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Abstract. Gla

ealibrated-to-mateh-observationsThe current pace of glacier retreat in the European Alps is unprecedented in the observational
record and has significant implications for water resources and downstream ecosystems. Quantifying the future evolution
of these systems requires physically based glacier models that are calibrated against observational data. Using the open-
source Framework for assimilating Remote-sensing Observations for Surface mass balance
Tuning (FROST), we infer equilibrivm-tine—attitudes(EEAS)and-surface—mass—balanee—mean Equilibrium Line Alti-
tudes (ELAs) and other Surface Mass Balance (SMB) parameters for 409 Alpine glaciers during2000-2019-through-for the
timer period 2000-2019 using an Ensemble Kalman Filter. The method combines an elevation-dependent surface-mass-balanee

SMB model with ice dynamics from the Instructed Glacier Model (IGM). Validation against ELA estimates from in-situ mass
batanee-measurements and end-of-summer snowline data {eorrelations-of-0-76-and-0-62)-shows-that-shows good agreement,
WMM%&WMWW@WFROST enables
satellite-based regi itionscalibration of SMB parameters at regional scale and pave
the way for the calibration of more complex SMB models. The framework is inherently suited for transient data assimilation,
with the ultimate aim of improving the digital representation of glacier systems.

1 Introduction

Mountain glaciers are losing mass worldwide in response to anthropogenic climate change (The GlaMBIE Team, 2025) and are
currently among the largest contributors to sea-level rise, comparable to the combined meltwater from Greenland and Antarctica
(Slater et al., 2021). In the European Alps, roughly 4,000 glaciers were cataloged around the year 2000 (RGI Consortium,
2023), but most are projected to disappear by the end of the century due to climate change (Zekollari et al., 2025) or have
already disappeared. At present, WWMW]OCM hydrology
(Koboltschnig and Schoner, 2011)
and hydroelectric power generation (Schaefli et al., 2019). In Switzerland alone, around 200,000 people live in areas directly

influenced by glacier meltwater, glacial lakes, or periglacial processes (Huss et al., 2017). Their retreat has already shifted

seasonal runoff patterns (Huss and Hock, 2018), increased slope-instability(Deline-et-al;2015; Islam-et-al5-2025)the risk of
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landslides (Haeberli et al., 2017), and led to the formation of new proglacial lakes-—Underseering-, underscoring the urgency to
better understand their evolution and associated risks in this densely populated region.

Accurate modeling of glacier evolution requires a realistic representation of both the surface-mass-balanee-Surface Mass
Balance (SMB) and the ice dynamics. The SMB quantifies all processes of surface accumulation and melt. Existing SMB

models range from simple temperature-index approaches to physically based energy balance models (2)-—Sinece-the-publication

of Hugonnet et ak-(2021)(Hock et al,, 2019). At the scale of individual glaciers or catchments, a wider range of calibration
data is typically available, including in-situ observations and weather stations. In contrast, at regional to global scales, SMB
model calibration has-eften-aimed-to-mateh-a-is more weakly constrained and has often relied on matching scalar geodetic mass
balance (Maussion-et ak2049: 2Jestimates derived from datasets such as Hugonnet et al, (2021), for example in Open Global
Glacier Model (OGGM) v1.6 (Maussion et al., 2023), PYGEM (Rounce et al., 2023), or more recently on snowline altitude
(Cremona et al., 2025). However, theses-approaches-stronghyreduees-these approaches strongly reduce the spatial information

contained in modern remote-sensing products, such as elevation change or velocity fields (Hugonnet et al., 2021; Sommer
et al., 2020). Efficient methods are therefore needed to assimilate such spatially distributed datasets directly into the calibration
process.

The representation of ice dynamics is equally essential for glacier modeling. Flow-line models remain widely used due
to their computational efficiency and ability to reduce glacier geometry to its key dimensions: length, thickness, and sur-
face elevation along a central flow line (Maussion-etat;2649;-2)—With-the-(Maussion et al., 2019; Rounce et al., 2023). In an
recently published study of Schmitt et al. (2025) they add inversion of thickness along the flowline to OGGM based surface
elevation, volume estimate and elevation change. This approach moves towards data assimilation, where multiple observational

constraints are combined to infer consistent glacier states. The recent development of the IGM 2)(Jouvet and Cordonnier, 2023
, it has become feasible to simulate three-dimensional glacier flow at reasonable computational cost. IGM also enables the inver-

sion for ice thickness and basa

additional sliding coefficient field that represents unresolved processes influencing surface velocity that are not explained b
ice thickness or bed slope alone. While satellite-based velocity products are increasingly available (Friedl et al., 2021; Millan

et al., 2022), they are rarely used for model calibration in large-scale glacier modeling frameworks.
Ensemble-based data assimilation methods such as the Ensemble Kalman Filter (EnKF) (Evensen, 1994) have gained trac-
tion in glaciology for parameter and state estimation. The EnKF offers a derivative-free alternative to adjoint-based methods

3} (Higdon et al., 2012; Iglesias et al., 2013; Schmitt et al., 2025), which, in contrast, re-
quire gradient computations and full access to the model internals. Applications include ensemble transform Kalman filter-

based parameter estimation (Bonan et al., 2014) and assimilation of surface observations in ice sheet models (Gillet-Chaulet,
2020). Variational approaches, such as adjoint methods (Goldberg and Heimbach, 2013), remain powerful but computation-
ally demanding. Recent work by Knudsen et al. (2024) and Herrmann et al. (2025) demonstrated the potential of EnKF for
calibrating SMB parameters in a synthetic glacier setting.

Building on the FROST introduced by Herrmann et al. (2025), we appty-it-to-calibrate SMB model parameters against
elevation-change observations from 2600-20+9-2000-2019 for the 409 glaciers in €entral-Europe-which-the European Alps
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that exceeded 1 km? in 2600-RGI7, This size threshold is chosen to ensure that glacier areas are sufficiently large to resolve
spatial patterns in elevation change and SMB relative to observational noise. The framework combines the three-dimensional

glacier evolution model IGM with an EnKF to iteratively calibrate elevation-dependent SMB parametersand-quantify—their
uneertainties. This approach enables the calibration of glacier-specific ELAs and mass-balance gradients, where the ELA rep-

resents the elimatic-boundary-between-altitude separating accumulation and ablation and the gradients describe how these pro-
cesses vary with elevation. We focus on leng-term-20-year spatial patterns of accumulation and ablation, as-multi-year-because

elevation-change observations over a longer time period provide more robust constraints compared to shorter periods (e.g.,
5-year). The inferred ELAs are validated against independent End-of-Summer Snow Line Altitude (EoS SLA) derived from re-

mote sensing (Sommer et al., 2026) and in-situ SMB measurements from GLAMOS (2023) and WGMS (2024), demonstrating

enables satellite-based calibration of SMB parameters at regional scale. This study provides a simplified test case for transient
data assimilation, where observations are assimilated at their time of acquisition. This enables a more accurate simulation of
glacier systems and leverages the growing availability of remote sensing data. The framework is readily extendable in this
direction, as the underlying EnKF is inherently designed for sequential data assimilation. By reducing the complexity of the
problem to one observation period, we provide a first step toward identifying challenges on the way to fully transient data
assimilation in glacier modeling.

2 Data and Method

The FROSTealibration FROST v1.0.0 pipeline (Herrmann et al., 2025) integrates the IGM ¢2)v3.0.0 (Jouvet and Cordonnier, 2023

) with the EnKF (Evensen, 1994) to estimate glacier-specific SMB parameters. The SMB model used here is an elevation-

dependent piecewise-linear function and does not take climate variables as input (Eq. 1).

acc (R — % if z>z 5
SMB(z) = Bace (2 —zELA) ELA "

Babi - (2 —2zEra) otherwise.

where z denotes the elevation of the glacier surface, zpy 4 the ELA, B4 and 44 the accumulation and the-ablation-gradient
ablation gradients, respectively. The EnKF is used to iteratively update SMB parameters by minimizing the misfit between

modeled and observed elevation change. The prior distributions of the SMB parameters are derived from the GLAMOS
=3144+ 166 m, =7.5542.68ma ‘km~!

lacier is set to three times these standard deviations.

dataset, with mean values over eleven glaciers during 2000-2019: z

=3.094+1.13ma 'km~!. The initial ensemble spread for ever
It is worth noting that IGM assumes a constant ice density of 910 kg m~3. A detailed description of the FROSTFROST
methodelegy-is provided in Herrmann et al. (2025).

The framework utilizes OGGM-shop to download, align, and pre-process surface elevation (Crippen et al., 2016), surface ve-

locity (Millan et al., 2022), thickness measurements (Welty et al., 2020), and glacier outlines from the RGI-Censertiam~(2023)
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RGI7 (RGI Consortium, 2023). The IGM 1
thickness and basal sliding includes several optimization parameters, which is-were manually tuned based on the-examples

5-v3.0.0 inversion for ice

provided in the IGM repository;—aiming-. The goal was to balance the tendency to overestimate thickness for small glaciers

against underestimation for large glaciers. We-tse-A first qualitative assessment was based on visual inspection (e.g. Figure
S4). Since the inversion of 409 glaciers is computationally costly, we tested a small number of different parameter sets and
selected the one that provided the best agreement with observed surface velocities. This evaluation was based on summar

statistics, including the mean, quantiles, and extremes of the velocity distributions.
As a calibration target for the EnKF, we use the elevation-change observations-product from Hugonnet et al. (2021), which

AARIAAANAAAA
provide-globally-gridded-glacier-wide-provides globally gridded elevation change rates between 2000 and 2649--2019 at 100 m
resolution. These rates are added to the NASADEM 2000-elevation data to reconstruct the 2019 surface topography, with the
associated uncertainties in elevation change propagated into the 2019 elevation uncertainty. The method-can-be-eastly-extended

to-otherregions-because-we-chose-thisglobal-datasetchosen calibration parameters, whose roles are described in more detail in

Herrmann et al. (2025), are an ensemble size of 36, an elevation bin size of 50 m, and six iterations. The exact code is available

2

at https://github.com/FAU- glacier-systems/FROST/tree/main/experiments/central_europe_submit.

For validation, we compare the calibrated SMB parameters with glaciological-measturements—provided-by-independent
laciological measurements from GLAMOS (2023) and WGMS (2024). Multi-year mean ELA values and SMB gradients are

derived from the-elevation-binned mass balance product—As-these-measuremen e-not-used-in-thecalibration-process;-the
ve-as-an-independentreference forassessine-the physical plausibility-of ourinferred parameters—Wesele

the 20-year mean for each elevation bin and fitting a bilinear function separated at the ELA. We added an explanatory figure to
the supplement (Fig. S10). For the a meaningful accumulation gradient, we require a minimum of three elevation bands with
positive mass balance. To ensure representative estimates of the period, we only include glaciers with more than five-ten years
of ELA data-to-ensure-a-stable;representative-valuefor-observations. Based on our sampling analysis, this corresponds to an
average uncertainty of approximately 25 m relative to the 20-year periodmean, with occasional outliers reaching up to 100 m

To further evaluate the inferred ELAs, we compare them to —Fhe-snew-lines-of glaciers-in-the Buropean-Alps-are-estimated
using-optical-remotesensingimages—from—the-End-of-Summer Snow Line Altitude (EoS SLA) derived from Landsat and
Sentinel-2 satellite-missions—We-distinguish-imagery (Sommer et al., 2026). The distinction between areas of bare glacier

ice and snow cover by-automatically-estimating-is automatically estimated by intensity thresholds from infrared reflectance
histograms based on Otsu’s method Otsu-(1979)(Otsu, 1979). Thereby, the glacier area covered by snow is identified due to the

relatively high near- (NIR) and shortwave-infrared (SWIR) reflectance of snow compared to bare ice or debris Hall-et-al-(1987)
(Hall et al., 1987). The date-specific snow line altitude is then derived by masking the surface elevations of the NASADEM
with the pixels ef-each-sateHite-image-that-are—classified as snow. For each glacier and year, the EoS SLA is defined as the
highest transient snowline observed during the late ablation season (15 AugustJuly—30 September). Estimates based on fewer
than three suitable satellite scenes were subjected to outlier detection, as a minimum of three scenes is required to ensure
sufficient temporal coverage of the late ablation period. For glaciers with at least ten valid years, values deviating by more than


https://github.com/FAU-glacier-systems/FROST/tree/main/experiments/central_europe_submit

125 +3-12 standard deviations from the glacier-specific mean were removed-—Fer; for glaciers with fewer than ten valid years, an
additional physical threshold was-applied;excluding-excluded EoS SLAs differing by more than 400 m from the mean glacier
elevation (RGI v7). The mean EoS SLA for 2666—264+9-2000-2019 was then computed from all non-flagged years —Asserves
as—a—pfexy—fer—aﬂfmal—fhedafase%pfewde&m an independent benchmark for evaluating the calibrated ELA values.

rt-For more details we refer to Sommer et al. (2026)

130 . The comparison is assessed using the Pearson correlation coefficient (Eg—??)-and-mean-absolute-error—

Z?:1(1'i —7)(yi — )
Vs (@i =22Vl (v — 9)?

T =

fhe—ﬂﬁfnber—ef—paifed%amp}e%Mean Absolute Error (MAE)

3 Results

135 We applied the workftow-method described in Section 2 to the glaciers in Central-Eurepe-the European Alps and calibrated
glacier specific ELA for thistegiond(09 glaciers. Here, we summarize regional patterns, validation against the- GEAMOS-dataset
dataset from Glacier Monitoring Switzerland (GLAMOS) and World Glacier Monitoring System (WGMS), and compare with
EoS SLA extracted from optical imagery.

3.1 Regional equilibrium line altitude distribution

140  Our calibration results yield an ELA range of-from 2540 to 3540 m a.s.1. for the Adps-in-theperiod-2000-2619period 2000-2019,
with a mean of 3158 ma.s.l. and a standard deviation of 157 m. The spatial distribution of modeled ELAs reflects the main
climatic gradients across the Alps: lower values occur along the northern and western flanks, while higher values dominate in
the higher inner Alps (Fig. 1). The equivalent maps for the calibrated gradients are provided in the supplements (Fig. S2 and
S3). While ELAs eorrelates-correlate with mean glacier elevation, no other systematic retation-relationship with glacier size or

145 aspect emerges at the scale of the entire Alps (see Supplementary-MaterialFig. S1), although in seme-subregions the observed

spread is likely influenced by hypsometry and exposure. Local deviations can further arise from shading, debris cover, and

other surface or topographic effects, which were not investigated in this study.

3.2 Validation with end-of-summer snow line altitude

The elose-mateh-between-modeled and observed elevation

150 and-medel-eutput-mean elevation change of the individual glaciers show a strong agreement (Fig. 2a)—Figure2b-shows-that
with a correlation of 7 = 0.88 and a MAE of 0.13myr~'. Also the ELA correlation with EoS SLA-based-proxies-exhibit-a

AR RRARAAIAR AR AANAARARAAAAAANANANRANAAAAS

stmilar-spatial-pattern, as indicated by a Pearson correlation of 0-62—The-mean-absolute-error-of 217-m-is-targely-0.64. The
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Figure 1. Coloured-cirelesshow-the-mean-Mean ELA of glaciers in the European Alps for the period 2006—20492000-2019, calibrated using

FROSTEFROST. Fhe-background-topography-Circle color indicates the ELA, and circle size is taken-frem-proportional to glacier area. Five
large glaciers are labeled with their names and the calibrated ELA in parentheses. Background topography © EuroGeographics.

MAE of 180 m is partly driven by a bias of 190-m—This-bias—+135 m, which can be attributed to a systematic underestimation

AARRAARAANARAA
of the EoS SLA, since the underlymg imagery Wmcapmre the day of maximum snowline

retreat. After ¢
the-mean-absolute-error-deereases-to-129-m-bias correction, the MAE decreases to 126 m (MAE*) (Fig. 2b).

3.3 Validation against glaciological observations

The modeled and observed ELAs e}ustef—afeuﬁd—fh&éﬂgeﬂal—tﬂdie&&ﬂg—&show consistent agreement across a range of
glaciers, with 7 = 0.74 and a
MAE MMMM%WMELA (3399 mass.l) than-observed
substanially excoeds the observed valge (3034masly i

areas-Consequently—. The mass balance gradients show considerably weaker agreement: the ablation gradient yields » = 0.12
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Figure 2. Comparison with observed glacier-wide elevation change (Hugonnet et al., 2021) and End-of-Summer Snow Line Altitude
(EoS SLA). Panel a shows modeled and observed elevation change, and panel b shows medeted-calibrated ELA and EoS SLA. Both panels
use hexagon density plots, where color indicates the number of glaciers per bin. The total sample number is 409. Pearson correlation coeffi-
cients (1), MAE, and mean-absolate-errors-bias-corrected MAE (MAE*) are givenreported in each panel.

and a MAE of 4.07mw.e.yr_'km™', and the accumulation gradient hﬂ&mﬂe—mﬂﬁeﬁe&eiﬁh&evefaﬂ—e}ev&ﬁeﬁfh%g%

The-correlation-between-ther = 0.22 and a MAE of 1.56 m w.e. ~1km~!. Modeled and observed mean elevation change

are in good agreement (rr = 0.94, MAE = 0.12 m w.e. yr_ "), as expected since it is used as

the calibration target. The Hugonnet

et al. (2021) elevation change dataset {used—for—ealibration)-and-and the glaciological mass balance observations {ased—for

M&mwwwﬂwmmww@m@w@&m@wgme
calibration target and the latter as an independent evaluation dataset. The ice-dynamic parameters underlying the-ealibration
suggests-that show broad agreement with observations that are used in the ice-dynamic eonstraints-are-broadty consistent
tcalibration, with 7 = 0.77 for ice thickness and 7 = 0.61 for surface velocity, Grosser Aletschgletscher is an outlier in both
thickness and velocity, and Plaine Morte is an additional outlier in the thickness comparison. These results are summarized

inareas—without-ebservations. The velocity comparison between modeled and observed values for all glaciers, along with
additional metrics including mean, quantiles, and extremes, is shown in Fig. S4.
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Figure 3. Validation against glaciological observations. Sub-panels show (a) EEAELA, (b) ablation gradient, (c) accumulation gradient, (d)
mean elevation change used as EnkF-EnKF target, (¢) comparison of calibration target and evaluation data, (e-hf) ice-dynamic-parameters
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4 Discussion

The results demonstrates that the FROST enables regional, observation-constrained calibration of SMB parameters and ELAs
across the European Alps. At the same time, the results highlight several limitations related to inversion settings, input data
uality, and model assumptions. In the following, we discuss the main sources of inaccuracies and their impact on the calibrated

arameters, and place the simplified experimental design of this study in the context of future developments toward full
transient data assimilation.

UNIFORM INVERSION SETTINGS  Achieving consistency between observed and modeled glacier velocity and thick-
ness typically requires glacier-specific tuning of the IGM inversion parameters. Applying a single parameter set to all 409
glaciers inevitably stretches the inversion®’s capabilities, as no systematic procedure for automated tuning currently exists
and manual adjustment for each glacier is not feasible. After extensive testing, we adopted a compromise parameter set for

IGM 3-0v3.0.0¢available-at-), balancing the tendency to overestimate thickness in small glaciers against underestimation in

large ones. Fhe-A visual indicator for the regional agreement with velocity observation were Fig. S4. Grosser Aletschgletscher
is particularly affected;-as— at 81 km? it is by far the largest glacier in the sample-with-an-area-of 81-km?(dataset, with the
second largest, Glacier-de-Corbassiere,covers16Pasterze, covering 18.5 km?)y—For-suchlarge-glaciersthe-current inversion
performs-lessaceurately, and-an-adapted-. The current inversion settings result in an underestimated ice thickness and surface

velocity for Aletschgletscher (Fig. S5), and the consequently reduced ice flux is compensated by a lower ablation gradient
in the calibration. An adapted inversion parameter set would yield more realistic ice-dynamic parameters and, in turn, more

hysically consistent SMB calibration. However, to maintain a broadly applicable workflow, we use-retain a uniform parameter

s-Future versions of IGM are expected to be less
sensitive to parameter settings and, in turn;-the-ealibration-of-the-parametersgeneral, more robust in reproducing the observed

velocity field and inferring realistic thickness fields.
Inaceuraciesin-the-input-datasets INACCURACIES IN THE INPUT DATASETS ~ Observation errors can propagate through the

calibration. Elevation-change products such as Hugonnet et al. (2021) rely on temporal aggregation and may exhibit regional
biaseslocal biases, particularly in accumulation areas with low surface contrast and steep slopes, where small horizontal errors
can translate into large vertical offsets. We also observed unrealistically high velocity patches in the surface velocity fields
from Mﬂ%a&e&al—(%@%%}w&for several glac1ers€P}mﬂeMefte—G}aewﬁdeiF%m&ﬂeﬂfeﬂ—W
Morte (Fig. S6) and Glacier du Gi

fluxes towards the glacier tongue. This increased flux is compensated by higher ablation ratesto-mateh-the-observed-elevation

changes, which drives the calibrated ablation gradient to unrealistically large values. This mechanism likely contributes to the
weak agreement in the ablation gradient (r = 0.12, MAE = 4.07mw.e. yr_ ' km 1) reported above, with Plaine Morte and

Glacier du Giétro representing extreme cases.
The-simplification-ofthe-ASSUMPTIONS OF THE SMB MODEL  The elevation-dependent SMB medels-to-the-elevation
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only-negleets-the-model neglects horizontal variability. This reduction to elevation is a common assumption in regional and
lobal-scale glacier modeling. Although SMB and elevation change are primarily governed by elevation, lateral differences are

not represented and can be significant, particularly in branching glaciers where flow and mass balance vary aeross-within the

same elevation band due to azimuth, shading and small-scale precipitation variability. The piecewise linear parameterization of
the mass balance profile is a reasonable first-order approximation, but does not fully capture the nonlinear altitudinal variability
observed in glaciological measurements (see Fig. S10). These simplifications may contribute to the weak agreement in the
ablation gradient. The accumulation gradient is additionally poorly constrained, as most glaciers in the European Alps have
lost much of their accumulation area over the period 2000-2019, leaving few observations to anchor the gradient. However,
since the accumulation gradient has a relatively minor influence on the overall mass balance compared to the ablation gradient
and ELA, this limitation is of secondary concern.

SIMPLIFIED TEMPORAL REPRESENTATION  The current study does not implement a fully transient data assimilation
framework, but instead relies on a simplified setup using a single observation period (2000-2019). This implies that temporal
inconsistencies between input datasets are not explicitly accounted for. In particular, the velocity product and RGI outlines
may represent different periods, and potential glacier slowdown in the 21st century is not captured. Similarly, ice thickness
observations are assumed to represent the glacier state in 2000, although they originate from years around 2000. These
limitations may affect the consistency of inferred parameters and initial conditions. Extending the framework toward a fully.
transient data assimilation scheme that integrates time resolved observations represents an important direction for future work.

EVALUATION DATASETS  Validation against EoS SLA-based proxies and GEAMOS-glaciological mass balance obser-
vations may show deviations that do not necessarily indicate calibration errors, but rather reflect that these products repre-
sent related, yet not identical, quantities. EoS SLA data are spatially aggregated and sensitive to threshold definitions, while
GEAMOS-mass balance data from GLAMOS and WGMS rely on interpolation between sparse stake measurements and may

not capture localized variability.

maiﬂehmaﬁeaﬂd—fepegf&phieeeﬂfre}%e&For laciers with limited temporal coverage (e.g., only 10 ELAaere%%—ehe—Aﬂlp%

observations within the study period, such as Glacier de la Plaine
Morte and Glacier de Tsanfleuron), the sampling uncertainty can reach up to 100m. A finer temporal resolution of the
SMB model would allow direct comparison with point measurements. In contrast, our evaluation is based on aggregated
and processed glaciological data.

5 Conclusion
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255

260

265

270

275

We-present-a—regional-workflow—to—calibrate-The presented framework provides a regional calibration of SMB parameters
representingfor the period 2000-2019, including estimates of ELAs for all glaciers larger than 1 km? aeross-in the European

The-workflow—suceessfully-reproduees—, Overall, the analysis demonstrates that the FROST reproduces SMB parameters

and large-scale ELA patterns across the Alps, shewing-with good agreement with glacielogical-observations-independent
observations from GLAMOS and WGMS, and consistent relationships to-with EoS SLA. Fhis-demeonstrates-that the-approach

at—a g1o1a arc—1evViatto aorattofi—ana

accumulation—gradientsreveal remaining-At the same time, the results highlight limitations. The st ati as
framework remains sensitive to data quality and the initialization of ice dynamics, with inaccuracies in the input datasets and
thickness inversion propagating into the calibrated parameters. Future versions of IGM are expected to reduce these effects

3

and improve SMB medel-and-uniform-inversion-parameters-eurrently imit RO performance—Tnacetraciest-input-data

Overall—the-The Python-based, fully-open-source FROST framework-demonstrates-framework integrates IGM within an

EnKF and offers strong potential for ealibrating—glacier-models—with-remotelysensed-observations—Future-developmen

ascombining multiple
remote sensing datasets. Here, we restrict the assimilation to a single observation period, providing a simplified test case.

However, the EnKF naturally enables sequential assimilation and the incorporation of observations at their time of acquisition.

Extending the framework toward transient data assimilation, including repeated elevation-change observations, snowline data,

or surface velocities, is a logical next step. With these refinements;-advances, FROSTFROST willenable-more robust-assimilation
of tie-dependent-observations for regional-gacier can enable more consistent and robust, observation-driven calibration of

glacier models for regional monitoring and projection.

Code availability. The workflow presented in this study is implemented in the open-source FROST framework, available under a permissive
license at https://github.com/FAU-glacier-systems/FROST. The underlying ice-flow inversion uses IGM version 3.0.0 (Jouvet and Cordon-
nier, 2023), which is also publicly available at https://github.com/jouvetg/igm. All scripts required to reproduce the regional calibration

experiments and figures are archived with the publication (see Supplement).

Data availability. The Hugonnet et al. (2021) elevation-change dataset is publicly available from https://doi.org/10.6096/13. Glacier outlines
are taken from RGI v7.0 (RGI Consortium, 2023), accessible at https://www.glims.org/RGI/. Surface Velocity data is available from Millan
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et al. (2022) and thickness measurements form Welty et al. (2020). Glacier-specific reference mass-balance data are provided by GLAMOS
(GLAMOS, 2023) and the WGMS (WGMS, 2024). The datasets are available at https://doi.org/10.18750/massbalance.2020.r2021 and https:
//doi.org/10.5904/wgms-fog-2026-02-10. The EoS SLA data set is available at https://doi.org/10.5281/zenodo.18223929 and the repository

containing the processing scripts at https://github.com/cr-sommer/snowy-glaciers.
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