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Abstract. Recent developments in snow stability modelling
demonstrated the great potential of numerical snow cover
modelling for avalanche forecasting. These recently devel-
oped metrics provided promising results, possibly even su-
perseding traditional stability indices. To further validate
these results, we compared the temporal evolution of vari-
ous stability metrics to a unique dataset of measurements, in-
cluding snow stratigraphy, snow microstructure, and stability
obtained at the high Alpine study site Steintälli above Davos
(Eastern Swiss Alps) during the winter 2015/16. There, we
measured the shear strength of a prominent weak layer of
depth hoar crystals using the shear frame and assessed the
propagation propensity of this weak layer with propagation
saw tests. Concurrently, we characterized snow microstruc-
ture with the snow micro-penetrometer (SMP). At the study
site, an automated weather station is located, providing the
data to run the numerical snow cover model SNOWPACK
so that modelled stability metrics can be derived. Field mea-
surements showed that weak layer strength and toughness
were initially low but increased over time, in parallel with
the increasing slab load; all three parameters were corre-
lated. While field observations focused on the most promi-
nent weak layer, modelled stability metrics were evaluated
for the persistent weak layers identified by the respective
modelling approaches. These generally corresponded well
to the layers visually identified in simulated snow stratig-
raphy. Data-driven and process-based stability metrics ex-
hibited similar temporal evolution and comparable skill in
relation to local avalanche activity, achieving overall accura-
cies of 53 %–68 %. This site-specific validation demonstrates
that both types of numerical stability metrics provide valu-

able support for avalanche forecasting, although differences
in their behaviour highlight the need for metric-specific in-
terpretation. Hence, a multi-model approach may be advan-
tageous for operational forecasting.

1 Introduction

Snow stability is a local property of the sloping, layered
snowpack describing the likelihood of failure initiation and
crack propagation in view of dry-snow slab avalanche re-
lease. The prerequisite for a non-negligible avalanche re-
lease probability is a snow stratigraphy that includes at least
one weak layer overlain by sufficiently cohesive slab lay-
ers, provided this layering exists at the scale of a slope.
Slab and weak layer properties are equally important for the
processes of failure initiation and crack propagation (Reuter
and Schweizer, 2018). In avalanche forecasting, the regional-
scale frequency distribution of snow stability, together with
expected avalanche sizes, determines the danger level used
to warn the public about the severity of the avalanche situa-
tion (Müller et al., 2025; Techel et al., 2020, 2026). There-
fore, estimating, measuring, and modelling snow stability is
crucial for public forecasting as well as risk assessment by
backcountry recreationists.

Given the relevance of snow stratigraphy for stability eval-
uation, snow layer properties are either measured in the field
or simulated by numerical snow cover models such as Cro-
cus or SNOWPACK (Morin et al., 2020). Snow cover models
generally provide a realistic representation of snow stratigra-
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phy and frequently reproduce avalanche-relevant weak lay-
ers (e.g., Bellaire and Jamieson, 2013; Calonne et al., 2020;
Herla et al., 2024; Wever et al., 2015). As the snowpack is a
complex sequence of snow layers of different properties, its
interpretation with respect to snow instability is not straight-
forward.

In the field, specific measurements that include pulling
shear frames, performing stability tests, or crack propaga-
tion tests provide useful information (e.g., Birkeland et al.,
2023; Schweizer and Jamieson, 2010). From measurements
of shear strength and slab density, stability indices such as the
skier stability index SK38 can be derived, which proved to be
a good indicator of failure initiation in view of skier-triggered
avalanches (Jamieson, 1995). The critical cut length (rc)
measured with the propagation saw test is a proxy for crack
propagation propensity in the tested weak layer and reflects
the slab–weak layer system response. However, the quanti-
tative relationship between rc and snow instability remains
poorly constrained, although rc < 30 cm has been proposed
as a critical threshold (Reuter and Schweizer, 2018). As
an alternative to tests, the snow micro-penetrometer (SMP;
Schneebeli and Johnson, 1998) provides information on pen-
etration resistance and snow microstructure that allows for
the derivation of corresponding metrics for initiation and
propagation (Reuter et al., 2015).

For simulated stratigraphy, the two metrics, the skier sta-
bility index (sk38) and the critical crack length (rc), can also
easily be determined (Gaume et al., 2017; Lehning et al.,
2004; Schweizer et al., 2006; Viallon-Galinier et al., 2022).
While these metrics can be calculated for each layer in sim-
ulated snow stratigraphy, it is not trivial to identify the po-
tentially most critical weak layer. The layer where the value
is minimal is the obvious candidate. However, this is often
not the case. For example, low values of the skier stability
index typically occur in weak layers just below the ski’s pen-
etration depth, where the overlying slab layer is still too thin
to promote avalanche formation. Hence, in analogy to the
idea of distinct layer properties (McCammon and Schweizer,
2002; Schweizer and Jamieson, 2007), some attempts aimed
at finding the potentially critical weaknesses in simulated
profiles based on structural differences such as grain size
and hardness across layer boundaries (e.g., Bellaire et al.,
2006). Monti et al. (2012) adjusted the threshold sum ap-
proach (TSA) to simulated profiles. Furthermore, Monti and
Schweizer (2013) suggested considering relative rather than
absolute thresholds for the structural instability parameters,
creating the RTA (relative threshold sum approach). Com-
bining the RTA (to find potential weaknesses) with the sk38
calculated for the depth of these potential weaknesses pro-
vides a measure of instability. Based on a small dataset of ob-
served stability, they preliminarily concluded that the RTA-
sk38 combination was useful to discriminate between poor/-
fair and good stability. However, the approach has not been
validated so far.

For the originally suggested formulation of the critical cut
length (Gaume et al., 2017), a validation study pointed to-
ward some deficiencies in the parameterization, since weak
layer thickness was related to the setup of the discrete ele-
ment model and not suited for numerically simulated stratig-
raphy. Therefore, Richter et al. (2019) suggested an alterna-
tive parameterization including weak layer grain size.

With these developments, two metrics describing failure
initiation and crack propagation became available, reflecting
the improved understanding of dry-snow avalanche release.
These metrics allowed for the interpretation of snow stratig-
raphy in terms of stability and raised the prospect that high-
resolution numerical prediction of snow instability, both in
space and time, could become feasible. One of the first at-
tempts to follow this process-based avenue was reported by
Reuter and Bellaire (2018), who showed for a particular
weak layer that both modelled instability metrics followed
the temporal evolution of avalanche activity, which was not
the case in a similar validation study reported by Schweizer
et al. (2016). While these studies followed a known weak
layer identified in the field, weak layers should ideally be
identified automatically, tracked throughout the season, and
evaluated in terms of how they contribute to the avalanche
situation. To this end, Reuter et al. (2022) provided a process-
based approach to detect, track, and assess instability as well
as the related avalanche problem types for simulated weak
layers; their approach is based on, among other metrics, the
skier stability index and the critical crack length. Instead
of considering these two independent metrics, Gaume and
Reuter (2017) suggested a single stability criterion combin-
ing the two processes of failure initiation and crack propa-
gation. For a given weak layer, they calculated the ratio Sp
between the critical crack length and the size of the area
where the skier-induced stress exceeds the shear strength of
the weak layer, which in 2D was termed skier crack length
lsk. The onset of crack propagation occurs if the skier crack
length exceeds the critical crack length (lsk > rc).

Concurrently, numerical avalanche prediction advanced
by employing machine learning (ML) methods to link
weather, snow, and snowpack variables to different types
of target variables or labels. Those included, among oth-
ers, the avalanche danger level (Pérez-Guillén et al., 2022),
avalanche activity (Hendrick et al., 2023; Viallon-Galinier et
al., 2023), and snow instability (Punstable; Mayer et al., 2022).
Although variable importance analyses identified influential
predictors, their physical relevance to snow stability was not
always apparent, limiting the interpretability of the resulting
models. Moreover, for standard metrics of instability, such
as sk38 or rc, the variable importance varied between the
studies. It was reported to be high by Viallon-Galinier et al.
(2023) for both metrics. On the other hand, the importance
of sk38 was low in the random forest models developed by
Pérez-Guillén et al. (2022) and Mayer et al. (2022), but rather
high for rc. The reason for the discrepancy seems unclear but
may be related to the input data, model setup, and how the in-
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stability metrics were implemented in the respective numer-
ical snow cover model. In contrast, Herla et al. (2024) found
similar performance results for the process-based (sk38, rc)
and the ML-based approach (Punstable) for simulating layer
instability in a large-scale validation study. Preliminary re-
sults by Schweizer et al. (2023) also suggest a similar degree
of performance.

All of the above-mentioned recent ML modelling ap-
proaches included some form of validation, with results typ-
ically reported as summary performance metrics. As a result,
direct comparisons among the various stability metrics are
difficult, particularly given the absence of a common vali-
dation dataset. While average performance metrics may be
conclusive, further improvements often become obvious only
when looking at specific situations. Analysing spatial pat-
terns or the evolution over time may provide additional in-
sights. It is presently unclear how the different approaches
for assessing stability compare, given contrasting results, for
instance, for the skier stability index.

Therefore, we aim to compare different stability metrics,
classical (process-based) and data-driven ML-based metrics.
We analyse how these various approaches perform during the
winter season 2015/16 at our study site Steintälli, where we
collected a comprehensive set of field measurements, includ-
ing shear strength, to which we can compare the model re-
sults.

2 Methods

2.1 Field measurements

We performed manual snowpack observations on 9 d from
early January to mid-March 2016 at the study site Steintälli
(2442 m a.s.l.) above Davos (46.8075° N, 9.7880° E; eastern
Swiss Alps; Table 1), where an automated weather station
(AWS) is located. On each observation day, we recorded
a detailed snow profile according to Fierz et al. (2009),
performed stability tests (CT: compression test; ECT: ex-
tended column test) and propagation saw tests (PST; 3–5
per day) (Birkeland et al., 2023). The principal weak layer
we monitored was a layer of depth hoar (2–4 mm in size). It
had formed at the snow surface during December 2015, got
buried on 31 December 2015, and was a persistent weak layer
(PWL) of concern throughout January, February, and March
2016. By mid-March, the PWL was deeply buried (1.2 m).

PST column length was initially 1.2 m when the slab thick-
ness was 0.25 m, and was increased to 2.4 m in mid-March
when the weak layer we tested was deeply buried. PSTs were
filmed, and relevant mechanical properties were derived from
the video images (van Herwijnen et al., 2016).

In addition, we pulled shear frames (A= 250 cm2; 8–16
per day) to measure the shear strength τs of the depth hoar
layer. We did not adjust shear strength for normal load as sug-
gested for persistent weak layers by Jamieson and Johnston

(1998). Hence, τs = 0.65 (F/A), with F the pulling force, A
the shear frame area, and 0.65 the size adjustment factor for
a frame size of A= 250 cm2 (Föhn, 1987).

The manual snow stratigraphy observations were com-
pleted with snow micro-penetrometer measurements (SMP;
7–24 per day; Schneebeli and Johnson, 1998). On the last
measurement day (10 March 2016), the SMP data quality,
however, was insufficient, so the data could not be analysed.
SMP data analysis was performed as described in detail in
Schweizer et al. (2016). From the SMP signal, we derived the
following mechanical properties: weak layer thickness hWL,
density ρWL, modulus EWL, strength σc, and fracture en-
ergy wfSMP (Reuter et al., 2019).The PSTs were filmed, and
with PTV analysis, the following properties were extracted
from the videos: critical cut length rc, slab effective modu-
lus E*, and specific fracture energy of the weak layer wfPST
(van Herwijnen et al., 2016). An effective value of toughness
K∗c was approximated from the weak layer fracture energy
wfPST, and modulus EWL:

K∗c =

√
EWLwfPST

1− ν2 (1)

with ν = 0.25. For this study, we opted for these bulk mixed-
mode fracture properties and did not explicitly consider the
mode interactions (Adam et al., 2024).

Apart from the persistent weak layer monitored in de-
tail, four additional persistent weak layers were identified in
the simulated stratigraphy solely through visual inspection.
These PWLs were easily recognizable as continuous layers
of faceted crystals or depth hoar (Fig. 1; Table 2). As SNOW-
PACK merged PWL 2 with the layer below on 10 February,
we no longer monitored this persistent weak layer.

2.2 Snow cover simulation

At the AWS Steintälli, measurements include incoming and
outgoing short- and longwave radiation, in addition to snow
depth, air and snow surface temperature, relative humidity,
wind speed, and direction. Therefore, we ran the numeri-
cal snow cover model SNOWPACK (Version 3.0.0) using all
these measurements. The resulting snow cover evolution is
shown in Fig. 1.

2.3 Stability modelling

Based on the manual measurements, we calculated the skier
stability index SK38 based on shear strength, slab density,
and the additional skier stress1τ = 155/(H -PS), accounting
for ski penetration PS but neglecting slab layering (Jamieson
and Johnston, 1998; Monti et al., 2016).

From the SNOWPACK simulations, we extracted the RTA,
the skier stability index sk38, the critical crack length rc,
and the stability metric Punstable for each layer once a day at
11:00 LT (local time). As for the skier stability index SK38
calculated from the field measurements, we did not consider
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Table 1. Key field data of monitoring PWL 1. n/a= not available.

Days Slab Slab Shear Stability test results

since thickness density strength Compression Extended
Date burial (m) (kg m−3) ±SE (Pa) test column test

6 Jan 2016 6 0.23 159 730± 55 CT17 SC ECTN 18
15 Jan 2016 15 0.56 130 890± 65 n/a ECTP 15
22 Jan 2016 22 0.75 237 1170± 75 CT11 SC ECTP 11
29 Jan 2016 29 0.62 281 1300± 75 CT11 SC ECTP 11
4 Feb 2016 35 0.92 259 1320± 55 CT13 SC ECTP 21
9 Feb 2016 40 0.88 287 1500± 50 CT21 SC ECTP 21
18 Feb 2016 49 0.83 311 1650± 90 CT15 SC ECTP 27
26 Feb 2016 57 1.15 311 1560± 65 CT14 SC ECTP 21
10 Mar 2016 70 1.31 308 1770± 110 CT23 SC ECTP 29

Table 2. Persistent weak layers present at the Steintälli field site in
Winter 2015/16. PWL 1 is the primary weak layer we observed in
detail. PWLs 2–5 are characterized as simulated by SNOWPACK;
for PWL 1, observed (2–4 mm) and simulated (1.9 mm) grain sizes
are given. Slab depthH (measured vertically from the snow surface)
is given for 10 March 2016, when the simulated snow height was
1.54 m. n/a= not available.

PWL Burial Grain shape
number date and size (mm) H (m)

1 31 Dec DH, 2–4 (1.9) 1.31
2 7 Jan DH, 1.6 n/a
3 29 Jan FC, 1.4 0.89
4 10 Feb DH, 1.6 0.58
5 1 Mar FC, 1.3 0.38

slab layering in the modelled sk38. For the critical cut length,
we considered the parameterization suggested by Richter et
al. (2019). For the probability of instability, Punstable, we ex-
tracted the maximum value and the depth at which it oc-
curred. In addition, potential weak layers were identified us-
ing an algorithm described by Reuter et al. (2022), in which
the layers are tracked from their burial date onward. From
the potential weak layers identified by the algorithm, we only
considered those associated with persistent avalanche prob-
lems (pAp) and used the weak layer depth of these prob-
lems. We then analysed sk38 and rc for the depth of the most
relevant critical weak layer. The RTA approach can iden-
tify several weak layers as critical, i.e., RTA> 0.8. We se-
lected the one with the lowest value for sk38 as the most
critical PWL. With the pAp approach, occasionally, it oc-
curs that the slab above the PWL is still rather shallow,
so that sk38 is not defined (i.e., PS>H ). In that case, we
also selected the PWL with the lowest value for sk38 as the
most critical instead. To rate stability (stable vs. unstable),
we considered the following individual thresholds: sk38< 1,
rc < 0.3 m, and Punstable > 0.77 (Mayer et al., 2022; Monti
and Schweizer, 2013; Reuter et al., 2022).

Figure 1. Snow cover evolution at AWS Steintälli during winter
2015/16 as simulated with SNOWPACK. Colours refer to grain
shape. Arrows point to the five manually identified persistent weak
layers (PWL). PWL 1 is the layer we specifically tracked in the field
from January to March 2016.

The 3 d sum of new snow height (HN3d) is a key indicator
in avalanche forecasting and has been shown to be a highly
significant feature in many data-driven forecasting models
(e.g., Pérez-Guillén et al., 2022; Schweizer and Föhn, 1996;
Viallon-Galinier et al., 2023). Therefore, we considered
HN3d as a benchmark model. We used the daily measure-
ments from the Weissfluhjoch study plot (2.9 km to the north-
east of Steintälli) and classified days with HN3d≥ 23 cm as
unstable (Mayer et al., 2023).

For reference, we compared the stability metrics to the
avalanche activity index for the region of Davos. The
avalanche activity index (AAI) is a weighted sum of all
avalanches observed, including human-triggered avalanches
and natural avalanches (dry-snow and wet-snow avalanches)
(Schweizer et al., 2003). We compared the AAI (only con-
sidering the dry-snow avalanches: AAIdry) for days when an
instability metric indicated unstable conditions to the AAI of
the days classified as stable, using the non-parametric Mann-
Whitney U -Test. Furthermore, we considered a value of AAI
≥ 1 as indicating unstable conditions (resulting in 26 unsta-
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ble days), whereas values below 1 were considered indicative
of stable conditions (48 d). This threshold corresponds to the
median value for the danger level 3–Considerable as reported
by Schweizer et al. (2020). Based on this classification, we
rated the prediction performance of the various metrics, ex-
pressed as the accuracy or proportion of correct (PC), prob-
ability of detection (POD), and the Pearson skill score (PSS)
(Wilks, 2019).

Finally, we also referred to the avalanche danger level,
which was forecast in the public bulletin for the region of
Davos. The forecasts were corrected for obvious misclassi-
fications. For instance, on 9 February 2016, the avalanche
activity was very high (AAI= 61.9), so that the forecast dan-
ger level 3–Considerable was, in hindsight, corrected to 4–
High (Schweizer et al., 2020). This type of verification was
done for a total of 5 d. Overall, significant avalanche dan-
ger prevailed during most of the time: on 51 out of 74 d
the forecast danger level was 3–Considerable or higher. The
reason for the general heightened avalanche danger was the
poor snowpack stability. At the end of December 2015, the
shallow snowpack consisted almost entirely of faceted crys-
tals and depth hoar (Fig. 1). Consequently, on all except 1 d
(1 March), the avalanche problem “Persistent weak layers”
(EAWS, 2026) was mentioned in the forecast. During the
following two and a half months, this poor snowpack was
then repeatedly loaded with new snow (in total about 400 mm
SWE) or wind-drifted snow. Each major loading event re-
sulted in significant avalanche activity of mainly dry-snow
natural avalanches.

3 Results

3.1 Field measurements

The temporal evolution of the manual measurements and
some corresponding modelled SNOWPACK parameters are
shown in Fig. 2. In general, weak layer density, shear
strength, and resulting skier stability index increased with
time. The modelled parameters showed the same increasing
trend (Fig. 2b). Modelled strength, which is parameterized
from density, increased more prominently than the manually
measured strength. Compared to the shear frame measure-
ments, the modelled strength was lower initially and higher
at the end of the observation period. Accordingly, the mod-
elled skier stability index was also lower initially and higher
after mid-February than the stability index calculated from
the measurements.

The critical cut length increased, in general; the values
modelled, however, increased too strongly compared to the
measurements, which varied between 20 and 35 cm. The sta-
bility tests (CT/ECT) confirmed the increasing trend of sta-
bility; failure initiation became increasingly harder, while
crack propagation remained possible (Fig. 2a). On the last
field day, 70 d after burial, the critical cut length was still only

Table 3. Comparison between measured and modelled slab and
weak layer (WL) properties: Mean absolute error (MAE), mean ab-
solute percentage error (MAPE) (N = 9).

Property MAE MAPE

Load on WL 0.16 kPa 0.10
WL density 17.5 kg m−3 0.10
WL shear strength 0.19 kPa 0.15
Skier stability index 0.16 0.21
Critical cut length 0.13 m 0.45

32 cm± 9.8 cm, and all tests showed cracks propagating to
the very end. On the other hand, weak layer specific fracture
energy wfPST and toughness K∗c had increased to approxi-
mately twice their initial values since the first measurement
6 d after burial (Fig. 2c). The increase was correlated with
load: shear strength (rP = 0.94, p < 0.001), specific frac-
ture energy (rP = 0.87, p = 0.002), and fracture toughness
(rP = 0.92, p = 0.001).

Overall, the agreement between measurements and model
results was reasonable. For the load, for instance, the mean
differences between measurements and model results were
0.16 kPa (MAE) and 10 % (MAPE) (Table 3). Similarly, for
weak layer density, the differences were 17.5 kg m−3 and
10 %. For the mechanical and therewith derived instability
metrics, the differences were larger, namely, for weak layer
shear strength, the mean absolute percentage error was 15 %,
for the skier stability index 21 %, and for the critical cut
length 45 %. Still, the general trends were similar, so in the
following, we compare the various modelled instability met-
rics.

3.2 Stability modelling

3.2.1 Weak layer identification

Assessing snow instability requires determining the most rel-
evant critical weak layer; i.e., we only considered one weak
layer per profile (or date). While performing stability tests
in the field, this weak layer shows up automatically. In snow
cover simulations, in contrast, weak layer detection is the first
step in stability assessment. Figure 3 shows weak layer iden-
tification by Punstable, RTA, and pAp. For Punstable, the most
critical weak layer was identified by the maximum value of
the metric. For RTA, we considered all layers with RTA> 0.8
and, from these, selected the layer with the lowest value of
sk38 (which we termed the most relevant critical weak layer).
Similarly, for pAp, we also considered the persistent weak
layer where sk38 was minimal.

With the Punstable and RTA methods, the automatically
identified weak layer depth coincided with the depth of one
of the five visually identified PWLs in about half of the days,
i.e., the difference in the weak layer position was< 1 cm (Ta-
ble 4). Until 1 February, Punstable suggested the depth of the
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Figure 2. Field measurements and model results for the persistent
weak layer buried on 31 December 2015 (PWL 1). (a) Results of
stability tests (CT, ECT) on the 9 measurement days. (b) Compar-
ison of measurements and model results for: weak layer density,
shear strength, skier stability index, and critical cut length. Con-
tinuous lines show SNOWPACK parameters, symbols (of the same
color) show the field measurements. (c) Load (measured and mod-
elled), weak layer strength (same as in (b)), weak layer specific frac-
ture energy wfPST, and effective fracture toughness K∗c .

most relevant critical weak layer to be a few centimetres be-
low PWL 1, then it jumped between PWL 1 and PWL 3,
and subsequently PWL 4. As of 20 February, it consistently
stayed at PWL 4, and finally at PWL 5 (after 7 March). On
the other hand, RTA initially suggested the depth of the most
critical weak layer to be below PWL 1, i.e., above the crust
that had formed very early in the winter (Fig. 1). By 8 Jan-
uary, the depth coincided with PWL 1 for 6 d, and then until
the end of January, fluctuated between PWL 1 and 2. Subse-
quently, until mid-February, the suggested depth was either
below or above PWL 3, and as of 21 February, it was near
PWL 4, until it finally (by 5 March) jumped to PWL 5.

Finally, with the weak layer tracking approach to identify
persistent avalanche problems pAp, the suggested weak layer
depth almost always (91 %) coincided with one of the five
visually identified PWLs, and there were fewer jumps be-
tween layers. The depth initially followed PWL 1, and moved
up to PWL 2 when a suitable slab was present. By 31 Jan-
uary, the next weak layer, PWL 3, had been identified, but

Figure 3. Snow depth (in blue) and depth of the five manually iden-
tified persistent weak layers (PWL 1–5) in winter 2015/16 at Stein-
tälli, and depth of the most relevant critical weak layer as identified
by the maximum value of Punstable, RTA> 0.8 and min(sk38), and
the weak layer tracking algorithm pAp and min(sk38).

only 2 d later, the overlying layers had formed a slab. Dur-
ing these 2 d, the most relevant critical weak layer became
PWL 1 again, as sk38 at the depth of PWL 1 was lower
than that of PWL 2. Subsequently, for the next weeks, the
most relevant critical weak layer became PWL 3, and then
the above-described pattern repeated until a slab had formed
above PWL 4. With pAp, there was not only a match on most
days between the weak layers, but the match was also mostly
exact, i.e., the difference was also small on average (0.53 cm;
Table 4). The difference was largest for RTA (5.0 cm), fol-
lowed by Punstable (2.9 cm).

All three methods indicated an additional PWL between
layers 4 and 5, which was buried on 20 February. It was,
however, not very prominent and consisted of small facets
below a crust. Still, stability tests in the field identified the
weakness on 26 February, but not any more from 10 March
2016 onwards.

3.2.2 Stability metrics

We considered the numerically modelled stability metrics for
the most relevant critical weak layers indicated by the dif-
ferent models, as shown in Fig. 3. For Punstable, the stability
is simply the value of Punstable at that particular depth; for
RTA> 0.8 and pAp, it is the minimum value of sk38 as pro-
vided by SNOWPACK. For pAp, the skier stability index and
the critical cut length are shown as suggested by Reuter et al.
(2022).

Figure 4 shows the temporal evolution of the various sta-
bility metrics, indicates the periods when they were in the
unstable range (Punstable > 0.77, sk38< 1, rc < 0.3), and, for
comparison, provides the avalanche activity index and the
forecast regional avalanche danger level (partly corrected in
hindsight).

As of early January, the value of Punstable was high (Fig.
4a), indicating low stability, for a weak layer below PWL
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Table 4. Agreement between the most relevant critical weak layer identified with one of the three algorithms and the manually identified
PWLs.

Minimum Number of Number of Number of
absolute exact matches matches < 1 cm jumps between

Algorithm difference (mean) (out of 74) (out of 74) observed PWLs

Punstable 2.9 cm 26 35 12
RTA 5.0 cm 39 40 9
pAp 0.53 cm 67 67 6

1. This period of instability lasted until the end of January,
when on 27 January, Punstable dropped below the threshold
of 0.77. With the snowfall at the end of January, Punstable in-
creased again and indicated instability on 31 January, for a
layer still below PWL 1, and then on 2 February jumped to
PWL 3, staying in the unstable range for another week. Then
a period of higher stability (9–19 February) followed, before
the value of Punstable was high again (low stability) for most
of the remainder of the observation period.

Overall, Punstable indicated that most of the time condi-
tions were rather unstable (on 51 out of 74 d; Table 5). While
the metric missed the day with the highest avalanche activ-
ity (9 February; Fig. 4d), the median was AAIdry = 0 for
the stable days, and for the days rated unstable, the median
was AAIdry = 0.53. Still, overall, the correlation with AAIdry
was poor (rP = 0.01). However, considering the two classes,
stable vs. unstable, the non-parametric Mann-Whitney U -
test indicated that the differences between the AAI distri-
butions were statistically significant (p = 0.002). The fore-
cast performance (proportion correct), in comparison with
the AAIdry (threshold≥ 1.0), was 61 % (PSS= 0.36).

Identifying the most relevant weak layer with the RTA
method and considering sk38, the stability was initially high
(Fig. 4a), since PWL 1 was not identified with the RTA
method before 8 January 2016. For the next 2 weeks, it first
stayed low and then steadily increased to sk38= 1 on 22 Jan-
uary 2016; at the same time, Punstable started to decrease. The
index further increased until 31 January and then switched
to low values on 1 February, when it jumped from PWL 1
to near PWL 3. Subsequently, it increased again and stayed
below 1 until 12 February. As of 13 February, the index indi-
cated rather stable conditions for 8 d. Then, PWL 4 and later
PWL 5 became the relevant critical weak layers, and sk38
stayed low (< 1) until the end of the observation period in
mid-March.

Most of the time, the sk38 for the layer identified with
RTA> 0.8 and min(sk38), indicated rather unstable condi-
tions (on 51 out of 74 d; Table 5). For the cases with sk38≥ 1,
the median avalanche activity index was AAI= 0, and for the
days rated unstable (sk38< 1), the median was AAI= 0.5.
Again, the correlation with the AAI was very poor (rP =
−0.03). However, considering the two classes, stable vs. un-
stable, the non-parametric Mann-Whitney U -test indicated

that the distributions of AAI in the two groups were differ-
ent (p = 0.008). The forecast performance (proportion cor-
rect), in comparison with the AAI (threshold≥ 1.0), was
58 % (PSS= 0.30).

Figure 4b shows the evaluation for the third approach, i.e.,
weak layer detection with pAp, and for stability, consider-
ing the skier stability index sk38 and the critical cut length
rc. The sk38 and rc were low, indicating instability, from the
beginning in early January. They reached the thresholds indi-
cating stable conditions on 22 and 24 January, respectively.
On 2 February, PWL 3 became the most relevant weak layer,
and sk38 and rc both dropped to very low values, suggesting
a switch from stable to unstable conditions. The metrics then
increased rather sharply, and after 4 d (rc) and 8 d (sk38) in-
dicated stable conditions again, until 21 February 2016. On
that day, avalanche activity was high, but only the day after,
on 22 February, both metrics indicated instability. However,
the value of critical cut length was low for only 1 d and then
increased again to values of 40 cm or larger. While the criti-
cal cut length switched again from stable to unstable by the
end of February, the skier stability index remained low from
22 February for more than 3 weeks until the end of the ob-
servation period in mid-March.

Concerning prediction performance (Table 5), we first as-
sess the two metrics (sk38 and rc) separately and then jointly.
The metrics suggested unstable conditions in 69 % and 49 %
of the days, respectively. Combining the metrics, assuming
that for avalanche release both have to be in the unstable
range, the number of days interpreted as unstable reduced
to 34 out of 74 (46 %). For the days with sk38≥ 1, the me-
dian avalanche activity was 0.1; for the days rated unstable
(sk38< 1), the median was 0.51; the respective medians of
AAI for rc and the combination of the two metrics were 0.08
and 0.94, and 0.08 and 1.0. The Pearson correlation coef-
ficients for sk38 and rc were 0.08 and −0.05, respectively.
Comparing the distributions of AAI for days rated stable and
unstable using the U -test yielded for sk38 a level of signifi-
cance of p = 0.034, for rc a value of p = 0.002, and for the
combined metrics p = 0.001. The percentage of correct fore-
casts was 53 % and 65 %, and 68 % for the combined met-
rics. However, the measure discrimination power, the Pear-
son skill score (PSS), was rather low for sk38, and slightly
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Figure 4. Modelled stability metrics as provided by (a) the proba-
bility of instability Punstable, and the skier stability index sk38 as
identified with RTA, and (b) skier stability index and critical cut
length as identified with pAp layer tracking. The light-shaded ar-
eas indicate the periods of instability; for pAp, those can be fur-
ther restricted to the times when both metrics indicated instabil-
ity. (c) Summary of times of instability according to the stability
metrics: (1) Punstable, (2) RTA-sk38, (3) pAp-sk38, (4) pAp-rc, and
(5) pAp-sk38

⋂
rc, and for comparison (6) HN3d. (d) Avalanche

activity index (AAI) as observed in the region of Davos; the in-
dex is a weighted sum including all types of avalanches recorded
(Schweizer et al., 2003). (e) Avalanche danger level for the region
of Davos (corrected in hindsight).

higher for rc, and the combined metrics, 0.18, 0.32, and 0.36,
respectively.

As shown above, the weak layer detection worked best
with the pAp method. Therefore, we explored the combina-
tion of weak layer detection by pAp with Punstable for the
stability assessment. This approach (pAp-Punstable) predicted
some less unstable days (59 %; 44 out of 74; Table 5). For the
days rated as stable, the median AAIdry was 0.03, and for the
unstable days 0.7. The correlation with the AAIdry was still
very poor (rP = 0.04). The distributions of the AAI for the

days rated stable or unstable were judged to be significantly
different (p = 0.002) using theU -test. The prediction perfor-
mance was similar to that of the original algorithm Punstable
(PC= 0.62; PSS= 0.33).

The benchmark model, HN3d, performed surprisingly
well and showed similar or better skill than the stability met-
rics (Table 5). However, the POD was low, and the good per-
formance resulted from the high value of the probability of
non-events PON= 0.83.

For each metric, Fig. 4c summarizes the days when insta-
bility was predicted and shows fair agreement between the
approaches. There were three periods when all metrics sug-
gested unstable conditions: 8–21 January, 2–6 February, and
1–8 March 2016, and a single day: 22 February 2016. On
the other hand, there were two short periods at the end of
January (27–30 January) and in mid-February (13–19 Febru-
ary) when all metrics indicated stable conditions; in fact, al-
most no avalanches were reported during these periods (Fig.
4d). For comparison, also unstable periods based on HN3d,
the benchmark model, are shown in Fig. 4c. Obviously, these
periods were shorter, but in general, they coincided with the
unstable periods indicated by the stability metrics. On two
occasions, HN3d suggested instability earlier than the stabil-
ity metrics: on 1 and 21 February.

Finally, for comparison, we considered the regional danger
level (public forecast corrected in hindsight) (Fig. 4e), which
indicated a significant avalanche situation (danger level 3–
Considerable or 4–High) for a long period (4 January–14
February), i.e., for 42 d. This is not unusual given the exis-
tence of persistent weak layers in the snowpack. Compared
to the avalanche activity index, the performance values of the
public forecast were in a similar range as those of the various
stability metrics (Table 5). As we only considered two classes
of stability (stable vs. unstable), the hindsight corrections did
not change the performance of the forecast.

Overall, Punstable and the combination of sk38 and rc (pAp-
sk38∩ rc) performed slightly better than the other metrics,
in terms of PSS. While Punstable detected most of the un-
stable situations (POD= 0.92), the combination of the two
stability metrics showed the most balanced performance in
terms of correctly indicating stable as well as unstable situ-
ations (POD= 0.69; PON= 0.67). The skier stability RTA-
sk38 performed similarly well as Punstable in detecting unsta-
ble situations (POD= 0.88).

4 Discussion

We followed the temporal evolution of snow stratigraphy and
stability at the Steintälli field site during winter 2015/16,
and analysed numerically modelled stability metrics during
the observation period (January to March). The period was
characterized by a prominent persistent weak layer problem,
which resulted in repeated days with significant natural dry-
snow avalanche activity and heightened regional avalanche
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Table 5. Characteristics and prediction performance for the various stability metrics and the danger level forecast. For the accuracy (PC) the
95 % confidence interval (Clopper-Pearson) is given; POD: probability of detection, PSS: Pearson skill score.n/a= not available.

Approach # days stable Median AAI (dry snow) for U -test: Pearson correlation Performance: skill scores

vs. unstable stable/unstable days p-value coefficient rp PC [95 % CI] POD PSS

Punstable 23 vs. 51 0.0/0.53 0.002 0.01 0.61 [0.49, 0.72] 0.92 0.36
RTA-sk38 23 vs. 51 0.0/0.5 0.008 −0.03 0.58 [0.46, 0.69] 0.88 0.30
pAp-sk38 23 vs. 51 0.1/0.51 0.034 0.08 0.53 [0.41, 0.64] 0.81 0.18
pAp-rc 38 vs. 36 0.08/0.94 0.002 −0.05 0.65 [0.53, 0.76] 0.69 0.32
pAp-sk38∩ rc 40 vs. 34 0.08/1.0 0.001 n/a 0.68 [0.56, 0.78] 0.69 0.36
pAp-Punstable 30 vs. 44 0.03/0.7 0.002 0.04 0.62 [0.50, 0.73] 0.81 0.33
HN3d 52 vs. 22 0.18/1.2 < 0.001 0.13 0.73 [0.61, 0.83] 0.54 0.37
Danger level forecast 23 vs. 51 0/0.87 0.001 n/a 0.61 [0.49, 0.73] 0.92 0.36

danger (levels 3 and 4). We will first discuss how measured
and modelled mechanical properties and stability metrics
compare. Second, we put the stability metrics into perspec-
tive with the overall avalanche situation.

4.1 Field measurements

For the field measurements, we focused on the persis-
tent weak layer of faceted crystals and depth hoar that
was buried on 31 December 2015 (PWL 1). Weak layer
shear strength steadily increased from about 0.7 to 1.8 kPa.
These values fit well within the range of data presented
by Jamieson and Johnston (2001). The average increase in
strength (about 20 Pa d−1 ) was rather low. For instance, Zei-
dler and Jamieson (2006) reported an average rate of change
of 60 Pa d−1 for the shear strength of layers of faceted crys-
tals. Their higher value of the rate of change might be related
to the typically thicker snowpack and lower temperature gra-
dients found in the Columbia Mountains of western Canada.
The increase in strength was highly correlated with the in-
crease in load due to the repeated accumulations by snowfall,
in line with previous studies (e.g., Chalmers and Jamieson,
2001; Schweizer et al., 2016).

We estimated fracture properties (weak layer specific frac-
ture energy and effective fracture toughness) from analysing
PST experiments and SMP measurements. They also in-
creased with load: wfPST from about 0.3 to 1.4 J m−2, and
K∗c from 0.5 to 1.7 kPa m1/2. The increase of wfPST was in
a similar range to that reported by Schweizer et al. (2016).
The order of magnitude of the fracture properties agreed with
previously reported values (e.g., Adam et al., 2024; Bergfeld
et al., 2023; van Herwijnen et al., 2016). Moreover, weak
layer specific fracture energy and effective fracture tough-
ness showed a very similar temporal evolution, suggesting
that similar microstructural changes may contribute to the
observed increasing trends.

Overall, PWL 1 can be considered a weak layer typical of
the regional snow climate (Schweizer et al., 2024) and well-
suited to be monitored and used for a validation study.

The observations in the field generally agreed reasonably
well with the corresponding simulated properties. However,
as previously reported (e.g., Richter et al., 2019; Schweizer
et al., 2016), there were also some deviations. For instance,
modelled shear strength and critical cut length were overes-
timated from about the end of January onwards. The largest
deviation was observed for the critical cut length. As mod-
elled weak layer shear strength also increased more promi-
nently than the observed strength, adjusting the modelled
shear strength for normal load would further increase the
difference. Overall, given the magnitude of the mean differ-
ences (MAPE: 10 %–20 %; Table 3) in the mechanical prop-
erties and the observed temporal trends, we expect that the
modelled stability parameters can be evaluated and may be
useful. Nevertheless, the observed discrepancies for strength
and critical cut length suggest that the corresponding param-
eterizations may need to be revisited at some point.

4.2 Stability modelling

4.2.1 Weak layer detection

In manual stability tests in the field, relevant weak layers
are automatically identified by the tests. Without a stabil-
ity test, finding the relevant weak layers is equally difficult
in manually observed snow profiles (e.g., Schweizer et al.,
2005) and in simulated stratigraphy. For instance, Bellaire et
al. (2006) reported that the skier stability index performed
poorly in terms of identifying potential weak layers in a sim-
ulated snow cover. Applying the RTA method, developed for
that very purpose, Monti and Schweizer (2013) reported a
detection score (POD) between 50 % and 80 % depending on
the failure type. For Punstable, the probability of detecting the
manually picked weak layers in the training dataset with the
local maxima ofPunstable was 60 %. In our case study, for the
simulated snow stratigraphy in the winter of 2016, the vari-
ous approaches performed fairly well. The weak layer detec-
tion algorithm pAp (Reuter et al., 2022) showed by far the
best results (Table 4). This finding is not surprising since it
is a prescriptive approach based on our understanding of dry

https://doi.org/10.5194/nhess-26-5633-2026 Nat. Hazards Earth Syst. Sci., 26, 5633–5646, 2026



5642 J. Schweizer et al.: Comparing and validating modelled snow stability metrics

snow instability (Herla et al., 2025). For pAp, the predicted
and visually identified weak layers matched on 91 % of the
days. While our study only refers to one winter season, this
finding is encouraging, since identifying the potentially crit-
ical weak layers in simulated snow stratigraphy has always
been considered particularly challenging. Similarly positive
results were recently reported by Herla et al. (2025), who
also applied the approach by Reuter et al. (2022). However,
we have only considered persistent weak layers, and other
types of instabilities, e.g., in new snow, may be more diffi-
cult to detect.

4.2.2 Stability metrics

Given the various PWLs in winter 2015/16, the numerically
modelled stability metrics suggested long periods of insta-
bility, also reflected in the forecast avalanche danger level
(Fig. 4e). Overall, the trends were similar for the three ap-
proaches. In mid-January, early February, and early March,
the periods of instability coincided. In between, all metrics
indicated periods with somewhat higher stability. However,
the timing of the transition from stable to unstable condi-
tions often differed, typically by 1–2 d, with Punstable usually
being the first to indicate a shift to unstable conditions. The
other metrics lagged behind, often since the slab was not yet
well developed, and, for instance, sk38 was not defined since
penetration depth was larger than the slab depth. All mod-
elled metrics indicated increasing stability when the highest
avalanche activity was observed on 9 February 2016. Still,
the skier stability indices, as identified with RTA and pAp,
were slightly below 1 in the unstable range. However, this
was a particular event (which was also not sufficiently an-
ticipated in the public forecast) since the instability was due
to loading by wind-blown snow following heavy snowfall,
which had accumulated about 50–60 cm of new snow a few
days earlier; our SNOWPACK model setup did not account
for wind-drifted snow. The high value of the AAI was mainly
due to natural dry-snow avalanches. On the other hand, the
high avalanche activity on 1 February was well anticipated
by Punstable and RTA-sk38. While pAp correctly predicted
PWL 3 as the relevant weak layer on 1 February, the skier
stability index was not defined (i.e., PS>H ), so PWL 1 was
selected as the critical weak layer, where sk38 was 1.2; by 2
February, PS had decreased (PS<H ), meaning that PWL 3
became the critical weak layer, and sk38 (= 0.01) indicated
instability.

Concerning stability, differences between the approaches
Punstable, RTA-sk38, and pAp-sk38 were not particularly
prominent. On 48 out of 74 d (65 %), the stability class (sta-
ble/unstable) agreed, and the trends were similar; for in-
stance, when Punstable decreased, sk38 increased. In fact,
Punstable was negatively correlated with the stability met-
rics pAp-sk38 (−0.38; p = 0.001) and pAp-rc (−0.84; p <
0.001). The high correlation with the critical cut length was
to be expected since rc is one of the 6 features considered to

estimate Punstable (Mayer et al., 2022). A quantitative com-
parison with the avalanche activity index showed that the
metric Punstable and the combined metric pAp-sk38 ∩ rc per-
formed best in terms of PSS (Table 5).

Considering the 3 d with the highest dry-snow avalanche
activity (17 January, 18 January, and 9 February), on 17
and 18 January, all five metrics predicted unstable conditions
(Fig. 4c, d), on 9 February, only RTA-sk38 and pAp-sk38
were in the unstable range. Hence, only RTA-sk38 and pAp-
sk38 correctly predicted all three high activity days.

Interestingly, on 21 February, when the avalanche activ-
ity was also high (AAI= 21), but avalanche type was mostly
recorded as wet, the dry-snow metrics Punstable, RTA-sk38,
and pAp-rc all indicated unstable conditions. It snowed on
20–21 February with rising air temperature (rain at low ele-
vations); the snowfall ended in the very early morning; air
temperature continued to rise and was positive during the
day. We do not have any information on the failure layers
of the natural avalanches that were recorded as “wet” or “un-
known”, but it is clear that it briefly rained up to 2500 m a.s.l.
(Fig. 1); however, apart from the top few centimetres, the
snowpack remained dry, so the avalanches very likely failed
in the dry snow. This would explain why the dry-snow met-
rics successfully predicted the high (wet-snow) avalanche ac-
tivity. Similar conditions (snowfall with elevated air temper-
ature) existed on 1 February (AAI= 15) when mostly nat-
ural avalanches with snow type “unknown” were recorded.
For this day, Punstable and RTA-sk38 indicated unstable con-
ditions.

Considering the days with AAIdry ≥ 5 (N = 8), RTA-sk38
indicated unstable conditions for all these days; Punstable and
pAp-sk38 each predicted 7 out of 8 of these days correctly.
On all these days, the danger level in the public forecast was
either 3–Considerable or 4–High. Furthermore, the perfor-
mance of the regional forecast was comparable to that of
the stability metrics (Table 5), in line with previous findings
(Techel et al., 2024).

These findings suggest that the stability metrics that are
supposed to assess dry-snow conditions in view of human
triggering often also correctly predicted conditions when
the avalanche activity was dominated by natural avalanches.
However, this may only apply for moderate amounts of new
snow (30–70 cm) covering a critical, persistent weak layer,
in which case human triggering is still likely. Also, they con-
sistently (and likely correctly) indicated dry-snow instabili-
ties when avalanche observations may have been biased to-
wards wet-snow releases since deposits at lower elevations
appeared wet, whilst the snowpack in the starting zones at
about 2500 m a.s.l. was still dry.

The machine-learning-based metric Punstable performed
only slightly better than the traditional skier stability index
RTA-sk38, considering POD (92 % vs. 88 %). The combined
metrics pAp-sk38 ∩ rc showed the most balanced perfor-
mance with the lowest false alarm rate and the same over-
all discrimination power as Punstable (PSS= 0.36). Hence, the
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partly contrasting results on the significance of process-based
metrics that were reported (e.g., Mayer et al., 2022; Pérez-
Guillén et al., 2022; Viallon-Galinier et al., 2023) may be
related to differences in input data, model setups, validation
datasets, and methods used across these studies. Our findings
are in line with Herla et al. (2024) who, in their large-scale
validation study in Canada, reported a similar level of per-
formance between the process-based approach and the data-
driven approach. While the machine-learning-based metric
performed slightly better, the process-based metrics have the
advantage of being intuitive and easy to understand. The find-
ing that they often lag behind when the slab is still fairly thin,
could partly be prevented by adapting or omitting the pene-
tration depth in the calculation of the skier stability index.

The data-driven approach, the random forest classifier
Punstable, was trained with profiles from the region of Davos.
For the sake of transparency, it should be noted that among
the 146 profiles in the training dataset, there were also 11
profiles from the winter of 2015/16.

The differences and similarities among the various mod-
elling approaches suggest that a multi-model-based approach
could be advantageous for operational forecasting. Differ-
ences in timing, as well as consistent results, but differing
forecaster assessments may call for a more detailed review.
For instance, towards the end of January, all models indi-
cated rather stable conditions. In fact, no avalanches were
recorded 26–28 January 2016, but the avalanche forecast
did not change. However, this apparent discrepancy can be
explained by the continued presence of signs of instability
such as whumpf sounds. This sort of information is presently
not included in any of the numerical prediction models and
points to one of their limitations.

Finally, by comparing the stability metrics to the avalanche
activity index (or the regional danger level), we related a
point-scale to a regional-scale variable. This is obviously a
scale mismatch. However, in avalanche forecasting, it is stan-
dard practice to extrapolate from often-called representative
point observations or measurements into the surroundings,
simply because data are scarce. Several studies have shown
that there is often a fair to good relation between point obser-
vations from study plots and the avalanche conditions in the
surroundings (e.g., Jamieson et al., 2007). Given this limita-
tion, the relatively low overall performance of the metrics, for
instance, PC= 60 %–70 %, is nonetheless remarkable. Also,
the performance of the public forecast (no scale mismatch)
is not better than that of the simple metrics (Techel et al.,
2025), confirming that situations with persistent weak lay-
ers are challenging to assess. Moreover, the evaluation using
AAI with only two classes (stable vs. unstable) can obviously
not reflect the true variety of avalanche conditions. What we
call a stable situation (AAI< 1) can still be a situation when
conditions are favourable for skier triggering, and a danger
level 3–Considerable may be justified. We also considered
a lower threshold of 0.2 for the AAI (not shown), which
did only slightly change the relative performance (ranking)

among the various stability metrics, but overall, slightly im-
proved the accuracy (PC) of all metrics to 66 %–70 %, except
for HN3d; for instance, the proportion correct for the danger
level forecast increased from 61 % to 68 %.

Beyond the findings presented here, the Steintälli valida-
tion dataset from winter 2015/16 offers a valuable bench-
mark for the evaluation of new stability metrics. Although
the dataset only covers part of one winter season, the wealth
of data may make it an attractive case study.

5 Conclusions

We followed the evolution of snow stability at the study plot
Steintälli from January to March 2016. By combining field
measurements and numerical modelling, we gained insight
into the performance of three numerical stability approaches
based on SNOWPACK output data.

The field measurements for a particular persistent weak
layer, typical for the snow conditions in regions of the Swiss
Alps with a predominantly transitional snow climate, re-
vealed that the numerical modelling of snow stratigraphy and
mechanical properties agreed satisfactorily overall. Weak
layer shear strength as measured with the shear frame, as
well as specific fracture energy estimated from PST exper-
iments, increased with time, in line with the increase in load.
While cracks still propagated to the very end in PST exper-
iments, failure initiation in the deeply buried PWL became
increasingly unlikely. While the specific fracture energy of
the weak layer increased over time, the concurrent increase
in slab load maintained a high crack propagation propensity,
as reflected by the relatively small critical crack lengths.

The modelled stability metrics often indicated similar be-
haviour, in terms of weak layer depth as well as stability.
All three approaches most of the time followed the five vi-
sually identified persistent weak layers, with the weak layer
tracking algorithm by Reuter et al. (2022) showing the clos-
est agreement.

For the winter season analysed in this study, during which
the snowpack exhibited several persistent weak layers, we
found that, overall, the process-based indices and the recently
developed data-driven instability model performed similarly
well. The different approaches often showed similar trends
and times of instability. In comparison with the avalanche
activity index for dry-snow avalanches (AAIdry), the ML
approach, Punstable, performed slightly better than the tradi-
tional skier stability index RTA-sk38, and showed about the
same performance as the approach combining the skier sta-
bility index and the critical cut length (pAp-sk38∩rc). The
various metrics, originally developed to assess the probabil-
ity of human-triggered avalanches, also performed well when
the avalanche activity was dominated by natural avalanches,
at least in the case of moderate amounts of new snow.

Some recent studies employing the random forest method
with many different snowpack variables resulted in some-
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what contrasting findings on the value of traditional stability
parameters (Mayer et al., 2022; Pérez-Guillén et al., 2022;
Viallon-Galinier et al., 2023). Whereas these numerical mod-
els included data from many winters and locations, we only
followed part of one winter season at a specific location,
since this allows us to get more nuanced insights into the
model behaviour. Our findings suggest that it might be in-
structive to compare different model outputs and that a multi-
model approach may be advantageous for operational fore-
casting. Data-driven as well as process-based approaches are
useful to estimate stability and the depth of the most rel-
evant critical weak layer, equivalent to fracture depth, and
thus relevant for avalanche size. None of the days with high
avalanche activity was missed by all metrics, so it seems best
to consider several metrics, and in case of disagreement, have
a closer look when assessing snow stability. While our find-
ings confirm that it is feasible to assess stability from numer-
ically simulated snow stratigraphy, it would be beneficial to
revisit some of the parametrizations of mechanical proper-
ties, which often depend prominently on density only.
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