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Abstract. We present a novel method for near real-time snow avalanche detection using Distributed Acoustic Sensing (DAS).
A ~10km long telecommunication cable permanently installed along the avalanche-prone Fliielapass road (Swiss Alps) was
continuously monitored over a full winter. Avalanches, including events that did not physically reach the cable, were clearly
recorded and confirmed with photographic evidence. To discriminate avalanches from anthropogenic signals, we introduce a
dual-frequency short-term over long-term average attribute that produces coherent high-value spatio-temporal signatures for
avalanches, while vehicles predominantly generate negative values with pronounced move-out. The workflow consists of (1) a
quasi-instantaneous threshold-based trigger to detect onset time and location, followed by (2) a rapid waterfall image analysis
to estimate event extent and invalidate traffic-induced alerts. The first step issues alerts with millisecond-scale latency and
meter-scale spatial resolution. The second step introduces additional latency, as it requires the event to sufficiently develop in
order to assess its spatio-temporal morphology and confirm or discard the initial trigger. Our system issued alerts only 4.5 %o
of the time when the road pass was open (i.e. 2.5 hours over 23 days), demonstrating the robustness against traffic, and 0.36
%o of the time when the pass was closed (i.e. 55 minutes over 108 days). Among those, a total of 73 potential avalanches were
identified, most of them occurring during three independently documented avalanche episodes. These findings demonstrate that
DAS represents a viable and cost-effective solution for operational real-time avalanche monitoring, with potential applicability

to broader natural hazard detection.

1 Introduction

Mass movements represent an increasing hazard to populations and critical infrastructure worldwide (Stoffel and Huggel,
2012; Chiarle et al., 2021; Eckert et al., 2024). Landslides, avalanches and flash floods frequently pose a significant risk to
the population, with thousands of fatalities each year and billions of dollars in financial damage (Dilley, 2005; Petley, 2012;
Froude and Petley, 2018; Emberson et al., 2020). In Switzerland, snow avalanches represent the deadliest natural hazards
(Badoux et al., 2016), having the potential to cause economic losses over several hundreds of millions of Swiss Francs (Briindl
et al., 2004). Avalanche monitoring is an active area of research (Denissova et al., 2024), and mitigation measures have been

implemented in the Swiss Alps for many years (Fuchs et al., 2007). However, while permanent mitigation measures such as
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structural protection and land-use planning can substantially reduce avalanche risk, they are costly and not always feasible for
all exposed infrastructure. In many situations, risk management therefore relies on temporary measures such as road closures
and evacuations. These measures require timely and reliable information on avalanche occurrence, highlighting the need for
robust avalanche detection systems.

To date, ground-based operational monitoring systems rely mainly on optical and radar observations (Eckerstorfer et al., 2016;
Kohler et al., 2018, 2020; Gauer et al., 2007; Caduff et al., 2015), impact measurements (Baroudi et al., 2011), as well as
infrasound (Marchetti et al., 2015; Mayer et al., 2020) and seismic sensors (Allstadt et al., 2018; Hiirlimann et al., 2019;
Simeon et al., 2025). Impact measurements (e.g., by tripwires) are by definition installed in situ, which limits deployment to
particular avalanche paths on well-known slopes. In contrast, ground-based remote sensing methods cover a larger investigation
area. Passive optical methods such as time-lapse photography and photogrammetry can provide near-real time data, but are
limited by sensor illumination and exposure, making them highly dependent on season, weather and the diurnal cycle. Ground-
based radars comprise Doppler- and Interferometric methods, which allow retrieving previously unprecedented spatio-temporal
resolution of avalanche dynamics (Kohler et al., 2016). Radars are employed to guide for example road closures (Meier et al.,
2016). These active and passive remote sensing techniques are limited to a device and topography-dependent field-of-view,
resulting in limited spatial coverage.

Ground-based systems that are neither slope-specific nor weather-dependent include infrasound and seismic sensors. The for-
mer measure acoustic waves propagating in air and snow while the latter measure elastic waves propagating in snow and solid
subsurface. Both methods have been used to detect and characterize mass movements, e.g. (Surifiach et al., 2005; Schimmel
et al., 2018). Infrasound sensors can be installed in a snow avalanche path or in the valley for monitoring and dynamic charac-
terization (Sovilla et al., 2025). By employing microphone arrays, avalanche path and kinematics can be deduced (Marchetti
et al., 2015). Similar to infrasound, seismic sensors can be employed in the seismic near-field (Vilajosana et al., 2007; Van Her-
wijnen and Schweizer, 2011; Pérez- Guillén et al., 2016) and far-field (Lawrence and Williams, 1976; Hammer et al., 2017).
Measurements of up to 15 km from the avalanche have been reported (Lacroix et al., 2012; Pérez-Guillén et al., 2019; Hammer
et al., 2017). Developments include automated array processing for localization and characterization (Lacroix and Helmstetter,
2011; Lacroix et al., 2012) and machine learning to further improve detection and warning capabilities for mass movements
(Chmiel et al., 2021; Kang et al., 2024; Heck et al., 2019a).

Seismic systems stand out for their ability to provide continuous monitoring across wide areas regardless of visibility conditions
(Pérez- Guillén et al., 2016; Simeon et al., 2025). However, the installation and maintenance of dense arrays of conventional
seismic sensors in alpine terrain is challenging and costly. Moreover, limitations remain in both spatial resolution and coverage
(Dietze et al., 2017; Heck et al., 2019b). Robust real-time detection requires further extensive, large-scale monitoring solutions
(Mayer et al., 2020), complementing systems that are either highly site-specific or air- and space-borne (Eckerstorfer et al.,
2016).

Fiber-optic sensing, and in particular Distributed Acoustic Sensing (DAS), may address those issues. DAS has recently emerged
as an alternative seismic data acquisition technology that offers dense spatial coverage with significantly lower cost and effort,

by transforming any standard telecommunication optical fiber into a very large number of ground deformation sensors with a
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meter scale sampling (Hartog, 2017; Lindsey and Martin, 2021). The DAS system consists of an Interrogation Unit (IU) that
emits and receives laser pulses in a fiber-optic cable. Hence, a single instrument forms a high-resolution distributed sensing
antenna potentially over several tens of kilometers, making large-scale real-time monitoring logistically feasible and cost-
effective. The DAS instrument response has been studied over a wide range of frequencies (Lindsey et al., 2020; Paitz et al.,
2020), and the sensitivity of current IUs has opened new opportunities in cryosphere research (Walter et al., 2020; Klaasen
et al., 2021; Brisbourne et al., 2021; Hudson et al., 2021; Fichtner et al., 2022; Booth et al., 2020; Fichtner et al., 2023; Booth
et al., 2023; Fichtner et al., 2025) and in avalanche studies in particular (Prokop et al., 2014; Paitz et al., 2023; Turquet et al.,
2024).

The application of DAS systems for real-time avalanche detection still remains sparse (Barla et al., 2025; Kleine et al., 2025).
Here we present the results from a DAS experiment using a fiber in a telecommunication cable along a mountain pass road in
Switzerland. The cable crosses several avalanche-prone sections, providing a commonly encountered dangerous situation that
demands monitoring and warning solutions. In this paper, we propose an approach to efficiently distinguish avalanches from

most anthropogenic noises such as vehicles. The method is designed to trigger alerts with minimal latency.

2 Experimental setup and phenomenology
2.1 Interrogation setup

From December 23rd 2021 to May 9th 2022, we interrogated a ~10 km long existing fiber-optic telecom cable along the
Fliielapass, a high mountain pass road in the eastern Swiss Alps (Fig. 1a). The elevation profile ranges from 1414 to 2181 m
above sea level. The site is well-known for the frequent natural release of snow avalanches. Different sections of the road are
exposed to high avalanche hazard, as shown in Fig. 1a), and it is consequently closed to the public during the winter season for
three to four months per year.

Fig. 1 shows the trajectory of the fiber-optic cable in yellow. The approximate geometry was provided by Swisscom Broadcast
and the locations of the DAS channels were further identified through tap tests on-site, leading to an estimated precision of ~20
m. The DAS interrogator (a Silixa iDASTM 2.0 using a fixed 10 m gauge length) was located in the basement of a Swisscom
fiber distribution hub in the village of Susch. The first ~3 km of fiber traversed populated areas and were not analyzed in
this study. The cable then closely follows the mountain pass road from ~3 km to ~6 km fiber distance. For the upper ~4
km (Fig. 1b), it follows the south side of the Susasca River in the valley, with a maximum distance of ~400 m from the
road. The data were initially acquired with a sampling frequency of 200 Hz and 10 m channel spacing. Based on preliminary
analyses, we decided on January 21st to reduce the sampling rate to 100 Hz and record with a denser spatial sampling of 2
m, resulting in ~5000 channels. To homogenize the acquisition and accelerate further processing, the entire dataset was later
resampled to 50 Hz and 6 m, resulting in a manageable volume of 1.8 TB. In order to validate potential avalanche records
with ground-truth observations, we performed several field visits, installed a camera near the top of the cable (see Fig. 1b)
and used a drone to collect photographic evidence. As additional assessment tool, we also simulated the evolution of the snow

stratigraphy and liquid water content using the physics-based, multi-layer SNOWPACK model (Lehning et al., 2002; Bartelt
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Figure 1. a) Avalanche terrain hazard map (from White Risk platform, https://whiterisk.ch/en/welcome) of the monitored Fliielapass road
(dashed black curve). The map shows the release areas, runout zones, and danger of avalanches: the higher the value (red), the greater the
avalanche hazard. Extremely steep terrain is coloured grey, and forest is green. The telecommunication cable (in yellow) starts from Susch
and leads up to the pass top (km 10). The fiber initially follows the road up to ~6 km distance then remains close to the Susasca River. b) Top
part of the site (i.e., last 4 km of cable), where most of the avalanche activity takes place. Yellow pins indicate cable distances (in km) from
the DAS interrogator. The two pink areas indicate the locations of the avalanche examples shown in Figs. 3 and 4 (the latter having been
captured with the camera approximately located as illustrated here in4orange). Maps data: © Google Earth 2025; images: © CNES/Airbus,

Maxar Technologies, Airbus.
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and Lehning, 2002) driven by input weather data from two nearby meteorological stations at 2677 m and 1563 m above sea
level. Finally observations were collected across Switzerland by SLF observers, recreational backcountry users, and automatic
detection systems operated by different Swiss companies via the SLFPro platform (https://pro.slf.ch/workbench), providing a

supplementary avalanche database for further validation.
2.2 Data overview

This section provides a low-resolution overview of the complete dataset, with Fig. 2 showing attributes independently computed
for individual DAS channels over consecutive five-minute time windows (as per 50 Hz resampled file length).

Fig.2a depicts the mean absolute value of the measured strain rate, highlighting the background ambient noise. It can be
observed that the adjustment in the acquisition setup implemented on January 21st resulted in a reduced noise level. We also
observe that noise levels rise toward the end of the season, a pattern we attribute to snowmelt whose onset varies significantly
with elevation. For instance, simulations of Fig. Ala and A1b indicate that the entire snowpack became completely wet (with
liquid water content greater than or equal to 3%) about one month earlier (mid-March) at 1563 m a.s.l. (Davos weather station)
than at 2677 m a.s.l. (Zernez weather station).

Fig. 2b shows the strain rate standard deviation of the same envelope, accentuating time windows containing significant fluc-
tuations, and therefore indicative of events (e.g., water discharge detected at the pedestrian bridge at ~7 km distance). This
metric further reveals the vehicle traffic along the road (distances from 3 km to 6 km highlighted in Fig. 2c) when the pass was
open. The activity at <1.5 km is mostly car traffic on the cantonal road through the Engadin valley, which is not affected by
winter closure of the Fliielapass road.

Fig. 2¢ shows the coefficient of variation highlighting time windows containing transient events, even amidst increasing noise
levels. We found this metric particularly effective for detecting seismic activity, even of modest amplitude. Its detailed inspec-
tion reveals a wide range of signals, which we will further discuss in the next sections. For example, the close-up in panel c)
highlights a period of avalanche activity, with multiple wet-snow avalanches occurring on April 15th (e.g., Fig. 4, as detailed in
Section 2.3). The primary challenge lies in distinguishing avalanches from various anthropogenic noise sources, in particular

vehicle traffic.
2.3 Signal examples

The first step in identifying potential avalanche events in the recordings was a visual inspection of the data, as shown in
the selected examples of Figs. 3 and 4. Subsequently, we used field observations to confirm individual avalanche events. For
instance, drone images acquired on March 25th enabled us to confirm an avalanche that had released six days earlier and had
crossed the mountain pass road at approximately 8 km along the fiber. The event is shown in Fig. 3, with a resulting DAS
signal lasting approximately 30 s and distinguishable over more than 1 km along the fiber, despite its visible physical extent
being less than 300 m. The snow mass stopped at the bottom of the valley on the north side of the river and therefore did not

propagate over the cable located slightly higher on the south side.
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Figure 2. Dataset overview, with attributes independently calculated over the envelope of the signal, per channel and per 5 minutes long time
intervals. a) Mean absolute value of the envelope. b) Standard deviation of the envelope. ¢) coefficient of variation (i.e., ratio of b) over a)).
White arrows in panel c¢) indicate periods of time when the pass remained open to traffic. The zoomed time window on April 15th reveals

clear events, which we could confirmed to be wet snow avalanches.
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Figure 3. Example of an avalanche that released on March 19th, traversing the Fliielapass road and reaching the Susasca river in the valley

(opposite the cable location). a) Drone image taken 6 days after the event. b) DAS recording along the complete ~10 km long fiber-optic

cable. Recordings at <1 km are mostly cars in the village of Susch. ¢) Zoom into the snow avalanche recording, showing clear signal over

~1.5 km, in between ~7.5 and ~9 km distance from the interrogator.
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a) Photograph of a wet avalanche on April 15% 2022

b) DAS recording along the complete cable ¢) Zoom into the avalanche
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Figure 4. Example of a snow avalanche that released on April 15th. a) Photographs taken before and after the event (10 min interval).

Shown in gray scale is the contrast-boosted difference between the two raw pictures, with the arrow indicating the avalanche deposit. b) DAS

recording along the complete ~10 km long fiber-optic cable. ¢) Zoom into the snow avalanche recording, with clear signals around 8.8 km

(£ 200 m) and lasting ~50 s.
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Figure 5. Example of a wet snow avalanche that occurred in the early afternoon of the April 15th. a) Full bandwidth up to 25 Hz. b)
Low-pass filtered version using a Chebyshev operator (-20 dB at 5 Hz, -100 dB beyond 8 Hz). Note the weaker amplitude of the lower
frequencies, which are also visible over a smaller spatial extent than the higher frequencies. ¢) f-k domain spectrum, further highlighting the

high frequency (>5 Hz) dominance.

Later in the season, using images from an automatic camera installed at the end of the fiber-optic cable, we confirmed other
avalanches that released on April 15th. One example is shown in Fig. 4. Despite its occurrence on the south side of the river,
this relatively small avalanche did not reach the fiber and stopped approximately 20 m before it. The event is still visible over
a few hundred meters in the DAS data, with induced strain rate fluctuations reaching 3 pm/m/s.

Fig. 5 shows another avalanche that released on April 15th. Panel a) displays the full bandwidth up to 25 Hz, while panel b)
shows its low-pass filtered version under 5 Hz. The corresponding frequency-wavenumber (f-k) spectrum displayed in panel
c) does not reveal clear modes, as expected from the complex signals in the time-space domain. The f-k plot highlights that
the wavefield is largely dominated by frequencies above 5 Hz and we will demonstrate that the weak low frequency component
can be useful to discriminate avalanches from signals of other origins. For example, vehicle traffic signals (recorded between 3
and 6 km distances) result in a distinct f-k content (see Fig. 6), with a relatively clear mode under 2 Hz. While this observation
alone could potentially serve as a basis for avalanche discrimination, we identified a more robust diagnostic feature for this
purpose, as described in Section 3. Moreover, a meaningful interpretation of the f—k transform requires processing straight
fiber segments, and this method is computationally too expensive for real-time analysis since it requires processing small

sliding time—space windows.
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Figure 6. Example of car traffic DAS signals (5 minutes long record) while the pass was open. a) Full bandwidth up to 25 Hz. b) Low-pass

filtered version (same operator as in Fig. 5). ¢) f-k domain spectrum.

3 Proposed automatic avalanche detection algorithm

Detecting snow avalanches in real-time with minimal latency and false alerts amidst the numerous other events poses a signifi-
cant challenge. We opted for an empirical detection approach rather than a machine-learning model to prioritize interpretability,
and reproducibility. The resulting algorithm emerged from iterative inspection and testing, guided by careful signal analysis

and implemented with tools optimized for real-time processing under limited computational resources.
3.1 STA/LTA analysis

Our solution to discriminate avalanches from other events arose from the observation of the short-term average (STA) over
the long-term average (LTA) ratio considering different spectral content. Given the volume of data and the need for a simple
and efficient algorithm, the well-known STA/LTA approach (Allen, 1978; Withers et al., 1998) was an obvious option to detect
potentially weak signals under fluctuating background noise conditions. The characteristic function o (¢) is typically computed
as follows:

i
1 2
_ STA(t) NZ:;N ’

o) = Ttaw) ~ .
7

L (M)
&
i=t—M

10



150

155

160

165

170

175

180

https://doi.org/10.5194/egusphere-2026-2373
Preprint. Discussion started: 5 June 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

where ¢; is the DAS strain rate sample at time index ¢, while /N and M denote the number of time samples used for the short-
term and long-term averaging, respectively. The characteristic function o (¢) becomes available after a waiting (or readiness)
time of M samples, but is then dynamically updated with every newly collected time sample. Although computed channel
per channel, the process is fast enough to be applied over the whole cable in real-time, without introducing any latency. Fig.
7a shows the typical o(t) response obtained from Eq. (1) for a single channel (at distance 8953 m within the records of Fig.
4). This example highlights several key characteristics: the o(t) attribute (i) initially oscillates around 1 when the signal is
dominated by noise, (ii) rapidly increases above 2 as soon as some energy is present in the short-term window (millisecond-
scale latency), (iii) decreases when more energy accumulates in the long-term window, (iv) approaches zero when little or no
energy is within the short-term window but remains significant within the long-term one, and (v) finally returns to its initial
state, fluctuating around 1.

In brief, o(t) is effective in highlighting transient events, including those of small amplitude, as long as they are above the
noise floor. By relying solely on causal samples, such a detector operates with low latency, with event onset identified as soon
as the short-term average dominates the long-term background level. Another advantage is that o(¢) remains close to 1 in the

absence of transient events, irrespective of the fluctuating background strain rate noise levels.
3.2 Detection feature: dual frequency STA/LTA combination

We propose to exploit the characteristic function o (¢) computed over two frequency bands to highlight both the weaker and
slower nature of the low-frequency component of the seismo-acoustic wavefield generated by snow-avalanches. This approach
is illustrated in Figs. 7 and 8, presenting an avalanche and a car traffic example, respectively. In both cases, panel a) shows o (%)
derived from the full-bandwidth data (below 25 Hz), while panel b) displays the low-frequency version (below 5 Hz, obtained
by convolution with a Chebyshev operator), hereafter denoted o r(t).

In the avalanche example (Fig. 7), the full-band o (¢) highlights three main surges or events. In comparison, opp(t) shows
slightly delayed and weaker peaks for the two main events at approximately 160 s and 200 s. The first event, at around 105
s, completely lacks low-frequency energy. This behavior contrasts with the car traffic example (Fig. 8), in which all events
produce o p(t) peaks of similar strength and timing as those in the full-band o (¢).

Another key difference is that, in the car example, o1 r(¢) does not exhibit any noticeable time lag relative to the full-band signal.
This can be explained by the fact that, although car-generated surface waves are dispersive, the frequency components do not
separate temporally when measured by a nearby cable. In contrast, avalanches generate higher-frequency signals preceding
lower-frequency components. This relative time delay, observable by comparing o (t) and oy g(t), forms our central feature for
discriminating avalanche signals.

A simple way to assess this delay could be through direct o (t) — oLr(t) subtraction, as shown by the pink curves in Figs. 7c and
8c: car signals typically result in sharp troughs, while avalanche events produce broader, high-amplitude peaks lasting several
seconds. While such a difference could in principle support threshold-based triggering for avalanche detection, a challenge
arises from occasional spikes in car signals, such as the one around 90 s in Fig. 8c that could be misinterpreted as avalanche

activity. To address this and leverage the fact that vehicles travel at much lower speeds than seismic waves, we propose a more

11
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Figure 7. STA/LTA example for a DAS channel at 8941 m from the avalanche recording of Fig. 5. a) o(¢) (black) of the full-bandwidth data
(gray). b) o (¢) (black) for filtered data at frequencies < 5 Hz (gray). c) The temporary attribute omp(¢) resulting from Eq. (2). The three
avalanche surges exhibit clear spikes (high value regions HVR, in red), potentially followed by a negative value region (NVR, in blue). The
dashed pink curve shows the result of a plain subtraction between o (¢) and ov(t), providing comparable output as omp(¢) but without the

NVR. Here, based on trial-and-error tuning, we used short- and long-term windows of 2 s and 20 s, respectively.
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Figure 8. Same as Fig. 7 but now applying the process on a DAS channel at 4453 m from the traffic recording of Fig. 6. With cars, oump(t)
outputs mostly NVRs, without HVRs. The plain subtraction (in pink) between o (t) and orr(t) would be fluctuating noise around zero,
without NVRs, as opposed to oymp () (in black) obtained via Eq. (2). This figure highlights that a simple STA/LTA would trigger for each

individual cars, in contrast to our proposed dual-frequency approach.
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robust combination of the dual-frequency o signals:
Tunp(t) = 0 (t) = Jorr(t) = 1| = 1/v2 )

where the term 1/+/2 serves to detrend the output so that oump(t) fluctuates around zero when the data are dominated by ambient
noise. The key ingredient here is the introduction of the |opg(¢) — 1| subtraction, which aims at emphasizing the situation when
both o (t) and o p(t) are closed to zero, i.e., when the long-term window energy dominates over the short-term fluctuations.
As shown in Figs. 7c and 8c, compared to plain subtraction, the combination defined in Eq. 2 preserves the overall response
in terms of spikes (hereafter referred to as high-value regions, HVRs), but introduces pronounced negative-value regions
(N'VRs) in intervals where the LTA clearly dominates the STA. In the traffic example in particular, this produces a distinctive
pattern of extended NVRs trailing the onset of car-generated signals. When this process is applied across all DAS channels,
yielding oy (t,V2) where x denotes channel location, these NVRs can be exploited to suppress undesirable traffic-induced
local spikes. This effect is illustrated in Figs. 9 and 10, where panels a) display the omp(t,Vz) attribute. Although vehicle
signals may occasionally produce relatively high oy, values, their spikes are typically weaker and more spatially scattered
than those associated with avalanche events. Moreover, due to the significant move-out characteristic of vehicle traffic signals,
the resulting NVRs tend to be spatially adjacent to the corresponding HVRs. This spatial relationship can be leveraged to

>

further attenuate "spurious” spikes using a simple smoothing strategy, namely a spatial moving median filter:
Ouig (t, ) = median[oymp (t, 2 — k), ..., 0ump(t,2), ..., 0mp(t, 2 + k)], 3)

where £ is the half-length of the moving median filter. This procedure, suitable for real-time applications, introduces no latency.
The resulting oyig (¢, V) attribute is shown in Figs. 9b and 10b, using k& = 360 m. This simple spatial filtering step effectively
attenuates undesired HVRs within the traffic signal while preserving clear and distinct HVRs associated with avalanche events.
In contrast to the traffic example, the oy;e attribute in the avalanche case exhibits high values even for weak events that are
barely visible in the raw strain-rate data (e.g., at 12:45:02 and 12:45:32). This demonstrates the algorithm’s capability to detect
small-size avalanches of interest.

In summary, we demonstrate that the NVR regions introduced via Eqgs. 2 and 3 facilitate the identification and suppression of
car-induced signals while simultaneously producing a distinct signature for avalanche events. As illustrated in Fig. 9b, the oy,
attribute typically yields broad, flat HVRs, often followed by slightly narrower NVRs when the avalanche produces significant
low-frequency content. In contrast, as shown in Fig. 10b, vehicle traffic generally results in NVRs characterized by greater
move-out. Notably, even when some HVR spikes persist through the spatial median filtering step, the adjacent NVRs typically
remain prominent and exhibit a spatio-temporal pattern that is clearly distinct from those associated with avalanches. This

characteristic provides an additional criterion for confirming traffic-related signals.
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Figure 9. a) Raw attribute oump(¢) and b) its spatially smoothed version oig (¢), for the avalanche signal shown in Fig. 5. Note the pronounced

HVR patch in red, followed in time by a NVR patch, a pattern that distinguishes avalanche signals from most anthropogenic activities and

noises.
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3.3 Real-time feature analysis and detection

The core of our proposed approach lies in the real-time analysis of the oy (t, V) attribute, leveraging the observation that
avalanches and traffic events exhibit distinct, recognizable signatures in this domain. In practice, this involves continuously
computing oy and generating dynamic, real-time visualizations of the metric for initial triggering based on user-defined
thresholds. Specifically, waterfall plots of oyjs over the most recent 1" seconds of recorded data are analyzed in real time. The
first step consists of detecting HVR spikes indicative of potential avalanche activity. This can be achieved with minimal latency
exploiting the causal nature of the STA/LTA method. This initial detection then triggers subsequent analysis to assess whether
a significant NVR region (hereafter referred to as NVR) is spatially adjacent to the detected HVR. Such adjacency indicates
pronounced move-out and, therefore, suggests that the event is likely caused by a source along the cable, such as passing
vehicles. A third diagnostic element is then extracted: another NVR (refereed to as NVR;) that temporally (not spatially)
follows the HVR triggering patch, potentially reflecting the low-frequency content generated by large avalanches. Although
the triggering mechanism itself (i.e. HVR detection where oyig > Oinreshold) OpeTates quasi-instantaneously, we recommend
waiting at least 5 seconds before evaluating the spatially adjacent NVR; to allow for temporal development of the event,
thereby introducing latency in the validation step, as opposed to the triggering. Naturally, determining the full spatio-temporal
extent of the NVR; region requires the event to have concluded, which can potentially take several minutes.

Following the quasi-instantaneous event triggering phase, the proposed avalanche detection algorithm essentially becomes a
pattern recognition task. Various approaches could be envisaged, including computer vision methods or Al-based classification
techniques. In this work, we have adopted a simple yet efficient image-processing strategy. Specifically, connected-component
analysis is applied to the oy, image domain to delineate contiguous regions of interest (HVR and NVR), after which region
attributes are extracted to characterize their spatio-temporal extent. This approach is standard in image analysis (Rosenfeld and
Pfaltz, 1966; Gonzalez and Woods, 2018) and can be implemented in widely used software libraries (e.g., bwconncomp and

regionprops in MATLAB, or scipy.ndimage.label and skimage.measure.regionprops in Python).

4 Event Detection Results

This section presents and analyzes the performance of our avalanche detection algorithm using short-term average (STA)
and long-term average (LTA) windows of 4 and 40 s, respectively. The low-frequency data were obtained using convolution
with a Chebyshev operator achieving 80 dB attenuation at 5 Hz. The spatial median filter step (Eq. 3) was performed over a
360 m aperture. HVRs were identified as connected components with oy, > 2, while associated NVRs were searched using
ouig < —0.5. The full acquisition period (131 days) was processed, therefore including both open (23 days) and closed (108
days) phases of the mountain road pass.

The quasi-instantaneous HVR detection resulted in a total of 2,643 triggers (704 during the road-closure period and 1939

during road-opening period) using a detection threshold oz = 2. Fig.11 shows their distribution in time and space, with a
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Figure 11. Results of the detection process applied over the whole acquisition period. Avalanches are shown in red, with point sizes corre-

sponding to approximate event duration (time lag between HVR and NVR, onsets). Bursts events are displayed in green. Detected trucks

without spatially adjacent NVR; (i.e. false positives) are in blue. Miscellaneous events (earthquakes, helicopters, snow clearance activity,

etc) without an associated NVR; are displayed in black. All the other events with an associated NVR; are in light gray (mostly traffic). The

number of events detected per day is shown on the right hand side panel. The event’s spatial extents (displayed as error bars) correspond to

the widths of the HVR (very large ones being earthquakes).
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Figure 12. SNOWPACK simulation driven by data from the automatic weather stations located above Val Piilschezza in Zernez at 2677
m a.s.l. (situated approximately 6 km away from the typical avalanche release zones along the Fliielapass road). This shows the seasonal
evolution of snow stratigraphy (colors and grain type labels follow the international snow classification; (Fierz et al.). The vertical lines

indicate avalanche days reported in the SLFPro database (black) as well as detections with the DAS system (yellow).

breakdown by day and night. While the trigger count may appear excessive at first glance, note that a single physical event can
produce multiple closely-spaced HVR patches, as illustrated in Figures B1-B7.

Another important aspect putting the total trigger count into perspective is the cumulative spatio-temporal extent of the HVRs,
which represents 0.3 %o of the dataset over the open-pass period, and only 0.03 %o during the closed-pass period. Neglecting
the spatial extent and considering exclusively the time during which any part of the cable experiences HVR activity, the
cumulative triggering duration amounts to less than 1 hour during the whole road-closure period (0.36 %o of 108 days) and
only 2.5 hours during the road-opening phase (4.5 %o of 23 days). The latter represents a negligible proportion compared to
what a conventional STA/LTA approach would yield, likely triggering quasi-continuously along the road during daytime.
Manual visualization becomes achievable after such substantial data volume reduction, and all triggering windows were manu-
ally clustered based on the overall signal morphology in both the € and o domains, i.e., looking at large enough spatio-temporal
windows to identify and track potential vehicle traffic moveout. We chose to group triggers into four principal categories:
avalanches, bursts, traffic, and miscellaneous signals such as earthquakes, helicopters, or other localized activity.

The largest cluster (1688 occurrences) is traffic-related, in particular after April 21st when the pass reopened in spring. In
contrast to the pass-closure period that exhibits a median count of just 3 triggers per day, the daily trigger counts during
the road-opening period frequently exceeded 200 (note that the axis in Fig. 11 is clipped at 50), with a clear concentration

during daylight hours. Interestingly, weekend counts (e.g., April 24th and 30th, both Saturdays) were lower despite higher
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recreational traffic volumes, suggesting that weekday work-related traffic, i.e. trucks, is the dominant source of initial triggers.
Visual inspection confirmed that around 94% of vehicle related triggers were induced by trucks rather than cars. As shown in
Figure BS5, unlike cars, trucks produce significantly higher-amplitude signals that remain visible beyond 6 km distance (i.e.,
where the cable diverges from the road). From the perspective of a purely HVR-based detector, truck generated signals can
easily be misinterpreted as avalanches, but our proposed move-out identification strategy substantially mitigates this issue.
Assessing whether an NVR region is spatially adjacent to the HVR patch enabled the automatic rejection of 66% of truck-
induced triggers (shown in gray in Fig. 11). The remaining false positives (in blue) are concentrated around 7.5 km distance,
and are likely due to a road surface irregularity that generates noise resembling avalanche signatures. A drastic mitigation
would be to exclude this section of the cable, but this approach would obviously result in missing genuine avalanche events
at that location. Alternatively, truck trajectories could be tracked from signals observed between 4-6 km, but this would
require analyzing large spatio-temporal windows and the robust implementation of a fully automated tracking strategy seems
challenging.

Another significant source of initial triggers consists of short impulsive transient events (459 occurrences), hereafter referred to
as “bursts”, to which the algorithm is particularly sensitive. These are marked in green in Figure 11. They occur most frequently
around the 5 km distance, corresponding to a relatively flat topographic section where the riverbank widens. The precise nature
of these bursts remains under investigation. Some appear completely isolated, such as the event at 100 s and 5 km in Fig. B1,
a time window also containing three easily recognizable avalanches. Many bursts can also be observed following snow mass
activity, like in Fig. B2, which shows a prominent avalanche followed by at least nine bursts, each triggering within the 10-
minute window. They are not shown in the figure, but numerous additional similar sub-events followed in the subsequent hour,
contributing to the high trigger count in the night of February 1st. These bursts may reflect structural reconfigurations of the
snowpack, in particular post-avalanche. Importantly, their short duration (typically around 5 s) helps to distinguish them from
snow avalanches. Most of the remaining triggers fall into the miscellaneous category including earthquakes, helicopters, or
other activities, some of which could be related to snow clearance.

Finally, we identified 82 triggers exhibiting a localized o response consistent with snow avalanche activity. These correspond
to 73 potential avalanche events, two of which occurred after the pass was reopened. All candidate events are shown in red
in Fig. 11, highlighting three major avalanche episodes: around January 29th, February 1st, and April 15th. Although we
cannot unequivocally confirm that all identified events correspond to true avalanches (some are barely distinguishable in the
raw strain-rate data) they all exhibit a plausible o signature. Among them, 20 events are unambiguous, leaving little room for
doubt, particularly those independently confirmed by field observations on March 19th (Fig. 3) and April 15th (Figs. 4 and 5).
The timing of these avalanche detections is also consistent with avalanche observations in the area (black lines in Fig. 12) and
is further supported by the meteorological conditions and snow cover characteristics (see Section A for a detailed description).
For example, avalanches detected on January 29th coincide with the onset of a snowfall episode over a weakly bonded snow
cover containing persistent weak layers in the snowpack that are commonly associated with avalanching (Section A). In the
following days, during a storm, numerous avalanches were also detected by the DAS system and reported in SLFPro (Fig. 12),

while new snow accumulations reached 80 cm at high elevations (Fig. Ala). Three additional snowfall events in February
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also coincided with avalanches detected by DAS or reported in SLFPro observations. From mid-March onward, the snowpack
became progressively wetter, reaching fully wet snow cover conditions by April 12th at the elevation of the Zernez weather
station (Fig. Ala). This transition occurred earlier at lower elevations (Fig. A1b) and on south-facing slopes. During this period,
several wet-snow avalanches were detected by DAS, some of which were visually confirmed by camera images, and others
were reported in SLFPro.

In summary, these results demonstrate that the proposed method can rapidly identify potential avalanche activity while re-
maining largely robust to traffic, the dominant anthropogenic noise source. This represents a key achievement of the approach.
Nevertheless, a non-negligible number of false triggers persist. Although characteristic features such as duration, spatial ex-
tent, signal energy, or peak amplitude could, in principle, provide additional discrimination, no single set of deterministic
features was identified that can automatically eliminate false alerts without risking the omission of genuine avalanche events.
The primary challenge lies in the robust extraction of spatio-temporal attributes, which is hindered by the complexity and
variability of signal morphologies. Avalanche signatures themselves exhibit substantial diversity in spectral content, spatial
extent, duration, and potential secondary transient activity, thereby limiting the effectiveness of simple rule-based discrimi-
nators. This suggests that more advanced signal characterization strategies are required to improve automated classification
performance. Another avenue could consist of incorporating contextual information. Variables such as snowpack stability in-
dices and meteorological conditions (e.g., recent precipitation and temperature evolution) provide valuable prior information
regarding avalanche likelihood and anthropogenic activity levels. Integrating such external data streams could enable adaptive
thresholding or probabilistic decision frameworks that dynamically adjust the system sensitivity both spatially and temporally
according to environmental conditions. In this context, machine learning approaches offer a particularly promising perspec-
tive, not only for enhanced signal characterization, but also for the integration of heterogeneous data sources and the learning
of context-dependent decisions. Such developments could ultimately reduce false alerts while preserving high sensitivity to

genuine avalanche events.

5 Conclusions

This study demonstrates that DAS using existing telecommunication cables can be a viable and cost-effective method for
large-scale detection of snow avalanches in near real-time. Crucially, our findings show that avalanches, some of which do
not physically reach the cable, can be identified based on their seismo-acoustic signatures, as verified through photographic
evidence.

We introduced a new spatio-temporal detection attribute, g, derived from dual-frequency STA/LTA analysis, which enabled
discrimination of avalanche activity from the most common vehicle traffic activity, with near-field signal generated by cars
very rarely triggering. Truck-induced signals are more challenging to discriminate; however, most can be identified based on
their slow move-out, which is emphasized by a spatially adjacent NVR signature. Our detection workflow triggered only 4.5
%o of the time when the pass was open to traffic, and only 0.36 %o of the time when closed, enabling the identification of 73

potential avalanches without manual oversight except for validation.
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The algorithm is efficient and robust against ambient noise, therefore scalable across long cable segments. In contrast to black-
box Al models, our proposed approach is based on basic signal and image processing, therefore ensuring interpretability and
ease of implementation. Nonetheless, looking ahead, we envision a hybrid detection framework that integrates our physics-
informed metric with the advanced pattern recognition capabilities of machine learning techniques. Moreover, integrating
contextual information such as meteorological conditions or snowpack stability indices should enable more robust detection
by adaptive spatio-temporal thresholding and probabilistic decision making to reduce false alerts while preserving sensitivity.
Overall, this work provides a foundation for the operational use of DAS in real-time natural hazard monitoring and, more

broadly, for the detection of gravity-driven natural hazards in remote environments.

Code and data availability. The Matlab scripts used to reproduce the detection workflow and the appendix demonstration figures, together
with representative DAS data excerpts, are publicly available on Zenodo (DOI: 10.5281/zenodo.20347445). The full DAS dataset gener-
ated during the monitoring campaign is not publicly available due to its size and restrictions related to the underlying telecommunication

infrastructure.
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Appendix A: SNOWPACK simulations

The two automatic weather stations used in this study are located in Zernez (Val Piilschezza, 2677 m a.s.l.) and Davos (Stilli,
1563 m a.s.l.) and belong to the Intercantonal Measurement and Information System (IMIS) network (https://www.envidat.ch/#/
metadata/imis-measuring-network). This large-scale network of automatic weather stations is distributed across the Swiss Alps
in high-alpine terrain. The stations measure snow height, air and snow surface temperatures, wind speed and direction, relative
humidity, incoming shortwave radiation, and precipitation in real time. Based on these measurements, snow-cover simulations
are automatically computed for each station during the winter season using the one-dimensional, physically based, multi-layer
SNOWPACK model (Lehning et al., 2002; Bartelt and Lehning, 2002). These data and simulations are used operationally by
the Swiss avalanche warning service to assess avalanche hazard daily (Morin et al., 2020). Among several parameters, the
SNOWPACK model outputs the seasonal snow stratigraphy together with the dominant grain type in each simulated layer
(upper simulations in Fig. Al). These grain types illustrate how snowfall, snow metamorphism, and melt processes control
the temporal and vertical evolution of the simulated snow layers. For instance, snowfall episodes are associated with new
snow layers, represented by green grain types in the SNOWPACK simulations shown in Fig. Al. Blue layers correspond to
persistent weak layers in the snowpack, such as faceted crystals or depth hoar. The presence of new snow overlying a poorly
bonded persistent weak layer is a common condition for the release of natural dry-snow avalanches (Schweizer et al., 2003).
In contrast, wet-snow avalanche release is primarily driven by the infiltration of liquid water into the snowpack (Mitterer and
Schweizer, 2013). This process is represented by the liquid water content, another parameter provided by the SNOWPACK
model (lower simulations in Fig. Al). Based on this parameter, the snowpack can be classified as dry when the liquid water

content is 0%, moist when < 3%, and wet when > 3% (Techel, 2010).
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Figure A1. SNOWPACK simulations driven with data from the automatic weather stations located a) above Val Piilschezza in Zernez at
2677 m a.s.l., between 5 and 7 km from the typical avalanche release zones along the Fliielapass road, and b) Stilli in Davos at the start of the
Fliielapass road at 1563 m a.s.l. The upper simulations show the seasonal evolution of snow stratigraphy (colors and grain type labels follow
the international snow classification; (Fierz et al.)), and the lower simulations show the liquid water content in percentage. The vertical axis

shows the evolution of snow height over time.
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The figures below illustrate the variety of events with their spatio-temporal o,.;4 responses.
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Figure B1. Avalanche window example. HVR patches (o¢,i4 > 2, black rectangles) are automatically detected with minimal latency. Two
bursts are also detected. The dashed white rectangle shows NVR,. Note the absence of spatially adjacent NVR; patches here (shown in green

in subsequent figures).
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Figure B2. Avalanche example, resulting in several triggers due to follow up bursts explaining the high event count of February 1st in

Fig. 11b. An earthquake is also visible, but did not trigger.
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Figure B3. Earthquake example, resulting in multiple HVR triggers.
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Figure B4. Helicopter signal example, resulting in multiple triggers (all of them invalidated based on the subsequent detection of an associ-
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Figure B5. Traffic example. The car signals (black arrows) vanishe after 6 km distance, in contrast to trucks which generate multiple triggers

(most of them invalidated based on the subsequent detection of an associated spatially adjacent NVR; in green).
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Figure B6. Another traffic example, further demonstrating the robustness of the process against car generated signals (distances < 6 km),

while trucks are more challenging to discriminate, especially at ~ 7.5 km distance.
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Figure B7. Avalanche example potentially triggered by human activity. The time delay between HVR (black rectangle) and NVR; (dashed

white rectangle) is generally, but not systematically, a good proxy to the avalanche duration.
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