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Abstract. Accurate records of snow avalanche activity are crucial for hazard assessment, avalanche forecasting, and estimating
the probability of extreme runout distances, yet such datasets are limited in many mountain regions. This study combines dual-
polarization Sentinel-1 Synthetic Aperture Radar (SAR) imagery with a deep learning model to automatically detect avalanche
deposits in the Central Rhaetian Alps over a ten-year period. Two independent SAR image series, acquired at different times
of day, are analysed to assess the effects of acquisition timing and snow conditions on detection performance. An Avalanche
Activity Index, derived from both SAR and manual observations, allows us to classify scenes according to valid, false-positive,
or false-negative predominance, mitigating gaps in manual datasets. Both dry and wet snow avalanche cycles are reproduced
without significant preferential performance, while systematic detection errors are mainly associated with snow conditions at
the time of post-event acquisition, and snow and weather evolution during SAR revisits. False negatives are related to snowmelt
and the presence of dry, spread deposits, with new snow in the scene. On the other hand, false positives primarily result from
general snow refreezing and, more rarely, from wet snow on tree canopies. A comparison with potential avalanche paths
simulated with a dynamic model reveals recurrent biases in areas such as lakes, ski slopes, and anthropic terrain. Finally, we
conduct the first probabilistic runout distance estimation based on avalanche annual maximum Runout Ratios automatically
extracted from SAR data and fitted to a generalized extreme value distribution. This pilot study demonstrates that the
combination of SAR imagery and deep learning reliably reconstructs historical avalanche activity, complements traditional

records, and supports probabilistic hazard assessment in regions with sparse ground-based monitoring.

1 Introduction

To mitigate snow avalanche risk, forecasting procedures and spatial hazard zonation are essential (Statham et al., 2018). Both
approaches rely fundamentally on an accurate characterization of avalanche activity (Schweizer, 2003), which is defined as
the spatio-temporal distribution of avalanche events within a given region, including their number, location, and main physical

characteristics (McClung and Schaerer, 2006). This information, it is used to assess avalanche danger levels and to interpret
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possible avalanche scenarios (Schweizer, 2003), as well as to calibrate and validate potential release area models (Biihler et
al., 2018). Beyond forecasting and operational hazard assessment, avalanche activity information is also crucial for land-use
planning and site-specific avalanche warning. To this end, the European Avalanche Warning Service (EAWS) elaborated a set
of recommendations for avalanche warning services that target specific users defined avalanche paths within a forecasting
region (Site specific avalanche warning, 2026). In the EAWS report, the site-specific avalanche hazard is defined in terms of
impact probability, which is obtained as the product between the release probability, depending on the snow in(stability), and
the runout probability along the avalanche path.

To estimate the runout probability, it is essential to estimate extreme avalanche runout distances (i.e., the farthest locations
reached by avalanches), commonly complemented by an assessment of the expected destructive effects along the avalanche
path (McClung et al., 2022). In this context, two main approaches have been developed. The first approach relies on physical
avalanche dynamics models (Voellmy, 1955; Salm, 1993; Christen et al., 2010; Tonnel et al., 2023b). The second approach
comprises empirical or statistical methods, which exploit historical avalanche records within a probabilistic framework to
estimate extreme runout distances and their associated return periods (McClung and Hoeller, 2025). Dynamic modelling, often
coupled with probabilistic nivometeorological analyses to estimate the release thickness, is widely adopted in several European
countries as a guideline for avalanche hazard zonation (Massimiliano Barbolini et al., 2005; Salm et al., 1990). The advantages
of these procedures are that 2-D or 3-D avalanche modelling is now possible, and that the physical properties of the moving
snow mass can be represented as a function of space and time. However, these models require numerous assumptions and
often involve parameters that are unmeasurable or unverified (McClung and Hoeller, 2025). For this reason, despite offering
less detailed outputs, the probabilistic runout distance estimation approach, based on real avalanche events, remains essential.
This method, firstly proposed by Lied and Bakkehoi (1981), is based on collections of extreme avalanche runout distances (Ax)
which are then fitted to a probabilistic model. In the work of Lied and Bakkehoi, A. is measured as the horizontal distance
between the farthest point reached by the avalanche deposits (the a-point) and a reference point along the path (the B-point).
The method became known as the a—f model.

Given that extreme avalanches are rare events (McClung and Schaerer, 2006), it is usually difficult to obtain enough A records
for probabilistic modelling from a single avalanche path. For this reason, data from similar sites at different locations, known
as distributional data, are often used (McClung et al., 2022). This approach is analogous to the regional index-value method
commonly employed for hydrological extreme events (Kottegoda et al., 1997), and has been applied to estimate release
thickness for avalanche dynamic modelling aimed to hazard mapping by Barbolini et al. (2002) and Bocchiola et al. (2006).
For the distributional data approach, the choice of a parameter independent of individual path characteristics is mandatory to
aggregate observations at the regional scale within a common statistical framework. Since the quantity Ay clearly strongly
depends on the chosen mountain a parameter statistically independent of individual path morphology was defined by McClung

and Lied (1987) with the Runout Ratio (RR). This is obtained by normalizing A. by the horizontal distance between the B-point
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and the avalanche starting zone (Xg). More recently, McClung and Hoeller (2025) showed that the generalized logistic (GLO)
and the generalized extreme value (GEV) distributions provide the best goodness of fit of RR values.

Traditionally, near-real-time avalanche activity has been documented through direct observations conducted from safe
locations, whereas historical extreme events have been reconstructed from archival records or dendrochronological analyses
(Butler and Sawyer, 2008). However, historical archives are available only in a limited number of regions, and
dendrochronological methods are expensive and mainly applicable near the treeline (McClung and Hoeller, 2025). To
overcome the limitation of near-real time manual observations, terrestrial and satellite remote sensing techniques have
increasingly been investigated.

Examples of terrestrial approaches include geophones buried in the snowpack (Van Herwijnen and Schweizer, 2011),
infrasound sensors (Scott et al., 2007), Interferometric Doppler Radar (Viviani et al., 2020), and optical time-lapse cameras
(Portenier et al., 2020). Although effective, these systems are difficult to deploy in remote areas and provide limited spatial
coverage. Satellite remote sensing overcomes these constraints by enabling observations over large regions through optical
and Synthetic Aperture Radar (SAR) sensors (Eckerstorfer et al., 2016;Hafner et al., 2021; Hafner et al., 2022). In particular,
SAR operates independently of cloud cover and illumination conditions, although only avalanche deposits can be detected.
Subsequent studies extended these capabilities to different SAR systems, with Biihler et al. (2014) applying change detection
to X-band TerraSAR-X data. The advent of freely available Sentinel-1 C-band imagery further facilitated SAR-based
avalanche mapping, and Malnes et al. (2015) demonstrated the detection of avalanche deposits from single backscatter images.
A first physical interpretation of avalanche-deposit backscatter was proposed by Eckerstorfer and Malnes (2015) using
Radarsat-2 C-band data, showing reliable detection for avalanches with avalanche size class (4SC; Avalanche size, 2026)
greater than 2. Under dry-snow conditions, increased backscatter mainly results from enhanced volume scattering associated
with greater snow depth and, to a lesser extent, from increased surface roughness. Under wet-snow conditions, reduced
microwave penetration caused by the higher dielectric constant of wet snow (Métzler, 1987), makes surface scattering the
dominant mechanism. Subsequent studies highlighted the influence of the Local Incidence Angle (LIA) on avalanche
signatures (Tompkin and Leinss, 2021;Keskinen et al., 2022), while Yang et al. (2020) demonstrated the potential of
polarimetric and interferometric parameters for avalanche characterization.

The first application of SAR for reconstructing historical avalanche activity was reported by Eckerstorfer et al. (2017) who
reconstructed two years of avalanche records in Norway using Sentinel-1 imagery. Since then, both near-real-time and
historical SAR-based avalanche detection have been successfully applied in several regions worldwide (Leinss et al.,
2020;Abermann et al., 2019;Kapper et al., 2023;Kneib et al., 2024b), making SAR one of the most practical tools for
monitoring avalanche activity in remote areas.

Because avalanche activity often occurs as widespread avalanche cycles, automatic detection methods are required. Early
approaches relied on thresholding (Wesselink et al., 2017), unsupervised object-based classification (Vickers et al., 2016), and
principal component analysis (Liu et al., 2021). More recently, machine-learning and deep-learning methods have substantially

improved detection performance (Bianchi and Grahn, 2025; Gatti et al., 2026).
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Based on the liquid water content of the release snow, avalanches are generally classified as dry or wet. However, frictional
heating during the flow may cause dry-snow avalanches, especially large events (4SC = 4), to melt and refreeze (McClung
and Schaerer, 2006). Previous studies reported contrasting results regarding the detectability of dry and wet avalanche cycles,
with some favouring dry snow conditions and others wet snow conditions, highlighting the need for a better understanding of
the conditions under which SAR-based avalanche detection may fail (Eckerstorfer et al., 2019;Hafner et al., 2021; Keskinen
et al., 2022; Malnes et al., 2015; Tompkin and Leinss, 2021).

This study aims to combine automatic avalanche detection with probabilistic runout modelling. Specifically, we the Change
Detection Neural Network based on the Swin Transformer, specifically designed in Gatti et al. (2026) for avalanche
segmentation, to automatically delineate avalanche deposits from two independent Sentinel-1 image time series acquired over
the Central Raethian Alps. The model is used to reconstruct ten years of historical avalanche activity from the SAR data. The
SAR-based avalanche activity is then compared with in situ observations over a dedicated comparison area to identify
conditions leading to recurrent detection failures and to investigate whether dry or wet snow avalanches are more reliably
detected. Furthermore, the suitability of SAR-based avalanche deposits for this purpose is tested using a regional
(distributional) approach, and avalanche runout distance probabilities are mapped along the main avalanche paths of the study

region.
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2 Study area and data
2.1 Study area
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Figure 1. Spatial framework of the study area. (a) The Livigno and Engadine valleys, showing the avalanche basins selected for the return
period analysis. (b) Location of the study area within Central Europe.

The area of interest is in the Central Rhaetian Alps along the Italian—Swiss border and includes two major Alpine valleys: the
Engadine Valley — Switzerland and the Livigno Valley — Italy (Figure 1). The region is highly anthropized, hosting several
villages with populations of up to approximately ten thousand inhabitants, as well as multiple ski resorts and related
infrastructures. Elevation ranges from about 1000 m a.s.l. on the valley floors of the Lower Engadine to 4049 m a.s.l. at the
summit of Piz Bernina. The regional climate is typically Alpine, with snow regimes that gradually shift from predominantly
continental conditions in the northern sector to more maritime influences toward the south (McClung and Lied, 1987). Land
cover varies markedly with altitude. High elevation zones are mainly characterized by alpine meadows and talus slopes, and

host numerous glaciers above approximately 2500 m a.s.l., whereas elevations below roughly 2200 m a.s.l. are largely
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dominated by coniferous forests interspersed with anthropogenic land use. Across both valleys, several avalanche paths
threaten critical infrastructure, including settlements, roads, railways, alpine and cross-country ski facilities. Extreme
avalanche events have been documented in the past (Laternser and Ammann, 2001). Avalanche forecasting is managed by
different regional services on the two sides of the border. In Switzerland, public avalanche forecasts are issued by the WSL
Institute for Snow and Avalanche Research (SLF), while in Italy forecasting activities are coordinated by the AINEVA
association (EAWS, 2026).

The area used to compare SAR-based avalanche detections with in situ observations correspond to the municipality of Livigno
(Italy). Owing to its intense tourist activity and distinct climatic conditions compared to surrounding Italian regions, Livigno
operates a dedicated local avalanche forecasting system supported by several automatic weather stations (AWSs) equipped

with standard meteorological sensors (Monti et al., 2014). Hereafter, this area is referred to as the Livigno area.

2.2 SAR data

This study relies on Level-1 Ground Range Detected products acquired by the Sentinel-1 mission, which carries a dual-
polarization C-band synthetic aperture radar (SAR) sensor operating at 5.405 GHz. Data acquisition takes place in
Interferometric Wide Swath mode, yielding a native spatial resolution of 5 m in range and 20 m in azimuth. The sensor,
mounted on a right-looking platform, delivers imagery in both VV and VH polarizations. Each satellite acquires images over
a given area using specific acquisition geometries (AGs), each defined by a relative orbit number, which are repeated over a
certain revisit period. The first satellite of the constellation, Sentinel-1A, was launched in 2014 and was paired with Sentinel-
1B between 2016 and 2021, and with Sentinel-1C starting from April 2025. The revisit time is 6 days when a two-satellite
configuration is available and 12 days with Sentinel-1A alone. Nevertheless, in the historical archive some acquisitions over
the area of interest are missing for reasons unknown to us, resulting in sporadically longer revisit times (up to a maximum of
24 days).

Over the area of interest there are four different AGs: two with ascending orbits, which acquire data in the early morning
(around 5 a.m. UTC), and two with descending orbits, which acquire data in the afternoon (around 5 p.m. UTC). To reconstruct
the historical avalanche activity, we selected the AG 168 (descending, early morning) and the AG 15 (ascending, afternoon).
The different acquisition times provided valuable information for monitoring snow-related features such as avalanche deposits,
as snow properties can vary significantly between morning and afternoon at this latitude.

Based on the climatic characteristics of the area, this study focuses on the period between November 1st and May 15th,
covering ten full snow seasons from 2015 to 2025. A total of 136 and 132 images were downloaded for AG 168 and AG 15,
respectively, in Cloud Optimized GeoTIFF format (Copernicus Data Space Ecosystem, 2026).

2.3 Field avalanche observations

Systematic avalanche observations in specific mountain regions are generally scarce, and their reliability is often difficult to

verify (Kapper et al., 2023). For the Livigno area, an avalanche dataset is available, comprising more than 600 avalanche
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release areas precisely mapped in vector format by at least two avalanche experts independently, based on in situ observations
and associated photographs, since December 2015.

For each event, the database provides information on the release date (with a maximum uncertainty of approximately two
days), the avalanche size class (ASC) estimated by the local forecasters (Avalanche size, 2026), the daily avalanche danger
level (Avalanche danger scale, 2026), the main avalanche problem (Avalanche problems, 2026), the avalanche type
(Avalanche types, 2026), and information regarding the triggering mechanism (i.e., natural or artificial).

Due to the inherent difficulties in observing avalanches manually from a safe distance, the main limitations of the database are
missing data in specific areas or periods. Notable gaps occur during the COVID-19 pandemic (from February to May 2020),
during particularly severe weather events that limited near-real-time observations, and prior to 2017. Regarding spatial
coverage, avalanche records are more reliable in the main valley and areas visible from ski resorts, while lateral valleys and
high alpine terrain likely have a higher proportion of unrecorded events.

Hereafter, we will refer to this dataset as the Livigno avalanche dataset. Across the full study period (2015-2025), this dataset
reports 61 dates with avalanche events. Among these, 43 dates contain only dry-snow avalanches, 10 dates only wet-snow

avalanches, and 8 dates a combination of dry and wet events.

2.4 Supplementary data

In this study, a DEM was generated by merging a 2 m resolution DEM covering the Swiss portion of the area of interest
(Wiederkehr and Mori, 2013) with a 5 m resolution DEM for the Italian sector (Regione Lombardia, 2015). The resulting
DEM was subsequently resampled to a 4 m spatial resolution using bilinear interpolation and used to compute Potential Release
Areas (PRAs; see Sect. 3.1).

To investigate the conditions associated with recurrent failures in SAR-based avalanche detection, meteorological records
from the AWSs located within the Livigno area were analysed. In addition, archived images from a webcam installed in the
area and overlooking the main valley were examined (PANOMAX 360° System, 2026), together with historical public

avalanche forecast archives (Monti et al., 2014) and field observations collected during major avalanche events.

3  Methods
3.1 Potential release areas and avalanche dynamic simulations

To spatially evaluate the performance of the SAR-based historical avalanche detection and to identify potentially invalid areas,
a spatial representation of potential avalanche flow paths over the Livigno area is required. To this end, we first computed
avalanche Potential Release Areas (PRAs) using the algorithm developed by Mariani et al. (2024). In this work individual
PRA polygons were obtained by segmenting the PRA raster using a lower threshold value of 0.4, to account for larger
avalanches. Avalanche dynamic simulations were then performed for each release polygon. Since the purpose of the resulting

avalanche flow layer was limited to the visual identification of portions of the Livigno area that are not potentially affected by
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avalanche flows or deposits, for the dynamic simulations we adopted the comIDFA module of the AvaFrame framework
(Oesterle et al., 2025), using the SamosAT friction model and the default parameter settings proposed in Tonnel et al. (2023b).

A uniform release thickness of 0.5 m was prescribed for all simulations.

3.2 SAR data preprocessing and automatic avalanche classification

The entire standard preprocessing chain applied to the Sentinel-1 Ground Range Detected products, together with the extraction
of the local incidence angle (LIA), was carried out using the open-source SNAP software. We first updated the products with
the precise orbit state vectors distributed by the satellite operator, followed by radiometric calibration according to the beta-
nought (fo) convention. Topographic effects on radiometric variability were then corrected through the Radiometric Terrain
Correction approach described by Small (2011), yielding the gamma-nought (yo) backscatter coefficient. Finally, this
coefficient underwent geometric terrain correction and speckle reduction via a Lee filter (9 x 9 pixel window, 2 looks),
following Yommy et al. (2015). Finally, both images of the backscatter coefficients yo'” and yo””, with the same 10 m resolution
of the original Ground Range Detected product, were saved for further elaborations.

To automatically classify avalanche deposits in each scene, we employed the Change Detection Neural Network model based
on the Swin Transformer, presented in Gatti et al. (2026). The architecture follows a Siamese design, with two identical
encoders that process pre- and post-event SAR images within a change detection framework. The LIA and the slope raster,
taken from the Copernicus GLO-30 digital elevation model (European Space Agency, 2024), are included as input variables.
Avalanche deposits are detected for each acquisition pair and provided both as binary rasters and polygonal outputs. Given the
number of Sentinel-1 products downloaded, the avalanche detection was performed on 135 dates for AG 168 and 131 dates

for AG 15.

3.3 SAR-based reconstruction of historical avalanche activity

In this section, the methodology adopted to evaluate the spatial and temporal reliability of the SAR-based historical avalanche
detection dataset is presented. The analysis aims to identify and characterize potentially invalid scenes and areas (i.e., scenes
and locations affected by systematic detection failures), and to investigate the main factors controlling the performance and

reliability of the SAR-based avalanche detection.

3.3.1 Spatial assessment for invalid areas identification

To assess the spatial reliability of the historical detection of avalanche deposits, we generated a deposit frequency layer by
summing all single prediction binary rasters, considering only the Livigno area. In the resulting layer, each pixel indicates the
number of times it was affected by an avalanche deposit during the study period. To substantially clean the results, predicted
avalanche deposits with an area smaller than the Sentinel-1 minimum resolution were not considered, as they correspond to
ASC 1 avalanches non detectable from the neural network model (Gatti et al., 2026). The results were visually compared with

the flow thickness raster obtained from the AvaFrame::com1DFA simulation. This allowed us to identify recurrent avalanche
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deposits detections in non-avalanche terrain (i.e., where no simulated avalanches are present), resulting in the identification of

land features significantly affecting SAR-based avalanche deposits retrieval.

3.3.2 Temporal assessment for invalid scenes identification

To assess the temporal reliability of the historical avalanche detection, we computed the Avalanche Activity Index (44/) from
the SAR-based detections and compared it with the one computed from the Livigno avalanche dataset. The A4/ is defined by
Schweizer et al. (2020) as a measure of the temporal evolution of avalanche activity over a given area. In this work, we propose
a modification of the original index by not considering the triggering mechanism, which cannot be inferred from SAR

observations. Specifically, we define:
AAL = ZiL wysc (D), (1)

where N is the number of avalanches observed within a given temporal interval and wyg (i) is the weight associated with the
ASC of the i-th avalanche (Schweizer et al., 2020). We denote the 447 computed from SAR detections as A4l and the 441
computed from the Livigno avalanche dataset as A4/»s. Both indices refer to the same temporal interval, corresponding to the
period between each pre- and post-event SAR acquisition. This temporal aggregation ensures consistency in the comparison
between remotely sensed detections and in situ observations.

The ASC in the Livigno avalanche dataset was estimated by the local forecasters based on a rough approximation of the
volumes involved from observing the release area. For avalanches detected via SAR, volumetric information of the deposits
is not available, so we approximated the ASC based on the deposit area. Specifically, deposits with an area less than 500 m?
were assigned ASC 1, those with an area between 500 m? and 5000 m* were assigned ASC 2, deposits between 5000 m? and
50000 m? were assigned ASC 3, and deposits larger than 50000 m? were assigned ASC 4. ASC 1 avalanches, non-detectable by
the neural network model (Gatti et al., 2026), were excluded from the Livigno avalanche dataset to ensure consistency between
the two datasets.

To avoid the manual inspection of every single scene, we automatically identified potentially invalid scenes based on
discrepancies between AA4Lq- and AAILoss, considering the limitations of the Livigno avalanche dataset. Specifically, for each

date we computed
Apar = AAlsqr — AAl . (2)

A scene was considered potentially invalid, and thus visually inspected, if it fell into one of the following cases:
e Case A: dates for which A4 is negative. Since SAR observations cover a wider area than what can be manually
observed, this scenario suggests the presence of false negatives in the corresponding scenes.
e Case B: dates for which A44r lies between the 75th and 95th percentiles of all Asar values. In this case, AdLwr is
significantly larger than 441, indicating potential false positives in the corresponding scenes. However, the AA4Lar

values remain realistic, so the mismatch may also reflect limitations in the reference database.
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e (Case C: Dates for which A44r exceeds the 95th percentile of all A44; values. Here, A44r shows extremely high values,
most likely due to a strong presence of false positives in the corresponding scenes.

Once all potentially invalid scenes were identified, each of them was analysed exploiting the data reported in Sect. 2.4. For
Case A (negative Aua1), the following sub-categories were distinguished:

e Al: Avalanches detected by SAR correspond to documented events in the database but differ in terms of assigned
ASC. Given the weighting scheme of the A4/, even minor misclassifications of ASC may result in substantial
discrepancies between A4 and AALobs.

e  A2: Scenes affected by missed detections of many small avalanches not excluded a priori (release area between 500
m? and 1000 m?). Although classified as ASC 2, these events may produce relatively small deposition areas that are
close to the detection limit of the neural network model and are therefore expected to be underrepresented from
Sentinel-1 images.

e A3: Scenes affected by missed detections of avalanches with area > 1000 m?. In this case, missed detections cannot
be attributed to SAR resolution constraints and are instead likely caused by external interferences.

For Cases B and C (positive A4ar), two main sub-categories were defined:

e BJ/CI: Probable lack of observations in the reference database. These scenes contain avalanche deposits that are
plausible in terms of size, shape, and locations, and occur under meteorological and snowpack conditions favourable
for avalanche activity. Such events typically affect areas or period that are difficult to observe manually, for instance
due to persistent adverse weather conditions or during the Covid-19 period (see Sect. 2.3).

e  B/C2: Scenes characterized by non-plausible avalanche detections, either in terms of size, shape, or spatial location,
or occurring under meteorological and snow conditions that preclude avalanche release. These cases are therefore
interpreted as dominated by false positive detections.

Based on this classification, scenes were flagged as invalid and excluded from the final A4/.- timeseries if they were affected
by true false negatives, involving avalanches with 4ASC > 2 (Case A3), or a dominance of non-plausible detections interpreted
as false positives (Case B/C2). Scenes affected solely by 4SC misclassification in the database (case Al), by detection
limitations inherent to Sentinel-1 spatial resolution (Case A2), or by plausible avalanche activity likely missing from the
reference database (Case B/C1), were retained. Finally, the percentage of scenes with a reliably predicted 447, before and after

this data cleaning, was assessed for both the AGs.

3.3.3 Analysis of the conditions leading to systematic detection failures

While the scene classification allowed the identification and removal of clearly unreliable SAR acquisitions, a deeper
understanding of the mechanisms leading to detection failures was required to assess the reliability of SAR-based historical
avalanche activity reconstruction. The overarching objective of this analysis was to identify recurring interferences external to

SAR data resolution that may compromise the detection. Ultimately, this approach aimed at supporting a semi-automatic pre-

10



285

290

295

300

305

310

315

https://doi.org/10.5194/egusphere-2026-3551
Preprint. Discussion started: 4 August 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

screening of SAR acquisitions, enabling the identification of potentially unreliable scenes even in the absence of reference in
situ avalanche observations.

Using again the data reported in Sect. 2.4, we analysed the snow and weather evolution between pre- and post-event conditions,
as well as at the time of the SAR acquisitions, for all scenes flagged as invalid, looking for systematic processes potentially
contributing to scene invalidation. Representative invalid scenes were then selected for more detailed analysis. Variations
between pre- and post-event backscatter were visualized using color composite images, in which the pre-event image was
assigned to the red and blue channels, and the post-event image to the green channel, following the approach proposed by
Wiesmann et al. (2001). Next, we examined the distributions of co- and cross- polarization backscatter coefficients variations
within the SAR revisit period, comparing it either with those of the surrounding areas or with those of correctly detected
avalanche deposits from a reference, reliable scene. Note that the surrounding area was selected with a 500 m buffer around
the deposits’ outlines, excluding other neighbouring deposits eventually present.

The selected valid reference scene corresponds to the acquisition of 3 April 2024, acquired in AG 168 (early morning). This
scene was chosen as a benchmark for the comparative backscatter analysis because part of the training dataset for the neural
network model, after checking the detections validity through a field survey conducted after a major dry snow avalanche cycle
occurred on April 1st, 2024. In this cycle, multiple 4ASC 4 avalanches were documented within the Livigno area and correctly

reproduced by the neural network model.

3.4 Probabilistic analysis of avalanche runout from SAR data

After excluding all invalid scenes and areas following the methodology described in Sect. 3.3, we used the historical avalanche
deposits detected in the AG that led to the best performances to model the avalanche runout distance probabilities. The aim of
this analysis was to assess the potential of SAR-derived avalanche deposits as a dataset for probabilistic runout distance
analysis, complementing traditional field-based approaches.

To this end, we selected 17 avalanche basins located between the Livigno and Engadin valleys (Figure 1). These basins were
manually delineated based on local topography and represent sub-catchments of the main valleys where at least one SAR-
based avalanche deposit with ASC = 4 was detected. The conditions for the choice of the avalanche basins are a well-defined
avalanche path, typically confined within gullies or couloirs reaching the main valley floor, avalanche runouts primarily
controlled by natural energy dissipation rather than by morphological constraints, and no artificial release performed within
the slopes. Only avalanche deposits detected within the boundaries of the selected basins were considered for the probabilistic
modelling.

According to McClung et al. (2022), the most suitable parameter for probabilistic runout distance modelling with distributional
data is the Runout Ratio (RR), which is defined as

Ax

RR = .
Xp

3
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where A, is the avalanche runout distance, defined as the maximum horizontal reach of the avalanche from a zero-reference

point along the path, known as the B-point, and X is the horizontal length of the avalanche path from the starting zone to the

B-point (McClung and Lied, 1987). The B-point is usually defined as the location along an avalanche path where the slope
angle permanently decreases below a given threshold when moving downslope from the release area (where typically
avalanches starts to decelerate). In practice, avalanche experts typically identify the B-point at the 10° slope angle using
topographic maps, disregarding local benches or short-scale slope variations occurring upstream of the deposition zone
(McClung et al., 2022).

Often, multiple individual PRAs can generate flows that merge downstream along a common path, terminating in the same
deposition zones. Consequently, even when selecting avalanche basins where all potential paths feed into a single main channel
before the deposition zone, the SAR sensitivity only to the deposits makes it impossible to determine which specific path the
avalanche followed in the upper basin. Therefore, we derived X; as the average of all the single paths. The centroid of each
PRA was then used as the origin of the potential avalanches occurring within a basin, simulating the corresponding flow paths
with the GRASS GIS tool r.drain (GRASS Development Team, 2025).

To identify the B-point along the flow paths, we computed a representative elevation profile for each avalanche basin. This
was obtained by averaging the elevations of all individual flow paths which originates from the different PRA centroids within
the basin, at equal distances from a common outlet located downstream to the SAR-based deposits detected within the basin.
A spatial step of 4 m, consistent with the DEM resolution, was used. The average slope profiles were then derived as the
gradient of the average elevation profiles smoothed using a moving window of size 7 to reduce the influence of local sharp
slope variations and DEM limitations. The B-point was then automatically located along the representative profile. Multiple
candidate B-points at 10°, 15°, 20°, 25°, and 30° were initially identified. The final B-point was selected based on visual
inspection, requiring it to be located downstream of the convergence of the individual flow paths and to exhibit spatial
consistency between SAR-based deposits and the simulated flow paths.

To model the RR distribution, we assumed that the annual maxima observed on each avalanche path i € {1,..., 17} are
independent and identically distributed (i.i.d.) random variables G; ~ GEV(y, g, £), where GEV(y, o, &) denotes a
generalized extreme value distribution with location y € R, scale o > 0, and shape ¢ € R (McClung et al., 2022). However,
not necessarily an avalanche with ASC = 2 occurred on each slope every year. Hence, G; would allow us to derive the
conditional probability that the largest RR observed during a year on path i (RR;) exceeds a threshold x € R, provided that
at least one qualifying avalanche occurred on that path during that year, namely

P(RR; > x | 3 avalanche on path ). “)

Hence, the unconditional annual exceedance probability on path i is obtained as

P(RR; > x) = P(RR; > x| 3 avalanche on path i) - P(3 avalanche on path i). 5)

12
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Since the G; are i.i.d., Eq. (4) does not vary globally (i.e., it does not depend on the avalanche path in the study area). On the
other hand, Eq. (5) has a local validity since P(3 avalanche on path i) =: p; depends on the individual path. Indeed, some
paths are more prone to large avalanches than others.

To estimate the common GEV distribution, all available annual maxima of RR from the 17 paths were pooled together, similar
to what Bocchiola and Rosso (2008) proposed for the three days cumulative snowfall parameter. This distributional approach
increases statistical robustness by maximizing the effective sample size, consisting of 76 annual maximum RR values. The
parameters p, o, and & were estimated by maximum likelihood estimation (Myung, 2003). On the other hand, the occurrence
probabilities p; were estimated as the ratio between the number of years in which path i experienced a significant avalanche
and the total number of years considered in the study. However, recall that only 10 years of SAR acquisitions have been
considered, hence leading to a less reliable estimate than the one of the GEV distributions.

Notice that Egs. (4) and (5) provide estimates of the runout probability and the impact probability, respectively, following the
definitions adopted in the site-specific avalanche warning recommendations of the EAWS (Site specific avalanche warning,

2026).

4 Results
4.1 Spatial distribution of SAR-based detections

In general, the avalanche deposits detected over the Livigno area visually correspond to the lower portions of the simulated
avalanche paths (Figure 2a). However, the visual inspection revealed specific areas characterized by recurrent false positives
such as ski-domain infrastructures, including alpine ski slopes, cross-country tracks, and other winter sport facilities (Figure
2b). as well as the artificial Livigno lake (Figure 2¢). Based on in situ observations, ski slopes are generally groomed every
night, while the Livigno lake remains generally frozen between late December and early April, with a continuously varying
water level due to hydropower operations. False deposits within the ski areas are mainly detected in early or late season, while
false deposits within the lake in winter. Frequent small deposits (i.e., in the order of few pixels) are detected in backcountry
non-avalanche areas often characterized by slopes change, bowls, or gullies. Small areas with deposit frequencies larger than

1 were also detected along the main roads.
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Figure 2. Avalanche deposit frequency raster representing the number of hits in the last ten years together with different land features and
AvaFrame::com1DFA simulations. (a) Avalanche deposits frequency in backcountry terrain potentially interested by simulated avalanches.
(b) Avalanche deposits frequency in non-avalanche ski areas. (c) Avalanche deposits frequency within the Livigno lake, which is a non-
avalanche area.
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4.2 Comparison between SAR-based and observed avalanche activity

For AG 168, 24 scenes (17.8 % of the total) presented substantial differences between AA4Lq and AALss. According to the
classification scheme defined in Sect. 3.3.2 , they were thus classified as follows: 13 scenes as B1 (plausible avalanche activity
likely missing in the Livigno avalanche dataset), 3 scenes as C2 (dominance of non-plausible detections interpreted as false
positives), 2 scenes as A1 (ASC misclassification between datasets), 1 scene as A2 (missed detections attributable to Sentinel-
1 resolution limits), and 2 scenes as A3 (missed detections not attributable to resolution or ASC mismatch). For AG 15, the
classified scenes were 28 (21.3 % of the total). Of these, 8 scenes were classified as B/C1, 13 as B/C2, 1 as Al, and 6 as A3.
In both avalanche groups, scenes classified as B1 or B/C1 were generally associated with deposits detected in remote areas or
in periods characterized by limited ground-based observations in the Livigno avalanche dataset (recall Sect. 2.3). Scenes
classified as Al or A2 mainly involved channelized avalanche deposits correctly detected by SAR but associated with
underestimated ASC values in the Livigno avalanche dataset, likely due to their elongated geometry and locally enhanced
deposit thickness. In addition, A2 scenes included multiple missed detections corresponding primarily to avalanches manually
classified as ASC 1.

Based on this assessment, only 5 scenes were considered invalid for AG 168 (3.8% of the total), compared to 19 scenes for

AG 15 (14.5%). According to the information reported in the Livigno avalanche dataset, 95 % of the total number of dry
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avalanche cycles, 99 % of the total number of wet avalanche cycles, and 100 % of the total number of mixed avalanche cycles
have a corresponding valid scene. Following Sect. 3.3.3, scenes classified as invalid (class A3 or B/C2) were further analysed

to identify external processes potentially contributing to scene invalidation.

4.2.1 Snow, weather, and avalanche conditions of the invalid scenes

As reported in Table 1, most invalid scenes dominated by false negatives (class A3) were associated with increasing air
temperatures and significant melting episodes affecting the avalanche deposits during the SAR revisit period, resulting in
enhanced snow wetness under post-event conditions. In some cases, new snow accumulated over the deposits before the
melting episodes. This behaviour was observed in two scenes for AG 168 and four scenes for AG 15. Conversely, in one scene
for AG 168 and two scenes for AG 15, missed detections occurred over dry, thin, and spread deposits, combined with
approximately 50 cm of dry new snow accumulation during the SAR revisit period. Regarding invalid scenes dominated by
false positives (class B/C2), two cases for AG 168 and twelve cases for AG 15 were characterized by wet snow conditions at
the pre-event acquisition time, followed by decreasing air temperatures during the SAR revisit period, which promoted
substantial snow refreezing before the post-event acquisition. In these cases, false positives frequently affected entire slopes
or corresponded to old avalanche deposits accumulated earlier in the same season. In only one case for AG 168, false positives
were mainly located within patchy coniferous forest areas, where snow-free canopies at the pre-event acquisition became

covered by a significant amount of wet snow in the post-event acquisition.

Table 1. Summary of the main causes that potentially led to scene invalidation, together with the error type and the relative class.

Probable failure cause Number of scenes (AG 168) Number of scenes (AG 15) Type and class

Thin and spread deposits with new snow 1 2 False negative (A3)
General snow wetting 1 4 False negative (A3)
General snow refreezing 2 12 False positive (B/C2)
Wet snow on the forest 1 0 False positive (B/C2)
Unknown 0 2 False positive (B/C2)

After excluding potentially invalid scenes and areas from the SAR-derived dataset, a total of 130 scenes were retained for AG
168, representing 96.2 % of the total. Similarly, 112 scenes were retained for AG 15, corresponding to 85.5 % of the total.
Considering both AGs, the median 44 L. of scenes flagged as B/C2 (false positives) was 41.7, compared to a median 44 Lsr
of 1.5 for the valid scenes. Scenes classified as A3 exhibited a median A4 of 2.31 (see Figure 3).
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415 Figure 3. Boxplot of the 44! for all valid scenes, invalid scenes of class B/C2 (large false positive presence), and invalid scenes of class
A3 (large false negative presence).

4.2.2 Backscatter characteristics of the invalid scenes

We are now ready to compare the backscatter characteristics related to the different causes of failure in the invalid scenes with
the backscatter characteristics of the reference valid scene.

420 Figure 4 represents the scene of 3 April 2024 from AG 168, assumed as valid (recall Sect. 3.3.3) and considered as the reference
for analysing the backscatter variations in the ones classified as invalid. The avalanche deposits classified in this scene clearly
appear as green tongue-shaped features, visually distinguishable by the human eye from the surrounding areas. The distribution
of backscatter coefficient variations between pre- and post-event acquisitions is also clearly distinguishable for both 3'" and
"7, with deposits presenting a marked increase in backscatter with respect to the surrounding and limited overlap between

425 the two histograms.
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Figure 4. Reference valid scene of 2024-04-03 acquired in AG 168. (a) Color Composite Image of the scene together with the deposits
correctly detected by the neural network model. (b) Co- and Cross- polarization backscatter variations distributions within the ground-truth
deposits (green) and the surrounding area of the Livigno area (red).

Figure 5 shows the color composite image of 4 April 2024 from AG 15 (afternoon), when snow wetting occurred leading to
false negatives, with the superimposition of the valid-scene deposits (acquired with AG 168 in the early morning of 3 April
2024). Between the two acquisition times, temperatures significantly increased leading to a significant increase in snow
wetness at the post-event acquisition. Looking at Figure 5a, avalanche deposits are no longer clearly distinguishable from the
surrounding and appear in purple rather than green. Consistently, Figure 5b shows that the variations of backscatter between
pre- and post-event conditions are distributed around zero, instead of the clear positive variations observed within the valid-

scene deposits.
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Figure 5. Invalid scene of 2024-04-04 acquired in AG 15 affected by snow wetting. (a) Color Composite Image of the scene together with
ground truth deposits from Gatti et al. (2026). (b) Co- and Cross- polarization backscatter coefficients variations distributions within the
correctly detected deposits of the valid reference scene (green) and within the same deposits for the invalid scene (red).

Figure 6 focuses on the scene of 10 March 2024, where dry snow avalanches with 4SC > 2 produced spread deposits expanded

laterally outside the main flow path, with an average thickness estimated from field survey of about 100 cm. Around 50 cm of
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new dry snow had recently accumulated in the surrounding area, partially covering the deposits. As can be seen from the color
composite image (Figure 6a), the deposits exhibit very low contrast with respect to the surrounding area, which is also evident

from the backscatter coefficients variation distributions reported in Figure 6c.

205
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Figure 6. Invalid scene of 2024-03-10 acquired in AG 168 affected by spread and relatively thin deposits with new dry snow presence. (a)
Color Composite Image of the scene together with ground-truth deposits from field observations conducted after the avalanche events. (b)
Picture acquired during the field survey. (c¢) Co- and Cross- polarization backscatter coefficients variations distributions within the ground-
truth deposits of the invalid scene (green) and the surrounding area (red).

Figure 7 represent the scene of 27 March 2024 from AG 168, characterized by the presence of wet snow on the ground at the
time of the pre-event acquisition, with a consistent snow refreeze for the time of the post-event acquisition. Looking at the
color composite image reported in Figure 7a, the false positive occupies large slope portions, with a marked green color
indicating backscatter increase. As reported in Figure 7b, the distribution of the backscatter coefficients variations in these
areas is positive and similar to the variation occurred within the deposits of the valid scene (3 April 2024, AG 168).
Furthermore, old avalanche deposits which undergoes the same melting-refreezing process within the SAR revisit period were

classified again by the neural network model as new avalanche deposits.
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Figure 7. Invalid scene of 2024-04-27 acquired in AG 168 affected by snow refreezing. (a) Color Composite Image of the scene together
with false positives detected by the neural network model. (b) Co- and Cross- polarization backscatter coefficients variations distributions
within the false positives of the invalid scene (red) and within the correctly detected deposits of the valid reference scene (green).
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Figure 8 represents the scene of 28 January 2025, where false positives appeared in patchy forested areas which canopy was
covered by wet snow. Looking at the color composite image reported in Figure 8a, these areas present a marked green color,
indicating backscatter increase. Similarly to the case of snow refreezing, the backscatter coefficients variations distributions

reported in Figure 8c is positive and similar to the one of the valid reference scene (3 April 2024, AG 168).
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Figure 8. Invalid scene of 2025-01-28 acquired in AG 168 affected by wet snow on tree canopies. (a) Color Composite Image of the scene
together with false positives detected by the neural network model. (b) False positives outlines superimposed to an optical satellite image.
(c) Co- and Cross- polarization backscatter coefficients variations distributions within the false positives of the invalid scene of 2025-01-28
(red) and within the correctly detected deposits of the valid reference scene (green).

4.3 Probabilistic Runout Ratio modelling

The analysis of the candidate B-point locations led to the selection of the 25° slope as the most representative configuration.
Indeed, B-points associated with the 10° slope were not consistently present along the selected avalanche paths and were, in
most cases, located downstream of the mapped deposits. The 15° and 20° B-points were frequently situated within the debris
fan area that characterize the avalanche deposit zones. In this sector, a significant discrepancy between the simulated flow
paths and the SAR-detected deposit trajectories was frequently observed, potentially leading to errors in the computation of
Ax. Conversely, the location of the 30° B-points was generally considered too far upstream along the flow paths, often above

the zone where the flow paths merge into a single channel (see Figure 9).
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Figure 9. Example of flow paths and B-points location for two of the 17 selected avalanche basins. (a) Avalanche basins 7 and 8 with the
simulated flow paths, the PRA layer, the PRA centroids, the SAR-based avalanche deposits, the B-points locations, and the location of the
common outlets of the multiple sub-paths. (b) Average flow profile for Basin 7 together with the B-point for 25°. (c) Average flow profile
for Basin 8 together with the B-point for 25°.

Figure 10a shows the cumulative distribution function (CDF) and Figure 10b the probability density function (PDF) of the
estimated GEV distribution, whose parameters are reported in Table 2 together with their 95 % confidence intervals. The
negative value of the shape parameter ¢ indicates a Weibull-type GEV distribution, implying a bounded upper tail for the RR,
and the confidence interval of ¢ does not include zero, providing statistical evidence that the tail behavior significantly departs
from the Gumbel and Fréchet cases. The Q—Q plot related to the GEV model reported in Figure 10c shows a generally good
agreement between empirical and theoretical quantiles, with deviations mainly observed in the lower tail (i.e., at small RR
values). Formal goodness-of-fit tests further support the adequacy of the GEV model: the Kolmogorov—Smirnov test does not
reject the null hypothesis that the data follow the fitted distribution (KS statistic of 0.10), similarly the Anderson—Darling test
indicates no strong evidence against it (A2 = 0.83). However, note that the reliability of these two statistical tests is limited by

the relatively small dataset (76 data). Finally, the results of the two different RR models are shown in Figure 11.
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Figure 10. Results of the GEV model fitting. (a) Empirical and modelled cumulative distribution function (CDF). (b) Modelled probability
density function (PDF) compared to the empirical data. (¢c) Q—Q plot, the deciles are highlighted in green.

500 Table 2. Parameters of the fitted GEV model, together with their 95 % confidence intervals (Cls).

Parameter Value 95 % ClI

1 (location) 0.1774 [0.1016,0.2533]
o (scale) 0.3159 [0.2682,0.3721]
¢ (shape) -0.4160 [-0.5114,-0.3205]
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Figure 11. Runout distance exceedance probability along the flow paths of six avalanche basins located in the Engadine valley, together
with the main roads. (a) Conditional exceedance probability (i.e., Eq. (4)). (b) Non-conditional exceedance probability (i.e., Eq. (5)).

5 Discussion
5.1 Influence of land surface features on SAR-based avalanche detection

The visual inspection of the SAR-based avalanche deposit frequency over the Livigno area revealed the presence of specific
land features where recurrent false-positive detections are present. Patchy zones characterized by non-null detection
frequencies in non-avalanche alpine terrain are primarily associated with preferential wind-accumulation features, such as
bowls and gullies. Wind redistribution plays a key role in controlling spatial snow-depth variability throughout the winter
season, and zones of snow accumulation and erosion tend to recur systematically within a given region (Féhn and Meister,
1983). This spatially structured redistribution significantly influences radar backscatter signals, due to variations in snow depth
and land surface roughness (Nandan et al., 2023). Other small false detections, typically spanning only a few pixels, frequently
occur along main roads, where snow-clearing operations generate snow piles or in anthropogenic areas due to local land cover

modifications.
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False avalanche detections along ski slopes may be primarily associated with surface roughness variations induced by
grooming activities. Snow grooming machines produce characteristic ridges and corrugations with heights on the order of 2 or
3 cm. Given the ~5.6 cm wavelength of the C-band signal emitted by Sentinel-1, variations in the height and the orientation of
these surface undulations between pre- and post-event acquisitions can significantly modulate the radar backscatter response,
potentially explaining the false detections (Flores-Anderson et al., 2019). Areas surrounding the ski slopes, characterized by
intense anthropogenic activity and frequent skier traffic, also exhibit multiple small false detections, which can be attributed
to temporal snow properties variations.

False detections associated with the Livigno lake likely arise from the complex microwave backscatter response of ice-covered
water bodies (Wakabayashi et al., 2019). Additionally, many false detections occur near the shoreline, where fluctuations in
water level due to hydropower operations expose terrain between pre and post event acquisitions, leading to strong backscatter
increases in these areas (i.e., typically water bodies as the lower backscatter values of the entire scenes). Occurrence of false
positives on iced lakes was also reported in Eckerstorfer and Malnes (2015), in addition to misclassification in active debris
flow tracks, not present in our study area.

Finally, false detections can also occur in forested areas. However, this effect is not systematic and is observed only under

specific snow conditions; it is therefore discussed in detail in the following section.

5.2 Influence of snowpack and weather variations on SAR avalanche detections

Detection failures associated with thin and spread dry deposits can be attributed to their low backscatter contrast relative to the
surrounding snow cover (Figure 6). Similar difficulties in detecting dry avalanche deposits have already been reported by
Eckerstorfer et al. (2019) and Malnes et al. (2024). Dry snow avalanches are often characterized by smoother deposits with
finer granules compared to wet-snow avalanches (Bartelt and McArdell, 2009). Thus, according to the avalanche backscatter
mechanism proposed by Eckerstorfer and Malnes (2015), if the deposit depth is not significantly larger than that of the
surrounding snow cover, a small contrast in snow volumetric backscatter should be expected. Furthermore, the limited increase
in both y9"” and 70" between pre- and post-event conditions may be related to the negligible surface backscatter produced by
dry snow (Mitzler, 1987; Strozzi et al., 1997). Finally, new dry snow deposited during the SAR revisit period can lead to a
general increase in yo'? over the scene, while y”” remains mainly influenced by the relatively stable properties of the
underlying soil, further limiting the contrast between avalanche deposits and the surrounding (Lievens et al., 2022;Mariani et
al., 2026).

Snow wetting represented another reason for false negatives. In this scenario, detection failures are attributed to a general
decrease in backscatter relative to pre-event conditions in the areas where avalanche deposits should have been located. Snow
wetting occurring after avalanche release may smooth the surface roughness of the deposits, leading to a less pronounced
surface backscatter increase. Furthermore, both yo”” and yo"" decrease with increasing liquid water content, reflecting the well-
known effect of differing complex dielectric constants between dry and wet snow (Métzler, 1987). For example, Nagler and

Rott (2000) reported a decrease of at least 3 dB between dry and wet snow conditions, which can compensate the expected
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backscatter increase over avalanche deposits in the case of smoothed snow surface. This failure mechanism is further enhanced
when new snow accumulates over the deposits prior to snow wetting, as the SAR signal can no longer penetrate sufficiently
to interact with the buried avalanche debris under post-event conditions.

Failures in avalanche deposit detections, leading to many false positives, were mainly attributed to general snow refreezing
between pre- and post-event acquisitions. In these areas, the increase in both yo”” and yo'”, is very similar to that of valid
avalanche deposits. Because wet snow backscatter is typically very low, refreezing causes the backscatter to increase. This
effect is further enhanced by the presence of the melt—freeze crust at the time of post-event acquisitions, which has been shown
to further increase both co- and cross-polarization backscatter coefficients (Carletti et al., 2025). A positive aspect of this
interference mechanism is that snow refreezing is generally widespread across homogeneous slopes, producing very large false
positives that can be discriminated by an expert and enabling the automatic flagging of potentially invalid scenes based on
AAlar; this will be further discussed in Sect. 5.3. It is also important to note that general snow refreezing was the main cause
of scene invalidation and should therefore be considered carefully when mapping avalanche deposits from SAR data.
Regarding the false positives associated with the presence of wet snow on the tree canopy, these areas exhibited a notable
increase of both y0”” and 70", again with a distribution of backscatter coefficients variations closely resembling that of valid
avalanche deposits. Chauhan et al. (2022) identified that the complex dielectric constant of tree leaves at microwave
frequencies increases with moisture content, similarly the presence of wet snow on the branches during the post-event
acquisition likely contributed to increased backscatter and reduced signal penetration. Chang et al. (2025) showed a gain up to
7 db in the reflection coefficients of vegetated surface after rainfall events. Additionally, double-bounce scattering mechanisms
between branches or between the wet snow at the ground and the tree trunks could have further amplified the backscatter signal
(Oh et al., 2002). Notably, Chauhan et al. (2022) also highlighted that the backscatter increase with leaf humidity depends on
the LIA and, in our case, false positives were observed predominantly on one side of the Livigno valley (Figure 8). While
SAR-based avalanche deposits misclassifications due to changing snowpack properties was already noticed in Eckerstorfer
and Malnes (2015), to our knowledge, ours is the first report of such an effect in avalanche remote sensing, and further targeted
studies are needed to fully characterize and address this phenomenon.

From a theoretical perspective, another potential interference mechanism not directly observed in this study is the transition
from wet snow cover, characterized by low backscatter values in the pre-event acquisition, to bare soil conditions, which is

known to significantly increase backscatter thus leading to false positives (Flores-Anderson et al., 2019; Carletti et al., 2025).

5.3 Reliability of SAR-based avalanche activity reconstruction

The comparison between the 441 computed from SAR-based avalanche deposit detections and the one derived from manual
observations allowed us to account for the limitations inherent to manual avalanche records. The larger number of invalid
scenes for AG 15 compared to AG 168 is related to increased detection failures attributed to general snow refreezing or snow
wetting. Since AG 15 acquires images in the afternoon, this behaviour is likely linked to more favourable conditions for snow

wetting during that time of day (Kneib et al., 2024a). For this reason, we consider the choice of using AG 168 detections for
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reconstructing a historical avalanche deposit series for probabilistic analysis appropriate. Furthermore, we conclude that early-
morning SAR acquisitions are advantageous for historical avalanche reconstructions at these latitudes.

Based on the avalanche cycles nature reported in the Livigno avalanche dataset, both wet and dry snow avalanche activity was
well reproduced, and no clear detection pattern was observed. Although the studies of Keskinen et al. (2022) and Eckerstorfer
et al. (2019) reported limitations in monitoring dry snow avalanches, we believe that the wet or dry nature of avalanches has a
negligible influence on detection performances, assuming that the avalanche deposits are of sufficient size. Instead, successful
detection is primarily affected by the state of the snow in and around the avalanche deposits at the time of post-event
acquisitions, as well as by the snowpack and weather evolution during the SAR revisit period.

Only a small percentage of scenes (3.8 % for AG 168 and 14.5 % for AG 15) were completely invalid due to the predominance
of both false positives and false negatives. In contrast, in 24 scenes for the two AGs, SAR identified avalanche cycles that
were missed or underestimated in the Livigno avalanche dataset. This, together with the significantly higher total 447 derived
from SAR-based detections, supports the findings of Eckerstorfer et al. (2016, 2017, 2019), demonstrating that SAR represents
an effective tool for comprehensive avalanche monitoring over forecasting regions, complementing traditional manual
observations. Moreover, it demonstrates the reliability of reconstructing historical avalanche activity using Sentinel-1 SAR
data with the neural network model presented in Gatti et al. (2026).

As shown in Figure 3 invalid scenes characterized by consistently high false positives can be automatically flagged for manual
inspection based on their elevated AAI,,-values. This procedure identifies both valid large avalanche cycles and invalid scenes
with large false positives detections. Avalanche experts can then decide whether to retain or exclude individual scenes, without

analysing the entire historical series, as general snow refreezing produces clearly distinguishable deposit shapes.

5.4 Modelling avalanche runout distance probabilities from SAR data

The definition of the B-point is a key step in the computation of the RR parameter used for probabilistic modelling of avalanche
runout distances. Although the B-point is commonly defined at a slope angle of about 10° (Lied & Bakkehoi, 1981; McClung
& Lied, 1987; McClung & Mears, 1991; McClung et al., 2022), our results suggest that this assumption is not always
appropriate when the analysis relies on automatically derived flow paths in an Alpine context. Indeed, some of the flow paths
used in this study never reach 10° of slope before the outlet, while 15° and 20° thresholds tended to place the B-point within
or even downstream of the observed deposition zones. The spatial distribution of SAR-detected avalanche deposits and the
underlying DEM morphology indicate that starting of avalanche retardation is more consistently represented by a slope
threshold of about 25° in our study area, supporting the choice of the B-point for this value.

The significance of the GEV model fitting demonstrates the potential of using SAR-based avalanche detections for
probabilistic modelling of the conditional probability of avalanche runout distance. In particular, the distributional approach
based on the RR helps compensate for the limited temporal record of SAR observations by exploiting their wide spatial
coverage and the large number of avalanche basins potentially observed across a broad area. The Weibull-type nature of the

GEYV suggests the existence of a theoretical upper limit to extreme runout distances in the analysed dataset, consistent with
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physical constraints imposed by topography and energy dissipation processes (McClung and Hoeller, 2025). The deviations in
the lower tail of the Q—Q plot related to the GEV model suggest that this reproduces the central and upper portions of the
empirical distribution well, while the smallest observations are less accurately captured. Since the primary interest in extreme
value analysis typically concerns the upper tail, this behaviour does not substantially affect the interpretation of extreme runout
probabilities. Moreover, these discrepancies can be explained by the difficulties in measuring precisely small avalanches with
SAR data.

The mapping of the unconditional annual exceedance probability reveals the limitations of using only 10 years of data to
compute the probability of annual avalanche occurrence on each path. Indeed, from a visual inspection of the results reported
in Figure 11, neighbouring avalanche basins with similar morphological characteristics present very different values in terms
of existence probability. Since no climatic or morphological properties of these basins is found to justify this behaviour,
differences in the unconditional exceedance probability are probably related to the low number of observation years available,
together with SAR-based avalanche detection limitations.

Relating the proposed methodology in the context of the site-specific avalanche warning recommendations written by the
EAWS (Site specific avalanche warning, 2026), we conclude that SAR data are effective for estimating the conditional

probability of avalanche runout, i.e., assuming conditions favourable to large avalanche releases.

5.5 Main limitations and future work

Firstly, we did not analyse the influence that snowpack properties (e.g., density, grain and particle size, the presence of ice
lenses, and debris surface roughness) have on detection performance. Moreover, even if the main snow and weather variations
affecting the detections identified in this study are believed to represent general processes occurring in mountainous snow
climates worldwide, additional studies in different regions are required.

In the automatic definition of the flow paths associated with the SAR-based detections, as well as in the identification of the
B-point along them, difficulties mainly arose from discrepancies between the SAR-derived deposits and the simulated
hydrological paths within the deposition zones. To our knowledge, no studies have yet combined remotely sensed avalanche
deposits with avalanche dynamic simulations to fully reconstruct avalanche event morphology. Therefore, improved methods

are needed to relate the detected deposits to the avalanche events that generated them.

6 Conclusions

In this work, we combined dual-polarization Sentinel-1 SAR imagery with the deep learning Convolutional Neural Network
algorithm presented in Gatti et al. (2026) to automatically detect snow avalanche deposits between December 2015 and May
2025 in an area located in the Central Rhaetian Alps. The main snow and weather conditions affecting detection reliability

were evaluated, and the resulting SAR-based avalanche deposit dataset was tested for runout distance modelling. Two
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independent image series acquired with different acquisition geometries, in the early morning and in the afternoon, were
considered to assess the influence of acquisition time and variable snow conditions on detection performances.

Focusing on a portion of the study area, we first computed the Avalanche Activity Index (441) from both the SAR- and manual-
based datasets, over the same temporal intervals. A pre-classification of each detection scene based on the 44ls was then
performed, distinguishing between valid and invalid scenes. Recurrent patterns leading to false negatives were attributed to
snow melting after the avalanche events at the deposit locations, as well as to thin and spread deposits combined with the
presence of new dry snow in the area. In contrast, false positives were attributed to general snow refreezing at the slope scale
during the SAR revisit period and, in one case, to the presence of wet snow on the tree canopies. The potential of describing
both dry and wet snow avalanche cycles without preferential performances was demonstrated, particularly for images acquired
in the early morning. While previous studies often attributed differences in detection rates to the dry or wet nature of
avalanches, our results demonstrated that the main causes of detection invalidation were related to snow conditions at the time
of post-event acquisition, as well as to snow and weather evolution occurring during the SAR revisit periods.

To model the runout distance exceedance probability from the historical SAR-based avalanche deposits, our analysis focused
on 17 avalanche basins, selected for their morphological characteristics prone to extreme avalanche events. For each basin,
potential avalanche flow paths were simulated, and times series of annual maximum Runout Ratios (RRs; McClung and Lied
(1987)) were automatically derived from SAR detections. Finally, following a distributional approach (Bocchiola and Rosso,
2008), these data were aggregated and successfully fitted with a Weibull-type GEV model.

Overall, this work demonstrates that Sentinel-1 SAR data and deep learning can reliably reproduce the historical evolution of
the avalanche activity within a region and support probabilistic runout assessment across multiple basins. It also complements
traditional avalanche records and provides valuable information for hazard management in remote or poorly monitored areas,

where remote sensing may represent the only feasible data source.
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