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Satellite-based observations enable monitoring of glacier health metrics,
essential for assessing glacier response to climate change and the
environmental services they provide. Here, we present an open-source
tool for automated mapping of key climate- and mass balance-
modulated parameters, including total visible ice area, snow-covered
area, accumulation-area ratio, and snowline altitude. The tool uses
Landsat near-infrared reflectance, commonly used spectral band ratios,
and scene-specific thresholding to distinguish snow-cover from ice or firn
surfaces. Validation across 59 glaciers spanning 13 regions shows strong
agreement with manual interpretation of satellite imagery and weak
agreement with field observations from the World Glacier Monitoring
Service (WGMS) likely reflecting differences in methodology, observation
timing, and the transient nature of glacier surface conditions. While the
tool increases the availability of glacier observations beyond those
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provided by WGMS, these metrics should be interpreted as
complementary transient observations rather than direct substitutes for
end-of-season or field-based measurements. Beyond the glaciers studied
here, the tool is designed to enable accessible generation of multi-
decadal glacier health time series for individual glaciers with appropriate
user evaluation and consideration of known limitations. Thus, the tool will
hold value for a range of users, particularly for education, outreach, and
community stakeholders.
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Abstract

Satellite-based observations enable monitoring of glacier health metrics, essential for assessing glacier
response to climate change and the environmental services they provide. Here, we present an open-source
tool for automated mapping of key climate- and mass balance- modulated parameters, including total
visible ice area, snow-covered area, accumulation-area ratio, and snowline altitude. The tool uses Landsat
near-infrared reflectance, commonly used spectral band ratios, and scene-specific thresholding to
distinguish snow-cover from ice or firn surfaces. Validation across 59 glaciers spanning 13 regions shows
strong agreement with manual interpretation of satellite imagery and weak agreement with field
observations from the World Glacier Monitoring Service (WGMS) likely reflecting differences in
methodology, observation timing, and the transient nature of glacier surface conditions. While the tool
increases the availability of glacier observations beyond those provided by WGMS, these metrics should
be interpreted as complementary transient observations rather than direct substitutes for end-of-season or
field-based measurements. Beyond the glaciers studied here, the tool is designed to enable accessible
generation of multi-decadal glacier health time series for individual glaciers with appropriate user
evaluation and consideration of known limitations. Thus, the tool will hold value for a range of users,
particularly for education, outreach, and community stakeholders.

1. Introduction

Mountain glaciers and seasonal snowpacks act as crucial freshwater reservoirs, supplying water
for irrigation, hydroelectric generation, and a wide range of ecosystem services (e.g., Immerzeel and
others, 2020). In recent decades, Earth’s glaciers have been losing mass at an accelerated rate, marking a
retreat unprecedented in at least the last two thousand years (e.g., Hugonnet and others, 2021; Masson-
Delmotte and others, 2021; Calvin and others, 2023, Larocca and others, 2023). Community estimates of
global glacier mass changes since 2000 suggest that glacier mass loss is ~18% greater than that of the
Greenland Ice sheet (-262 Gt yr'! 2002-21 versus -223 yr! 2002-20, respectively) and more than twice
that from the Antarctic Ice Sheet (-111 Gt yr! 2002-20; Otosaka and others, 2022; The GlaMBIE Team,
2025). By 2100, global-scale projections estimate that glaciers will lose 26—41% of their mass relative to
2015, with 49—83% projected to disappear entirely (Rounce and others, 2023).

Glacier mass balance monitoring is vital for local hazard impact assessments and global climate
projections (e.g., Haeberli and Whiteman, 2015; Huss and Hock, 2018; Hock and others, 2019; Hugonnet
and others, 2021; Rounce and others, 2023; Ficetola and others, 2024). Notably, the major source of
uncertainty in predicting near-term glacier change (i.e., to the mid twenty-first century) lies not in the
emission scenario, but in the glacier models themselves (Marzeion and others, 2020; Schuster and others,
2023). These uncertainties arise in part from varying model sensitivities to air temperature and
precipitation, which respectively regulate ablation and accumulation processes (Meier, 1962; Braithwaite
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& Miiller, 1980). As a result, improving the availability and use of observational constraints is critical for
reducing uncertainty in glacier projections and their associated impacts (e.g., Wells and others, 2025).

The Randolph Glacier Inventory (RGI; RGI 7.0 Consortium, 2023) is the most widely used and
globally complete glacier observational dataset, on which most global-scale projections rely to define
initial condition or reference state (e.g., Hugonnet and others, 2021; Rounce and others, 2023; The
GlaMBIE Team, 2025). Although recently updated in 2023, the RGI represents a snapshot of the world’s
glaciers with a reference date of the year ~2000 (Fig. 1; Pfeffer and others, 2014; RGI Consortium, 2023).
In the ~25 years since then, global temperatures have continued to rise, leading to major changes in
glacier length, area, and volume worldwide (Rounce and others, 2023). As such, many glaciers have now
retreated within their RGI-defined boundaries, and some have disappeared entirely (e.g., Ramirez and
others, 2001; Huss at al., 2025; Van Tricht and others, 2025; Baruah and others, 2026; Serrano and others,
2026). Thus, globally consistent, time-varying glacier observations needed for glacier model calibration
and evaluation are largely lacking to date.

Less than 0.2% (<500) of the world’s >200,000 glaciers are monitored in situ (WGMS, 2023).
Satellite-based observations offer a means to monitor key metrics of glacier health over much broader
spatial scales (e.g., Rastner and others, 2019; Aberle and others, 2025). However, challenges such as
cloud cover, topographic shadowing, and spectral similarities between snow, ice, and firn have
complicated monitoring efforts across Earth’s diverse glacierized settings (e.g., Rastner and others, 2019,
Racoviteanu and others, 2019; Aberle and others, 2025). To address some of these challenges and expand
accessible space-based observations of glacier state, we developed a user-friendly, open-source Google
Earth Engine (GEE) tool that enables users to automatically quantify several indicators of glacier health
from the year 1985 to present. Here, we use the term “glacier health” to refer to a range of indicators: total
visible ice area (TA), snow-covered area (SCA), snowline altitude (SLA), and accumulation-area ratio
(AAR). These glacier surface variables are observable from satellites and are closely linked to climate and
surface mass balance processes.

To validate the tool, we compared our satellite-based observations (a total of 1,531 observations
spanning 40 years) for a set of 59 glaciers with (1) long-term in situ field-based measurements from the
World Glacier Monitoring Service (WGMS, Fig. 1), and (2) manual digitizations of end of season SCA
and TA. These new data will enable direct comparisons between satellite-derived and modeled glacier-
specific metrics, local climatological data, and glacier morpho-topographic variables, offering much-
needed insights into glacier-climate sensitivity across diverse climate and topographic settings. The tool
will also facilitate broader use of these data by non-specialist users, including educational applications.

Figure I near here.
2. Methods
2.1. Glacier health metrics

We focus on the following four glacier health metrics which capture changes in glacier geometry
and surface facies (e.g., snow-, firn- and ice-covered areas) in response to local climatic controls on
accumulation and ablation (Fig. 2):

(1) snow-covered area (SCA, km?), representing the zone of accumulation where mass gained via
annual snowfall exceeds melting;

(2) snowline altitude (SLA, m), defined as the lower limit of the SCA or the average elevation of
the transition between snow-covered and ice- or firn-covered (ablation zone) surfaces (Cogley and others,
2011). When measured at the end of the balance year (and given no superimposed ice zone), the SLA may
be used as a proxy for the equilibrium line altitude (ELA; e.g., Rabatel and others, 2012. 2013; Larocca
and others, 2024), the elevation at which the annual net mass balance is zero (Cogley and others, 2011);

(3) total visible ice area (TA, km?), representing the spatial extent of the glacier (i.e., bare ice area
plus snow area, not accounting for debris covered ice); and

Cambridge University Press



101
102
103
104
105
106
107
108

109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127

128
129
130
131
132
133
134
135
136
137
138
139
140
141
142

143

144
145
146
147

Journal of Glaciology Page 30 of 71

(4) accumulation-area ratio (AAR, unitless), defined as the ratio of the accumulation area (SCA)
to the TA, for debris-free glaciers. As adjustment of glacier geometry (i.e., TA) is lagged relative to
climate forcing, the AAR can indicate the extent of imbalance relative to current climatic conditions
(Benn & Evans, 2010).

Figure 2 near here.
2.2. Study glaciers

For the analyses presented here, we derived the four glacier health metrics for a set of 59 well-
monitored glaciers with long-term, field-based mass-balance observations archived by the WGMS
(referred to hereafter as study glaciers; Fig. 1 and SI Table 1). This set represents a subset of the 70
glaciers reported by Ohmura and Boettcher (2022), selected based on data quality, duration of
observations (i.e., those with multi-decadal annual mass-balance records), suitability for satellite-based
analysis (i.e., outside Antarctica), and size (i.e., large ice caps were excluded). Within these 59 study
glaciers there are 45 land-terminating and 15 lake-terminating glaciers (defined as having a lake inside or
intersecting the RGI boundary). We also note that none of the 59 study glaciers exhibit extensive debris
cover.

All metrics were measured annually between 1985 and 2024 using a single satellite image per
glacier and year, selected within a £1 month window centered on the month best approximating the end of
the ablation season for each location (we note that in some years, a suitable image was not available for
every glacier; see Section 2.3 and SI Table 1). The target month was approximated based on region and
the average survey month from which WGMS data is available. Although this sample represents only a
small fraction of the world’s glaciers, the selected glaciers span a wide range of geographic and climatic
settings and are distributed across 13 of the 19 first-order regions defined by the RGI (Fig. 1; RGI
Consortium, 2023). The subsequent validation focuses on this subset of well-observed glaciers, while the
underlying methodology of the tool is designed with the broader goal of being applicable to any glacier or
glacier complex within the RGI (without extensive debris cover; see Section 2.3 and 4.3).

2.3. Cloud-based satellite imagery analysis

Our workflow (Fig. 3), implemented in GEE, integrates satellite imagery across multiple sensors
(Landsat 5, 7, 8, and 9) to automatically derive annual glacier-specific health metrics across a 40-year
period (SI Table 2). To avoid introducing additional complexity associated with integrating imagery from
multiple satellites with different spatial resolutions and spectral characteristics, we limited the workflow
to Landsat imagery, which has the unique advantage of multi-decadal temporal coverage (e.g., Sentinel-2
was not included because it lacks a thermal band used in our water-masking approach, while the coarse
spatial resolution of MODIS is insufficient for many of the glaciers considered here). While Landsat
imagery is available beginning in 1984, we chose to set our observation start year to 1985, as most study
glaciers did not have sufficient imagery in 1984. Specifically, the algorithm integrates terrain-corrected
multispectral Landsat imagery with established spectral indices, e.g., the Normalized Difference Snow
Index (Dozier, 1989; Riggs and others, 1994; Hall and Riggs, 2010), band ratios, and automated
thresholding techniques (Otsu segmentation; Otsu, 1979) to characterize glacier surfaces (i.e., to delineate
snow versus ice or firn), as described below.

Figure 3 near here
A single image per year is selected to maintain computational feasibility within GEE. Processing
and/or rendering multiple images per year frequently exceeded GEE memory limits, resulting in task

failures and timeouts. In addition, recent changes to GEE’s noncommercial usage model have introduced
quotas that further limit large-scale analysis. Therefore, although our workflow aims to identify the ‘best’
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image within the target month (i.e., the month best representing end-of-ablation season conditions, ideally
prior to accumulation season snowfall events), we recognize that the selected image may be acquired up
to several weeks before or after the true end of the mass-balance year. To select a single image per glacier
and year, we use a two-step procedure that balances image quality with seasonal representativeness.

Landsat scenes are first identified within a 1 month window centered on a target month. To
prioritize the target month, the algorithm first searches within the target month only using a strict cloud-
cover criterion (user-defined maximum cloud cover minus 5 percentage points). If one or more scenes
meet this criterion, the least-cloudy target-month scene is selected for that year. If no target-month scene
meets the criterion, the algorithm falls back to the broader +1 month window and selects the least-cloudy
scene meeting the user-defined maximum cloud-cover threshold (Fig. 4). For example, if August is the
target month and the maximum allowable cloud cover is 20%, the workflow preferentially selects August
scenes with cloud cover <15%; if none are available for a given year, it selects the best available scene
from July or September (<20%). This approach increases the fraction of target-month acquisitions while
limiting increases in average scene cloudiness. We note that Landsat 7 imagery acquired from 2003
onwards are excluded due to data gaps associated with the Scan Line Corrector failure, rendering them
unsuitable for use in our analysis. Maximum cloud cover and minimum sun angle were set to 20% and
20°, respectively, for the 59 glaciers studied.

Cloud cover is assessed from the QA PIXEL band, where Bit 3 stores the high-confidence cloud
flag from the CFMask algorithm (Zhu and others, 2015). A binary mask of flagged pixels within the
glacier boundary is used to estimate the percentage of cloud covered pixels (and this value is appended to
the output file as cloud pct roi). However, this mask is known to perform poorly over snow- and ice-
covered terrain because these bright, highly reflective surfaces can be difficult to distinguish from clouds,
often resulting in cloud-cover estimates that are biased high over glacierized regions (Stillinger and
others, 2019). Therefore, we retain cloud pct roi metadata as a diagnostic flag and suggest that users use
this information to identify and evaluate potentially problematic observations.

Following selection of annual images and using a chosen digital elevation model (DEM), the
Ekstrand correction (Ekstrand, 1996), a topographic normalization technique, is applied to account for
illumination differences arising from sun elevation, incidence angle, and terrain shadowing, typical of
mountainous glacierized environments (SI Fig. 1). After terrain correction, a masking procedure adapted
from Moussavi and others (2020) is applied to reduce misclassification from surrounding rock and water
surfaces. The masking is based on a thermal infrared—to—blue band reflectance ratio combined with a blue
reflectance threshold. Because the original masking approach was optimized for seawater, and glacial
lakes are often brighter due to suspended rock flour, multiple threshold combinations were evaluated to
balance removal of surrounding rock and glacial lakes while minimizing over-masking of true snow and
ice glacier surfaces. Masking options are classified as light, moderate, or high where the thermal-to-blue
reflectance ratio threshold and blue thresholds are set at >0.9 and <0.1, >0.9 and <0.2, and >0.85 and
<0.2, respectively. In general, the moderate threshold was found to be most effective for our study
glaciers (see Section 2.4; SI Fig. 2). Thus, in most cases masking was set to the moderate option or to Off
(the former for study glaciers that terminate in or near a lake; see SI Table 1). The light and high options
are intended for cases in which the moderate option either over-masks glacier surfaces or under-masks
rock and water features, respectively.

Figure 4 near here.

Once masked and terrain-corrected, each image is used to derive the four primary metrics of
glacier health: SCA, SLA, TA, and AAR. TA is calculated using a dual-threshold approach combining the
NDSI >0.4 and a near-infrared (NIR)—to—shortwave infrared (SWIR) reflectance ratio (NIR/SWIR1 >1.4)
to distinguish snow- and visible ice-covered glacier area from water, rock, and bare earth surfaces. Next,
the SCA is derived from the TA using Otsu’s thresholding method applied to terrain-corrected NIR
reflectance (Fig. 5a). This approach identifies an image-specific reflectance threshold from each NIR
histogram and is used to distinguish snow-covered from bare ice pixels within the previously defined total

4
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glacier area (Fig. 5b; Otsu, 1979; Rastner and others, 2019). Importantly, this approach extends beyond
the limitations of visible light by exploiting contrasts in NIR reflectance where snow reflects strongly and
bare ice is more absorptive (Warren, 2019). This allows snow-covered and bare ice boundaries to be
identified even when they are not visibly discernible. Moreover, the Otsu-derived threshold is image-
specific, avoiding reliance on a fixed reflectance threshold that may not perform consistently across
different images and glacier settings. The Otsu thresholding approach assumes a bimodal NIR reflectance
distribution. However, this assumption may not hold for images acquired during or shortly after snowfall
events, where the glacier surface is mostly or fully snow-covered and thus the secondary peak may be
weak or absent. Such cases may result in anomalously high or low snowlines. To identify these cases, the
workflow evaluates the histogram’s shape and returns one of four quality flags (‘ok’, ‘secondary peak too
small’, ‘class imbalance’, or ‘empty histogram’), which are written to the output file. This enables the
user to identify and remove years of anomalous snowlines. These flags are intended as diagnostic
information to support post-processing and quality control (i.e., images are retained in the final export
rather than being automatically excluded from analysis).

Glacier areas (TA and SCA) are calculated by summing classified pixels multiplied by pixel area
(30 m resolution) and are reported in square kilometers. Next, the AAR is calculated as the ratio of the
SCA to the TA. Finally, the SLA is determined by identifying the glacier elevation that corresponds to the
fraction of glacier area lying below the snowline (i.e., 1 — AAR). For example, for a glacier with an AAR
of 0.6, the SLA corresponds to the elevation at which 40% of the total glacier area lies below, equivalent
to the 40th percentile of the glacier’s area—elevation distribution. We note that in the case where the entire
glacier surface is ice-covered (i.e., AAR = 0), the SLA will correspond to the 100th percentile of the
glacier’s area-elevation distribution. Our approach is conceptually similar to that of Kraj¢i and others
(2014) hypsometrical approach as well as the snow-cover classification workflow in Aberle and others
(2025). Other approaches using optical imagery have derived SLA from manual delineation in true or
false-color image composites (e.g., Rabatel and others, 2013; Larocca and others, 2024), from the lowest
two percentiles of the snow-covered surface (Loibl and others, 2025), or from the lowest elevation bin
within a sequence that is >50% snow-covered (Rastner and others, 2019). We adopted a hypsometric
approach because the snowline is often irregular, and discontinuous or patchy, and is therefore commonly
represented as a zone rather than a discrete line (e.g., Rastner and others, 2019). Deriving SLA from the
elevation distribution provides an estimate of snowline elevation that does not rely on explicit delineation
of individual snowline boundary pixels. However, we note that because SLA is derived from AAR, which
itself depends on the classification of the glacier surface, uncertainties in the surface classification
propagate into the resulting SLA estimates.

We evaluated the sensitivity of our results to the choice of SLA derivation approach by
comparing our approach against four alternative methods: (1) the minimum elevation of snow-covered
pixels (Lowest Snow), (2) the lowest elevation bin containing at least 75% snow cover, with a fallback
threshold of 60% if 75% was not reached (Band), (3) the elevation at which snow cover within elevation
bands crosses 50% (Transition50), and (4) the elevation at which snow cover within elevation bands
crosses 75% (Transition75). Relative to our approach, the Lowest Snow method produced substantially
lower SLAs (median difference = —175 m), whereas the other methods yielded comparatively small
differences (median differences of —14, —31, and +13 m, respectively; SI Fig. 3). These results suggest
that the choice of SLA definition introduces relatively modest uncertainty compared to other limitations,
such as image acquisition timing. Furthermore, the strong agreement between our automated and
manually derived SLAs suggests that the selected method provides a reasonable approximation of the
snow—ice/firn transition. We additionally note that because the timing of minimum snow cover can vary
by several weeks (e.g., Aberle and others, 2025), SLAs derived from a single annual image should be
interpreted as a transient observation and likely do not capture the true end-of-season ELA.

Elevations used in the study glacier SLA calculations were obtained from either the ArcticDEM
(2 m mosaic; Porter and others, 2023) or the Copernicus GLO-30 DEM (COPDEM; European Space
Agency, 2024), depending on data availability for each glacier location (SI Table 1). Both products are
multi-temporal composites with acquisition periods spanning ~2007-2024 and ~2010-2015, respectively.
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The tool also contains an option to use the 30 m NASADEM (Crippen and others, 2016) released in 2020
and based on a reprocessing of Shuttle Radar Topography Mission radar data acquired during an eleven-
day window in 2000. To assess the sensitivity of the derived metrics to DEM choice, glacier health
metrics were generated for a subset of 23 glaciers with coverage from both COPDEM and NASADEM.
The resulting differences are discussed in Section 4.2. Extracted data for the 59 study glaciers include
annual glacier metrics, satellite imagery metadata, all imagery flags, TA and SCA area-elevation
distributions, and annual TA and SCA shapefiles.

Figure 5 near here.
2.4. The Graphical User Interface

The graphical user interface (GUI) allows users to specify key processing parameters, enabling
customization of the workflow for individual glaciers with step-by-step instructions available via a
GitHub repository (see Data Availability Statement). Upon loading, the GUI prompts the user to select
either the RGI glacier product or the RGI glacier complex product (Step 1). The latter product is new to
RGI v7.0 and merges connected glaciers into one entity, while in the former, individual glaciers are
represented separately (RGI Consortium, 2023). The RGI glacier product is also available through the
GEE Community Catalog if the user prefers loading the dataset themselves. Further information about
accessing the GEE Community Catalog dataset is located in the Data Availability statement and through
the GUI’s GitHub documentation.

Once the selected dataset is loaded, the GUI enables the user to select the glacier of interest by
clicking within its boundary (Step 2). Clicks outside a glacier outline trigger an error notification
indicating that no glacier has been selected, prompting the user to repeat the selection. Once selected, the
algorithm highlights the glacier of interest, and a default 50 m buffer is applied to the glacier outline. This
buffer can be adjusted by the user from 0 to 200 m in 50 m increments. To prevent inclusion of areas
belonging to neighboring glaciers, outlines are clipped along shared boundaries, such that buffering is
applied only to boundaries unique to the glacier of interest. Since the RGI represents a temporal snapshot
of global glacier extent centered roughly around the year 2000 and our workflow derives glacier health
metrics beginning in 1985, the buffer ensures the inclusion of ice outside the RGI margins during years
prior to the outline source date.

In the GUI (SI Fig. 4) the left panel provides user controls for specifying imagery acquisition
parameters (Collect Imagery) and processing options (Processing Options; Table 1). Required inputs for
imagery collection include a glacier name or ID (used for export file naming), the start and end years of
interest, a target month (1-12; typically corresponding to the month best representing the end of the melt
season), the maximum allowable cloud cover (0—100%), and the minimum sun angle (0-90°). By default,
the maximum end year corresponds to the most recent year of available imagery (e.g., 2026, at present).
Once imagery is collected (Step 3), the console (right panel) reports the total number of candidate images
(i.e., images that meet the user-defined criteria), as well as metadata (cloud-cover percentage) for the
annually selected images, chosen as the least-cloudy scene. The map view displays the glacier outline as
the region of interest (ROI) and the earliest annually selected image rendered in true color (RGB). We
note that imagery acquisition parameters can be modified, and the procedure repeated, to evaluate
alternative image selections under different criteria.

Following imagery selection, users specify the DEM (either the COPDEM, NASADEM, or
ArcticDEM) and the rock/water masking strength under Processing Options. A validation check confirms
that the selected DEM covers the ROI (Step 4). The rock/water masking (Step 5) is then chosen using one
of three predefined levels: light, moderate, and high, corresponding to progressively stricter masking or
disabled if not required using the Off option (SI Fig. 2). Once Run Analysis (Step 6) is initiated, the
algorithm is executed using the specified parameters for all selected years. Derived glacier health metrics
for the first annually selected image are reported within a feature collection in the console, and the
corresponding SCA and TA masks are displayed in the map view. The analysis can be re-run after
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modifying the selected parameters. Each new execution refreshes the map layer, and new results are
reported in the console. When glacier metrics for a given year require further inspection (e.g., appear
anomalous or are flagged), the user may enter that year as the ‘start year’ to view the corresponding
imagery in the map view. All outputs generated by the analysis are listed in the Tasks tab and can be run
to export results to Google Drive (Step 7). Outputs include (1) a CSV file containing annual glacier
metrics (TA, SCA, AAR, and SLA), uncertainties, imagery flags, and satellite imagery metadata, (2)
annual TA and SCA polygon shapefiles (Fig. 5b), and (3) CSV files containing annual TA and SCA area-
elevation distributions (i.e., pixel counts aggregated into 50 m elevation bins).

Table I near here.
2.5. Tool validation and uncertainty

To evaluate the performance of the GEE-based tool (hereafter we use tool) and estimate
uncertainty, we compare annual glacier health metrics derived from the tool with observations from the
WGMS and with manually digitized data for the 59 study glaciers. Specifically, tool-derived metrics are
compared with the following annual WGMS field-measured observations when available (from the 2024
Fluctuations of Glaciers Database mass_balance overview.csv and mass_balance.csv files; WGMS,
2024): ELA (mean elevation averaged over the glacier of the end-of-mass-balance-year equilibrium line,
m), accumulation area (km?), ablation area (km?), and annual balance (mass balance over the hydrological
year, mm w.e. ~ kg m?). We also compute WGMS TA (km?) as the sum of the accumulation and ablation
areas and WGMS AAR (unitless) as the accumulation area divided by the TA. We assume annual WGMS
observation dates from the survey date (YYYYMMDD) in the state.csv file when available.

To provide an independent benchmark for evaluating tool performance, manual digitizations were
conducted for a subset of glacier—year combinations. For each of the 59 study glaciers, four Landsat
scenes were randomly selected from the set of images analyzed by the tool. Using these images (n = 236)
and their corresponding RGI outlines, SCA and TA were manually delineated as polygons using false-
color Landsat imagery (NIR-red—green composites; SI Fig. 5). SLA was subsequently calculated from the
manually digitized polygons using the same DEM-based percentile method applied in the tool workflow,
and AAR was calculated as the ratio of manually derived SCA to TA.

Tool performance was quantified using the mean bias, root-mean-square error (RMSE), mean
absolute error (MAE), and Pearson correlation coefficient () between tool-derived and reference values
(WGMS and manual). Uncertainty in tool-derived glacier health metrics was defined from comparisons
with manual digitizations only (see Section 4.1). Specifically, for each metric, uncertainty was quantified
as the median absolute percent difference between tool-derived and manually digitized values across all
glacier—year pairs. The resulting values are applied as fixed percentage uncertainties for all tool-exported
values. For example, a tool-derived TA (+5%) of 50 km? is reported with an uncertainty of 2.5 km?,
while a TA of 10 km? is reported with an uncertainty of +0.5 km? (see Results 3.1).

In addition, we assess and compare tool- and WGMS-derived changes in glacier health metrics
over the 40-year period across the 59 study glaciers and compare tool-derived metrics with annual mass
balance from the WGMS. Because the study glaciers differ in size, geometry, and climatic setting, TA
and SCA values are normalized within each glacier relative to the median of all available observations
within the 1985-2024 period. Values are expressed as percent change relative to this baseline and
summarized across glaciers for each year using the median and interquartile range (IQR). SLA/ELA data
are analyzed as anomalies relative to the same baseline period. Lastly, to quantify how well our tool-
based observations complement, rather than replace, WGMS field-based monitoring, we assess the
increase in temporal observational coverage provided by the tool for the same glaciers.

3. Results

3.1 Post processing
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Application of the tool to the 59 study glaciers resulted in 1,531 observations over the 40-year
period. To remove observations potentially affected by snowfall, cloud cover, or shadowing that were not
excluded during the initial imagery collection process, we applied a glacier specific quality-control filter
based on scatterplot smoothing (LOESS). Because SCA, SLA, and AAR can exhibit substantial
interannual variability, whereas TA is expected to evolve more gradually (i.e., as a lagged response to
climate), TA was used to identify anomalous observations within our dataset. For each glacier, a LOESS
curve (frac = 0.45) was fitted to the TA time series to estimate the glacier’s trajectory through time.
Residual variability about the fitted curve was quantified using the median absolute deviation, scaled to
an equivalent standard deviation. Glacier-years with residuals exceeding +2.5 standard deviations were
flagged and removed (SI Fig. 6). This resulted in the removal of 176 observations (11.5%), bringing our
observation total to 1,355. The study glaciers were binned into equally distributed size categories (small:
0.04 — 2.97 km?, n=20; medium: 2.98 — 9.09 km?, n=20; large: >9.1 km?, n = 19) and the filtering rates
were broadly similar across glacier size categories (small: 11.1%, medium: 14.7%, large: 6.9%). We note
that we did not remove any additional observations based on imagery flags (e.g., the NIR histogram or
cloud cover assessment).

3.2 Tool validation and uncertainty

SLA/ELA shows the strongest agreement among the four metrics for the tool-derived—WGMS
comparisons (= 0.99; SI Fig. 7). However, the relationship is weak when SLA/ELA values are
expressed as an anomaly relative to each glacier’s median tool-derived SLA (r = 0.20; Table 2 & Fig. 6).
A negative bias (—112 m) suggests that tool-derived SLAs are, on average, lower than WGMS ELAs.
Restricting the comparison to observations acquired within +7 days of the WGMS survey date reduced
the mean SLA bias from —112 m to —61 m, indicating that acquisition timing contributes to the observed
discrepancy. Tool-derived estimates of SCA and TA also agree well with WGMS observations of
accumulation area (» = 0.90) and total area (computed as the sum of the reported accumulation and
ablation areas; = 0.97), in absolute terms, but correlations are weak when values are normalized to
account for between-glacier differences in size (» = 0.26 and r = 0.22, respectively). Mean biases suggest
the tool generally overestimates SCA and TA relative to WGMS (+ 2.1 km? and + 0.4 km?, respectively).
Because glacier size varies across the study sample, we also report median absolute percent differences of
46% for SCA and 9% for TA.

Comparison with manually digitized data demonstrates stronger agreement across all glacier
health indicators (Table 2 & Fig. 6). Tool-derived SLA shows a strong correlation with manual SLA
estimates in absolute terms (7 = 0.99) and when values are expressed as anomalies ( = 0.73), with a bias
of 18.5 m and an RMSE of 83.3 m. SCA and TA also show good agreement with manual observations
(e.g. four randomly selected images per glacier; SI Fig. 5) in absolute terms (» = 0.98 and » = 0.99,
respectively) and when values are normalized to account for between-glacier differences in size (» = 0.73
and r = 0.59, respectively). Biases of —1.0 km?and —1.5 km? indicate an underestimation of SCA and TA
relative to manual delineations. Based on comparisons with manual delineations, typical relative
uncertainties (derived from median absolute percent differences) in the tool-derived metrics are estimated
to be £1% for SLA, £10% for SCA, and £5% for TA. We also compare per-glacier WGMS- and tool-
derived glacier health metrics (TA, SCA and SLA/ELA) with WGMS records of annual mass balance
(Fig. 7 and SI Fig. 8). Median per-glacier Pearson correlation coefficients (r) are TA (r =0.43, 0.39),
SCA (r=0.37, 0.88), and SLA/ELA (r=—0.30, —0.89), for the tool and WGMS, respectively. The tool
performs well relative to manual delineations; however, we note that agreement is overall weak for tool—
WGMS comparisons. This could be due to a variety of reasons including methodological and data
acquisition date differences between the two datasets (see Discussion 4.1.).

Table 2 near here.
Figure 6 near here.
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402 3.3. Change in glacier area over time

403

404 Across the 59 study glaciers, both the tool-derived and WGMS observations indicate substantial
405  long-term changes in glacier area (Fig. 7). Linear regression of annual median values (summarized across
406  glaciers) indicates a tool-derived decline in SCA of 8% per decade (p < 0.001), corresponding to a total
407  decrease of ~30% over the four-decade study period. In contrast, WGMS observations indicate a much
408  stronger decline of 14% per decade (p < 0.001), equivalent to a ~54% reduction. TA shows a more

409  gradual decline and better agreement between datasets, with trends of —5% per decade (p < 0.001; total
410  —20%) and —3% per decade (p < 0.001; total —13%) for the tool and WGMS, respectively.

411 Temporal trends in SCA derived from WGMS observations are steeper than those derived from
412 the tool, likely reflecting differences in observation timing within the ablation season between the two
413  datasets (see Discussion section 4.1.). Despite these differences, both datasets indicate declining glacier
414  areas (with changes in TA occurring more slowly relative to changes in SCA) between 1985 and 2024.
415  Considering all glacier—year combinations across the 59 study glaciers and 40-year period (2,360

416  potential observations), the tool returns results for ~65% of cases (1,531 observations). In total, the tool
417  yields 803 and 206 additional observations of SCA and ELA, respectively, substantially increasing the
418  total number of available observations.

419

420  Figure 7 near here.

421

422 4. Discussion

423

424 4.1. Interpreting differences between satellite-derived and field observations

425

426 Overall, the tool reliably captures glacier surface conditions from optical satellite imagery and

427  agrees well with manually derived metrics (see Section 3.1.) supporting the underlying methodology and
428  the use of the tool for generating transient observational data for unmonitored glaciers. However, we
429  observe a weak overall agreement between the tool-derived glacier health metrics and WGMS records.
430  We suggest that this is likely reflective of methodological differences and temporal mismatches between
431  the satellite-derived and field-based observations.

432 WGMS observations are compiled from a global network of investigators and are primarily

433  obtained using distributed ablation stakes and snow pits taken as point measurements and inter-

434  /extrapolated across the glacier surface, from which quantities such as ELA and AAR are derived (Zemp
435  and others, 2009). Survey platform methods for WGMS measurements of glacier length, area, and

436  elevation range also vary between investigators and glaciers (e.g., terrestrial, airborne, spaceborne). In
437  contrast, the tool derives annual space-based glacier health metrics from spatially continuous

438  classifications of glacier surface conditions. Additionally, we use the RGI v7.0 outlines with a 50 m

439  buffer applied. Although this likely captures past (pre-2000) glacier extents, the resulting maximum

440  boundary is fixed in time and does not account for any extents beyond this boundary.

441 Field-based surveys are typically conducted near the end of the mass-balance year, usually at the
442  end of the ablation season when the mass of the glacier is at the annual minimum (Cogley and others,
443  2011). In comparison, the tool relies on a single annual satellite image selected to best approximate end-
444  of-ablation season conditions. However, accurately capturing end of the ablation season conditions is
445  limited by Landsat’s revisit interval (i.e., temporal resolution of ~16 days), frequent cloud cover, and
446  GEE memory limitations, which restricts the ability of the tool to analyze multiple images per year. As a
447  result, WGMS observations are not directly comparable with single-date satellite observations which
448  capture transient conditions. The mean temporal offset, Tool — WGMS, is ~20 days (SI Fig. 9), however
449  we note that this could be further reduced with the use of multiple satellites. Thus, our comparisons may
450  involve non-coincident observations (e.g. a mid-September satellite image compared with a late-August
451  field survey), and tool observations were, on average, acquired later than the corresponding field

452  observations. Further, in years with late-summer or early-fall snowfall events, satellite scenes may depict
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snow-covered glacier surfaces that do not represent true end-of-balance-year conditions. Our workflow
aims to identify images in which the glacier is fully snow-covered through analysis of the NIR band’s
histogram. However, this approach produced mixed results in its ability to flag snowy images (SI Fig.
10). While the NIR histogram assessment can be useful for identifying potentially problematic scenes and
guiding visual inspection, it should be interpreted with caution and not as a definitive indicator of image
or classification quality.

These temporal mismatches are most problematic for variables that rely on the position of the
snowline (ELA/SLA, SCA, and AAR) as it migrates through the melt season (e.g., Mernild and others,
2013). This limitation has been noted in other studies that have mapped snow extent on glaciers using
multi-temporal Landsat satellite imagery (e.g., Rastner and others, 2019; Larocca and others, 2024). In
addition to these temporal limitations, we note that the SLA is not always strictly equivalent to the ELA
(i.e., in cases where there is a superimposed ice zone; Cogley and others, 2011). We also note that for
comparisons to the mass balance data, it is natural the WGMS dataset has a much higher agreement as the
mass balance dataset is supplied through the WGMS database, reflecting internal consistency and not
necessarily independent validation.

The data provided by the WGMS are geographically biased to the Northern Hemisphere and are
subject to occasional errors, inaccuracies, and missing metadata (e.g., Zemp and others, 2009; Ohmura
and Boettcher, 2022). The set of glaciers used to evaluate the performance of the tool reflect this same
uneven global distribution, as they were selected from the small subset of glaciers worldwide that possess
long-term field-based records. In a review of the worldwide monitoring network, Zemp and others (2009)
suggest that WGMS data may contain difficult-to-quantify systematic and random errors and that these
data should therefore be quality-checked against related literature prior to use. In our analysis, obvious
errors (e.g. misplaced or missing decimal points and reported zeros in accumulation area with ELAs
below the glacier’s maximum elevation) were corrected or excluded (we note that in the latter case the
reported ELAs were retained) where possible before comparison with the satellite-derived data. Zemp and
others (2009) also suggest that the accuracy of the summer balance and ablation-area observations
generally exceeds that of the winter balance and the accumulation-zone observations.

In summary, interpretation of the differences between the WGMS and tool-derived observations
requires consideration of both methodological differences and uncertainties in the two datasets. For
instance, WGMS observations are derived from field surveys that differ in survey method, spatial
coverage, and the approach used to determine ELA and its elevation. In contrast, the tool derives SLA
from satellite imagery using a DEM-based hypsometric approach and is influenced by DEM choice,
image acquisition timing, and the transient nature of glacier surface conditions (see Section 4.2.).
Together, these methodological differences and uncertainties likely contribute to the observed biases
between the datasets, although disentangling their relative contributions is not possible given the likely
variability in WGMS field data collection methodologies between individual glaciers.

4.2. Tool limitations and design choices

The spectral characteristics of seasonal snow, glacier ice, and firn are similar in optical satellite
imagery, with the reflectance signatures of snow and firn exhibiting the greatest overlap (e.g., Fig. 1 in
Aberle and others, 2025). This similarity can complicate glacier snow cover mapping because
misclassification of firn as snow can lead to an overestimation of the seasonal snow-covered area and an
underestimation of the ELA/SLA. In such cases, the inferred boundary will correspond to the firn-ice
boundary rather than the true snow-firn boundary (e.g., Fig. 10 in Aberle and others, 2025). Although
snow and firn can also be visually difficult to distinguish in moderate-resolution (30 m) imagery (e.g.,
Rabatel and others, 2013; Larocca and others, 2024), we suggest that the larger bias between satellite-
derived SLAs and field-measured ELAs (Table 2: —112 m), together with the lower bias between
satellite- and manually derived SLAs (18.5 m), indicates that in some cases the tool did not capture true
end-of-ablation-season conditions rather than reflecting a systematic classification error of firn as snow.
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As noted above and in section 4.1., the most important limitation of the tool is the low temporal
sampling frequency (i.e., the use of only one image per year) in highly dynamic glacier environments.
Our workflow is intentionally designed around this single-image approach for reasons of computational
feasibility in GEE, and thus, is a deliberate trade-off considering the accessibility that GEE provides. By
limiting computational demands, the tool is designed to maximize accessibility and ensure usability
across a range of GEE account types. SCA, AAR, and SLA are not static annual properties but transient
surface conditions whose interpretation depends strongly on acquisition timing. Glacier snow cover and
SLA can change substantially over short time periods during the ablation season and early in the
accumulation season, and thus a single acquisition can be strongly affected by recent snowfall, transient
melt conditions, cloud contamination, cloud shadows, terrain shadow, or local scene-specific illumination
effects (Rastner and others, 2019; Mernild and others, 2013). Thus, we suggest that the tool derived
metrics should be viewed as transient observations rather than observations representative of end-of-melt-
season conditions.

An additional limitation is that our algorithm does not employ a time-varying DEM (as, to date,
these data are not readily available) and instead uses either the ArcticDEM, COPDEM, or NASADEM
depending on the glacier location and user choice. Consequently, our approach does not account for
glacier surface lowering over time. This limitation is particularly relevant for the tool-derived SLA
observations, and the total and snow-covered area-elevation distributions, in addition to comparisons to
field data. The 23 glaciers that were run twice with COPDEM and NASADEM indicate COPDEM tends
to result in lower SLAs than NASADEM (SI Fig. 11). This difference likely represents surface lowering
given the DEM reference dates (~2000 for NASADEM vs ~mid-2010s for COPDEM). We therefore
suggest that elevations derived from observations that predate the DEM reference date be interpreted as
minimum estimates, whereas those derived after the DEM reference date should be interpreted as
maximum estimates.

Glacier surfaces are most easily classified from satellite imagery when glacier geometry is simple
and when shadowing from surrounding topography, cloud cover, and debris cover are limited (e.g.,
Aberle and others, 2025). Challenges arise for glaciers with complex geometries (e.g., multiple
tributaries, icefall(s), or steep ridgelines along the glacier margin), frequent cloudiness, extensive debris
cover and topographic shadowing (e.g., Loibl and others, 2025). Because our tool is designed for global
application, the workflow includes several features intended to manage these limitations as best as
possible across a wide range of glacierized settings. Annual images are first filtered using user-defined
thresholds for maximum cloud cover and minimum sun elevation, and scenes that do not meet these
criteria are excluded. Further, the algorithm reduces topographic effects on reflectance using an Ekstrand
correction based on terrain slope, aspect, and solar geometry. In addition, optional rock/water masking
with user-selectable masking strength is provided to reduce misclassification of surrounding rock and
water surfaces (including glacial lakes).

4.3. Use and value of the tool for glacier monitoring
4.3.1. Expansion of the observational record

Field-based glacier observations are often not continuous, even for well-monitored glaciers (e.g.,
Zemp and others, 2009). Our space-based approach substantially increases the methodological
consistency and temporal availability of glacier health observations for field-monitored, as well as
unmonitored glaciers. WGMS observations of TA and SCA are particularly sparse relative to ELA.
Across the 40 years and 59 glaciers in our study, the tool provides ~800 additional observations of SCA
and TA (equivalent to ~14 additional observations per glacier). This highlights the potential for space-
based methods to complement in situ observations by improving the temporal completeness, and thus the
overall quality, of glacier health records across multiple decades. However, we emphasize that tool-
derived observations (1) are not equivalent to field-based WGMS measurements and are best interpreted
as a complementary record rather than a direct replacement for missing in situ observations, and (2) are
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transient and do not necessarily represent end of balance year conditions (e.g., more direct comparisons
would require sub-annual analysis). Thus, the tool may provide additional satellite-derived observations
for years without WGMS measurements, but these are not equivalent to missing WGMS records and
should not be used to gap fill missing years.

The tool is designed and intended for application beyond the relatively small number of well-
monitored glaciers studied here and has the potential to generate accessible, multi-decadal observations
for individual glaciers of interest that are currently unmonitored. Thus, in the following sections we
discuss the potential value and application of the tool and workflow for academic and non-academic users
while acknowledging known limitations and challenges.

4.3.2. Educational and non-academic use

Our tool is designed to support a wide range of users in gathering glacier health data for diverse
applications, without the requirement of extensive coding knowledge or the internal structure of GEE. By
removing these technical barriers to entry, the tool will make glaciological data more accessible across a
range of educational and professional backgrounds. For example, we anticipate that this tool will be
relevant in K-12 and higher education settings where it may be used to introduce students to concepts
such as glacier and climate change, as well as Earth observation through hands-on exploration of remote
sensing techniques.

We anticipate that our tool may also be relevant within communities that are highly dependent on
glacial meltwater (e.g. the Andes) and where accessible glacier monitoring data remains limited, creating
difficulties for local populations and policymakers attempting to adapt and mitigate the impacts of glacier
loss (Vuille and others, 2018). However, we acknowledge that the tool may not perform equally well in
all glacierized settings (e.g., when shadowing from surrounding topography, cloud cover, and debris
cover are extensive) and that classification errors may occur. We therefore recommend that users visually
inspect annual image and classification quality, assess the timing of observations relative to the end of the
mass-balance year, and review outlying results before interpretation when applying the tool to individual
glaciers of interest.

4.3.3. Academic use and potential for larger scale application

We expect that the application of the workflow may be valuable to a wide range of users across
academic subfields (e.g. environmental assessment, water resource management, and hazard assessment),
supporting site-specific data analyses where field observations are unavailable. For example, time series
may be used to evaluate local glacier change and its implications for downstream ecosystems; trends in
local glacier SCA and SLA may inform assessments of seasonal meltwater availability and variability;
and changes in local glacier extent may provide context for identifying evolving conditions associated
with glacier-related hazards.

The workflow presented here also holds potential for upscaling (i.e., regional and global glacier
assessment) and, with the additional implementation of a sub-annual temporal dimension, could be useful
for model comparison (e.g., Barandun et al., 2018). While sub-annual observations would be preferable
for model application, the tool output does retain image acquisition dates. Thus, tool-derived observations
may still be useful for transient intra-seasonal constraints and comparisons with model output. In
addition, incorporation and use of other satellite missions could improve both the temporal and spatial
resolution of glacier observations (e.g., Zeller and others, 2025) but doing so involves trade-offs. For
example, Sentinel-2 does not provide the multi-decadal observational record afforded by Landsat and
lacks the thermal band used in our workflow. Observational data are critically needed for the calibration
and validation of glacier evolution models, and ultimately to improve projections of glacier change and its
impacts. As noted by Wells and others (2025), observations of glacier change remain limited in both
number and duration. Available records are sparse and relatively short compared to glacier response times
and are therefore insufficient to robustly constrain model parameters. Regional and global application of
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the algorithm (with sub-annual observations) could substantially increase both the number and temporal
range of glacier observations. However, we acknowledge and anticipate a number of challenges
associated with large-scale application of the workflow. For example, selecting an appropriate month
representative of the end of the mass balance year may be difficult for unmonitored glaciers (e.g., in
tropical regions and for glaciers with summer accumulation). Further, difficulties may arise in regions
with frequent or persistent cloud cover limiting the availability of suitable imagery. In addition, the tool
has not been evaluated for heavily debris-covered glaciers. Finally, automated larger-scale (i.e., regional-
and global-scaling) applications are likely not possible within the GEE platform and would require
additional computing resources (e.g., high-performance computing).

In addition to integration and comparison with glacier evolution models, larger-scale and
improved application of this workflow could enable assessment of the degree of glacier disequilibrium
with the current climate state (via the AAR metric). This disequilibrium and the associated committed
glacier mass loss during the twenty-first century remains poorly constrained (e.g., Marzeion and others,
2020). Expanded observational records could also help assess the representativeness of field-based time
series used to extrapolate glacier change to mountain ranges lacking in situ observations (e.g., Zemp and
others, 2009).

5. Conclusions

Here we present a novel cloud-based algorithm for the automatic classification of glacier surfaces
and derivation of four transient glacier health metrics: snow-covered area (SCA), snowline altitude
(SLA), total visible ice area (TA), and accumulation area ratio (AAR), all of which are closely related to
climate and glacier mass balance. The tool is designed with accessibility in mind and can be applied to
glaciers of interest, including those lacking in situ monitoring. We assessed the performance of the tool
using 59 glaciers worldwide with long-term field-based observational records from the WGMS, as well as
manually delineated observations for the same glaciers. After normalizing for glacier size and elevation
range, we find overall good agreement between manual and tool-derived observations (SLA: »=10.73,
SCA: r=0.73, TA r=0.59, and AAR: = 0.79), demonstrating the robustness of our automated image
classification workflow. In contrast, agreement between WGMS and tool-derived observations is weak
(SLA: r=10.20,SCA: r=0.26, TA r=0.22, and AAR: » = 0.18), likely reflective of differences in
methodology and observation date. Thus, tool-based glacier observations should be viewed as transient
satellite-based observations that complement, rather than replace, field-based records. Across the 59 study
glaciers, the tool generated ~800 additional observations of SCA and TA, substantially expanding
observational coverage. We anticipate that the tool will be useful to a broad range of academic and non-
academic users, including those with little to no coding or remote sensing experience. Future development
of the workflow could incorporate a sub-temporal dimension, and larger-scale application could also
provide critically needed multi-decadal observational records for calibration of glacier evolution models.
In addition, application to individual glaciers could supply communities with accessible datasets to
monitor nearby glaciers and respond effectively to ongoing glacier change.

Supplementary Material. The supplementary material for this article can be found at insert link here.

Data Availability Statement. The Glacier Health tool GUI and walkthrough instructions along with
analysis results from the 59 study glaciers are available via GitHub at
https://github.com/LamantiaKara/Glacier-Health-Tool. Supporting data are publicly available from the
following sources: Glacier outlines (the glacier product and glacier complex product) are available from
the Randolph Glacier Inventory version 7.0 (RGI7.0) at https://doi.org/10.5067/f6jmovySnavz (RGI
Consortium, 2023); the ArcticDEM is available at https://doi.org/10.7910/DVN/3VDC4W (Porter and
others, 2023); the Copernicus GLO-30 DEM is available at https://doi.org/10.5069/G9028PQB (European
Space Agency, 2024), and Landsat imagery is available from the U.S. Geological Survey via several data
portals (e.g., USGS EarthExplorer: https://earthexplorer.usgs.gov/).
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Figure Captions

Figure 1. Global glacier locations (pink polygons) and locations of the 59 field-monitored glaciers from
the World Glacier Monitoring Service (WGMS) used for tool validation and error estimation (black dots).
Shaded polygons with thin gray edges represent the 19 first-order regions of the Randolph Glacier
Inventory (RGI version 7.0; RGI Consortium, 2023).

Figure 2. Indicators of glacier health included in the tool. The snow-covered area (SCA; 1); the snowline
altitude (SLA; 2); the ablation area (3), the total visible ice area (TA; 1+3); and the accumulation-area
ratio (AAR; 1/(1+3)).

Figure 3. Flowchart of the tool’s workflow noting each step in the imagery collection and analysis
process. Further details and the workflow code are available in the GitHub repository.
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Figure 4. Imagery acquisition month relative to the target month for each of the study glaciers over the
19852024 observation period with a maximum image cloud cover threshold of 20%. White squares
denote the target month, with a color gradient indicating the number of images acquired per month (left),
and a bar chart showing the percentage of images within the target month relative to the total number of
acquired images (right).

Figure 5. Example outputs for the Gulkana Glacier, Alaska, August 22, 2021 (Landsat 8). (a) Histogram
of Ekstrand-corrected NIR surface reflectance (unitless) for a single end-of-summer Landsat scene, with
the Otsu-derived threshold (yellow line) separating the bimodal distribution of snow (red) and ice (blue).
(b) Resulting delineations of total visible ice area (TA; blue) and snow-covered area (SCA; red) used in
subsequent calculations of AAR and SLA.

Figure 6. Comparison of the tool—derived glacier health metrics with manually digitized values (top row;
panels a—d) and WGMS observations (bottom row; panels e-h). Metrics shown include snowline
altitude/equilibrium-line altitude (SLA/ELA), snow-covered area (SCA), total glacier area (TA), and
accumulation-area ratio (AAR). SLA/ELA is expressed as an anomaly (m) relative to each glacier’s
median tool-derived SLA. SCA and TA are expressed as ratios relative to each glacier’s median tool-
derived values to reduce the influence of between-glacier differences in size. AAR is shown in raw
unitless form. Solid gray lines show the 1:1 relationship, dashed black lines show linear regression fits.

Figure 7. Comparison of tool-derived (pink) and WGMS-derived (blue) glacier health metrics: temporal
changes and relationships with annual mass balance. (a—c) Temporal changes in glacier health metrics: (a)
total area (TA), (b) snow-covered area (SCA; accumulation area for WGMS), and (c) snowline altitude
(SLA; equilibrium-line altitude [ELA] for WGMS). Annual median values across all glaciers are shown
as solid lines, with shading indicating the interquartile range (IQR). For TA and SCA, values are
expressed as percent change relative to each glacier's median value during 1985-2024. For SLA/ELA,
values are expressed as anomalies relative to each glacier's median 1985-2024 SLA/ELA. (d—f)
Distribution of glacier-level Pearson correlation coefficients () between annual mass balance and (d) TA,
(e) SCA (accumulation area for WGMS), and (f) SLA (ELA for WGMS). Colored dashed lines indicate
the median r value for each dataset.
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Table 1. Imagery acquisition parameters and processing options

Panel Heading Input Variable Options

Glacier Name Any (e.g. Gulkana)
Start Year 1985 to Present Year

Collect Imagery End Year 1985 to Present Year
Target Month January through December (1-12)
Max Cloud Cover 0 to 100% (increments of 5)
Min Sun Angle 0 to 90 degrees (increments of 5)
DEM Source COPDEM, NASADEM, or Arctic DEM

Processing Options

Rock/Water Masking Strength

‘Off’, ‘Light’, ‘Moderate’, or ‘High’

868
869 Table 2. Validation and uncertainty of tool-derived glacier health metrics
Tool versus Field Obs. (WGMS) Tool versus Manual Satellite Obs.
Metric n Bias RMSE MAE r Median n Bias RMSE MAE r Median
abs % diff abs % diff
SLA/ELA 1154 -112 211 156 0.20 5 216 185 833 492 0.73 1
(m)
SCA 557 2.1 9.7 2.8 0.26 46 217 -1.0 6.8 1.6 0.73 10
(km’)
TA 557 0.4 6.0 1.4 022 9 216 -15 8.7 1.9 0.59 5
(km’)
870  Validation statistics for the tool-derived glacier health metrics compared with field-based observations (left) and
871 manual digitizations (right). #n denotes the number of paired observations; RMSE is the root-mean-square error;
872 MAE is the mean absolute error; 7 is the Pearson correlation coefficient; and Median abs % diff is the median
873 absolute percent difference (%). AAR is not included because it is derived from SCA and TA. Statistics were
874 computed using the post-processed dataset. Pearson correlation coefficients were calculated using glacier-specific
875 normalized or anomaly values to account for differences in glacier size and elevation.
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Figure 1. Global glacier locations (pink polygons) and locations of the 59 field-monitored glaciers from the
World Glacier Monitoring Service (WGMS) used for tool validation and error estimation (black dots). Shaded
polygons with thin gray edges represent the 19 first-order regions of the Randolph Glacier Inventory (RGI
version 7.0; RGI Consortium, 2023).
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Figure 2. Indicators of glacier health included in the tool. The snow-covered area (SCA; 1); the snowline
altitude (SLA; 2); the ablation area (3), the total visible ice area (TA; 1+3); and the accumulation-area ratio
(AAR; 1/(1+3)).
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Step 9 - Export
Results

Figure 3. Flowchart of the tool’s workflow noting each step in the imagery collection and analysis process.
Further details and the workflow code are available in the GitHub repository.
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Figure 4. Imagery acquisition month relative to the target month for each of the study glaciers over the
1985-2024 observation period with a maximum image cloud cover threshold of 20%. White squares denote
the target month, with a color gradient indicating the number of images acquired per month (left), and a bar

chart showing the percentage of images within the target month relative to the total number of acquired
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Figure 5. Example outputs for the Gulkana Glacier, Alaska, August 22, 2021 (Landsat 8). (a) Histogram of
Ekstrand-corrected NIR surface reflectance (unitless) for a single end-of-summer Landsat scene, with the
Otsu-derived threshold (yellow line) separating the bimodal distribution of snow (red) and ice (blue). (b)
Resulting delineations of total visible ice area (TA; blue) and snow-covered area (SCA; red) used in
subsequent calculations of AAR and SLA.
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Figure 6. Comparison of the tool-derived glacier health metrics with manually digitized values (top row;
panels a-d) and WGMS observations (bottom row; panels e-h). Metrics shown include snowline
altitude/equilibrium-line altitude (SLA/ELA), snow-covered area (SCA), total glacier area (TA), and
accumulation-area ratio (AAR). SLA/ELA is expressed as an anomaly (m) relative to each glacier’'s median
tool-derived SLA. SCA and TA are expressed as ratios relative to each glacier’s median tool-derived values to
reduce the influence of between-glacier differences in size. AAR is shown in raw unitless form. Solid gray
lines show the 1:1 relationship, dashed black lines show linear regression fits.
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Figure 7. Comparison of tool-derived (pink) and WGMS-derived (blue) glacier health metrics: temporal
changes and relationships with annual mass balance. (a-c) Temporal changes in glacier health metrics: (a)
total area (TA), (b) snow-covered area (SCA; accumulation area for WGMS), and (c) snowline altitude (SLA;
equilibrium-line altitude [ELA] for WGMS). Annual median values across all glaciers are shown as solid lines,

with shading indicating the interquartile range (IQR). For TA and SCA, values are expressed as percent

change relative to each glacier's median value during 1985-2024. For SLA/ELA, values are expressed as
anomalies relative to each glacier's median 1985-2024 SLA/ELA. (d-f) Distribution of glacier-level Pearson
correlation coefficients (r) between annual mass balance and (d) TA, (e) SCA (accumulation area for
WGMS), and (f) SLA (ELA for WGMS). Colored dashed lines indicate the median r value for each dataset.
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