix B: Validation465
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]

Figure B1. ICESat-2 elevations versus U-DEM elevations on a sub-regional basis. Regions 01-06, 12 and 15 are used in model training,

whereas regions 07-11 and 13-14 are unseen by the model.
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]

Figure B2. ICESat-2 elevations versus CryoSat-2 elevations on a sub-regional basis.
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]

Figure B3. Comparison of U-DEM (a-f), ArcticDEM (g-l) and CryoSat-2 (m-r) with respect to the kinematic GNSS surveys of White

Glacier. Each column represent different campaign periods. Be aware that the residual colorbar for U-DEM and ArcticDEM ranges from

-5 m to 5 m, whereas it ranges from -15 m to 15 m for CryoSat-2. Positive bias/residual indicate an overestimation of the surface elevation

compared to the GNSS measurements.
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Appendix C: Applications

]

Figure C1. Quiescent phase of the surge of Iceberg Glacier, Axel Heiberg Island. (a) U-DEM elevation change between spring 2015 and

fall 2024 of Iceberg Glacier, marked by the black outline from RGI v7 (RGI Consortium, 2023). The dashed line is the RGI v7 centerline

which is plotted in panel b). (b) U-DEM elevation change of the centerline marked in a) with respect to spring 2015. The following springs

are marked by thicker lines: 2016, 2018, 2020, 2022, 2024. Spring 2015 is the first time slice where Sentinel-1 has coverage of this region.
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]

Figure C2. Quiescent phase of the surge of Mittie Glacier, Ellesmere Island. (a) U-DEM elevation change between fall 2014 and fall 2024

of Mittie Glacier, marked by the black outline from RGI v7 (RGI Consortium, 2023). The dashed line is the RGI v7 centerline which is

plotted in panel b). (b) U-DEM elevation change of the centerline marked in a) with respect to fall 2014. The following springs are marked

by thicker lines: 2016, 2018, 2020, 2022, 2024.

Code and data availability. The code behind U-DEM is publicly available (Zinck and Melcher, 2026a) and so are the U-DEM surface

elevations and model (Zinck and Melcher, 2026b). Sentinel-1 data is available through Google Earth Engine (https://developers.google.co

m/earth-engine/datasets/catalog/COPERNICUS_S1_GRD, last access: 29 September 2026) and CryoSwath elevations are available from

Haacker and Wouters (2025). The ArcticDEM strips and mosaic are available from the Polar Geospatial Center (https://www.pgc.umn.edu/470

data/arcticdem/, last access: 29 September 2026). The Randolph Glacier Inventory version 7 is available from RGI Consortium (2023) and

ICESat-2 ATL06 data is available from Smith et al. (2025).
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