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ABSTRACT: Snow avalanches are natural disasters that occur in snowy mountainous regions, threat-
ening settlements and their inhabitants. Hence, a hazard map is a means of mitigating their impact.
Avalanche flow models have been employed to indicate avalanche runout areas. These models require
inputs, such as the digital elevation model, release area, initial conditions, and model parameters. Alt-
hough the dynamics of the models depend on the input values, they are generally uncertain. In this
study, we considered three uncertain input variables: the initial flow thickness, friction coefficient, and
drag coefficient, whereas the other input variables were set to constant values. Additionally, we as-
sumed that the uncertainties in the input variables could be represented by probability density distribu-
tions and combined them with flow models to generate probabilistic hazard maps. In this study, proba-
bility refers to the exceedance probability that the output of the flow model, such as the maximum flow
thickness, exceeds a given threshold value. To evaluate the uncertainties, we used the Polynomial
Chaos Quadrature method and prototyped probabilistic avalanche hazard maps using the following
procedure: Potential Release Areas (PRAs) were identified on a specific slope in Japan. Assuming
lower and upper bounds for each uncertain input variable of the flow model, we created a probabilistic
hazard map for avalanches at a specific PRA. Two scenarios for uncertain input distributions are con-
sidered: uniform and Gaussian distributions. The uniform distribution case indicates superimposing po-
tential avalanches on the PRA, and the Gaussian distributions were determined to reflect actual snow
conditions, such as snow depth and snow wetness, which update the uncertain distributions. The ne-
cessity of reflecting snow conditions was confirmed by comparing the hazard maps. Additionally, by
reflecting snow conditions, the runout areas of past avalanche events can be reproduced. These prob-
abilistic hazard assessments led to quantitative risk evaluations, which will be the focus of future work.

KEYWORDS: Probabilistic hazard map; Uncertainty quantification; Hazard assessment; Risk assess-
ment

propagation. Hazard maps based on flow models
1. INTRODUCTION that do not require such assumptions have also

Snow avalanches are common disasters which ~ been developed (Barbolini and Savi, 2001; Ja-
threaten inhabitants of snowy regions. Conse-  mieson et al., 2008; Buhler et al., 2018, 2022).
quently, various studies have been conducted to ~ For instance, the hazard map proposed by Issler
understand statistical laws and flow dynamics et al. (2023) reported the runout areas of histori-
(McClung and Schaerer, 2006). Avalanche haz- cal scale avalanche, which yielded better results
ard maps were created to mitigate avalanche  than zoning based on the a — § model. This high-
damage. lights the importance of flow models in hazard

One of famous avalanche zoning methods is the mapping.
a — B model, which uses topographic angles and To create hazard maps using flow models, it is
their statistical relationship (Bakkehgi et al.,  nhecessary to setinput values, such as the digital
1983). Avalanche zoning using topographic an- elevation model (DEM), avalanche release area,
gles was combined with GIS analysis to create initial conditions, and model parameters. There-
nationwide hazard indication maps (Derron and  fore, in hazard maps with flow models, the esti-
Sletten, 2016). Although analysis using topo- mation of potential release areas (PRAS), which
graphic angles is simple, applying this method re- are used for the release areas of the models, is
quires assumptions about the path and horizontal first performed by combining topography, vegeta-
tion, and artificial anti-avalanche countermeas-
ures (Buhler et al., 2022; Issler et al., 2023). For
* Corresponding author address: the estimated PRAs, a set of initial conditions and
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flow model is used to illustrate the avalanche
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performed using a typical set of model input val-
ues for the specific situations (Issler et al., 2023).

However, there is uncertainty in the input varia-
bles of avalanche models. For example, Fischer
et al. (2015, 2020) demonstrated that the optimal
model parameters that reproduced documented
avalanche events were not a set of specific val-
ues but were obtained as distributions. The distri-
butions arise from errors in the observations, nu-
merical calculations, and modeling. The uncer-
tainties in the input variables propagate to the out-
put through model calculations. By quantifying
the input uncertainty, known as uncertainty quan-
tification, runout areas have been illustrated with
exceedance probabilities (Dalbey et al., 2008;
Tierz et al., 2019; Tanabe et al., 2024). A proba-
bilistic hazard map (PHM) shows the spatial dis-
tribution of the exceedance probability, which in-
dicates that the output values from the flow model,
such as the flow thickness or pressure, exceed a
given threshold. As risk is calculated as the prod-
uct of hazard, vulnerability, and exposure, this
probabilistic disaster assessment is related to risk
assessment (Ortner et al., 2023). Thus, a quanti-
tative evaluation of the uncertainty in the input
variables for flow models is expected to enhance
decision making for avalanche disaster counter-
measures.

This study aimed to create a prototype avalanche
PHM for a specific location in Japan using the
method proposed by Tanabe et al. (2024), in
which two types of PHMs were proposed using
the polynomial chaos quadrature (PCQ) method:
one that considers all potential parameter ranges
during the snow season via a uniform distribution
of input variables, and another that reflects cur-
rent snow conditions whose uncertainties can be
expressed by non-uniform distributions. In their
method, the latter map could be generated at

(b)

lower computational costs. In this study, we show
the PHMs for situations reflecting three different
snow cover conditions: early winter, mid-winter,
and late winter. We assumed that each situation
had different snow conditions. Snow is a relatively
small amount of dry, slippery snow at the begin-
ning of winter, becomes a large amount of wet
snow in mid-winter, and finally becomes wet, less
slippery snow during the melting period.

To achieve PHMs that reflect snow conditions,
PRAs is first estimated for the target area, and the
potential range of input values that can be consid-
ered under PRA is determined. Assuming that
each uncertain input variable independently fol-
lows a uniform distribution, the PCQ method is
implemented to draw a PHM for the uniform dis-
tribution case, and an emulator functioning within
the initial parameter ranges is created. Subse-
quently, a hazard map is generated for cases in
which the distributions of the input values are
non-uniform.

2. MATERIALS AND METHODS

2.1 Target Area for Hazard Mapping

The target area for creating the hazard maps in
this study was Route 112 (R112) in Yamagata
Prefecture, Japan, named Gassan Road (Fig. 1).
This road is an important logistics route connect-
ing the inland and coastal areas of the region at a
distance of 30.9 km. This road crosses mountains
exceeding 2,000 m in elevation, with the highest
elevation on the road being 734 m and the maxi-
mum gradient of the road being approximately 5%.
A digital elevation model (DEM) for this area was
obtained from the Geospatial Information Author-
ity of Japan with a 10-m grid size.
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Figure 2: (a) Snow depth and (b) daily average tem-
perature at the Oisawa AMeDAS. The dashed line
represents the average values from 1990 to 2020,
while the solid line represents the 2010-2011 winter
season. Red circles correspond to the early, mid-,
and late winter of the season.

There is a weather station close to the road,
named the Oisawa Automated Meteorological
Data Acquisition (AMeDAS), which is maintained
by the Japan Meteorological Agency (Fig. 1(a)).
The Oisawa AMeDAS is located on flat land at
440 m a.s.l. and measures the snow depth, tem-
perature, and precipitation. Figure 2 shows the
snow depth and daily average temperature for an
average year and the 2010-2011 winter. On aver-
age, snow depth reached a maximum value of
200 cm from late February to early March (Fig.
2(a)). At the Oisawa AMeDAS, the maximum
snow depth during 1980-2024 was 3.5 m.

Road R112 has experienced closure due to ava-
lanches in the past. Here, we focus on the full-
depth snow avalanche that occurred on February
27, 2011. In this event, no vehicles were caught;
however, a full road closure was enforced for one
week, followed by a night-time closure for an ad-
ditional two weeks. According to an investigation
by Abe et al. (2012), the snow depth in the re-
lease area was estimated to be over 2 m, consist-
ing mainly of granular snow with a snowpack den-
sity on the avalanche slope of 400 kg/m3. The av-
alanche release point was located approximately
8 km north of the Oisawa AMeDAS, and the ele-
vation at the avalanche point was approximately
570 m. In Section 3.3, the validation for this event
is described.

2.2 Avalanche Potential Release Areas

The PRAs have been estimated for avalanches
(Gauer 2018; Buhler et al., 2018, 2022; Issler et
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al., 2023). PRAs estimation in this study was con-
ducted by referring to previous studies.

To detect the PRAs, the slope angle of the target
area was considered. In this study, areas where
the slope angle was within the range of 20°-50°
were extracted. This range is slightly different
from the slope angles used in previous studies,
for example, 30°-55° by Issler et al. (2023). These
differences are thought to arise from the topo-
graphical features, vegetations, and avalanche
scales of the areas where the PRAs are deter-
mined.

Next, to limit the avalanche release areas, the ar-
eas extracted based on the slope angles were di-
vided into catchments. To detect the release ar-
eas from the divided regions, the upper part of
each area was only considered when there was
an elevation difference of = 200 m. Finally, areas
larger than 400 m? were set as PRAs and areas
less than the given threshold were ignored. Alt-
hough this procedure followed the method re-
ported by Issler et al. (2023) without forests, the
threshold values were adapted for Japan. For fur-
ther improvements, modifications based on the
statistical analysis of past avalanche events in Ja-
pan are essential.

2.3 Probabilistic Hazard Map with Polyno-
mial Chaos Quadrature method

For each PRA, uncertainty quantification was
conducted using appropriate input value ranges.
Although the Monte Carlo (MC) method is well-
known for uncertainty quantification, this study
used the PCQ method. PCQ shows faster con-
version than MC when the number of uncertainty
variables is small (Dalbey et al., 2008; Tanabe et
al., 2024).

The PCQ consists of three steps. The first step is
the polynomial chaos (PC) expansion proposed
by Weiner (1938) and generalized by Xiu and
Karniadakis (2002). The second step is the deri-
vation of the PC coefficients using a Gaussian
quadrature. The third step is to calculate the ex-
ceedance probability using the obtained polyno-
mial with secondary sampling points (SSPs) to
create a hazard map.

Following Tanabe et al. (2024), we first consider
the case where uncertainty is represented by uni-
form distributions. Let @ = (0,,-+,6p) be the un-
certain input values, and y = y(0, x) be a simula-
tion output using uncertain input @ at each loca-
tion x, such as maximum flow thickness and max-
imum flow velocity. Each input variable 6, individ-
ually follows the uniform distribution as 8, ~
U(0Ln, 05,,) (d = 1,--,D). The upper and lower
bounds, 6,,,, and 6,,;, respectively, are set to in-
clude the potential parameter range in the PRA.
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The PC expansion, considering truncation up to
K is expressed as follows:

K
¥(0,0) ~ (8,0 = ) BB, (1)
k=0

where, b, (x) is the k-th coefficient at location x,
@, is the k-th orthogonal polynomial, and &g =
(&,,:++,&p) are variables of ¢; € [-1,1]. & corre-
sponds to the input variable 8 through the follow-
ing transformation: 6 = G5y, + O4irr& . Where

ediff = %(gmax - gmin)! gsum = é(gmax + gmin)-
If D = 1, the basal orthogonal polynomial @, for a
uniform distribution is the Legendre polynomial
Le, (Xiu and Karniadakis, 2002). For D = 2, &, is
expressed as the product of Legendre polynomi-
als (Sullivan, 2015). The truncation K corre-
sponds to the maximum degree of the polynomial
Np for D=1, and is given by K = (N, + D)!/
(Np!' DY) for D = 2 (Sullivan, 2015).

Since @; is mutually orthogonal, the inner product
(/) can be calculated as (®;, ®;) = [ d;®;Wd§ =
A;6;;, where W (§) is the weight function, §;; is the
Kronecker delta, and A; = (®?). For Legendre
polynomials, W(§) =1 and A; = (Le?) = 1/(2i +
1). To determine the PC coefficients b, we take
the inner product with ®; on both sides of Eq. (1),
and the orthogonality yields

1
bu(x) ~ - f ®, (§)y(6, 0)d¢.

Because the integrand is a polynomial, we used
the Gaussian quadrature method to obtain

No
1
b =3) 4ol E(0x). @
j=1

where, §; is the j-th nodes and q; is the j-th
weights for the Gaussian quadrature. The coeffi-
cients by (x) are obtained by N, simulation itera-
tions y(0;, x) using the input values 6; that corre-
spondsto §; forj =1,--, Ny.

The polynomial Eqg. (1) was then applied to the
SSPs. SSPs &, = (&,-+,&L) are variables de-
fined in & € [—1,1]” and are used to evaluate the
polynomial obtained from Egs. (1) and (2) as an
emulator (I = 1,--, Ngsp). The exceedance prob-
ability p(y > y.; x) is then expressed as

#(X k=0 b )P (&) > yeri)

NSSP

Py > Yeriz X) = 3)
with the number of SSPs Ng¢p and a given thresh-
old y.,;. The computation of Eqg. (1) involves only
algebraic calculations and can be performed us-
ing matrix operations, resulting in significantly
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lower computational costs compared to numerical
simulations.

2.4 Simulator

In this study, we used the open-source applica-
tion faSavageHutterFOAM proposed by Rauter et
al. (2018). faSavageHutterFOAM solves the
mass-conservation equation for flow thickness
h(t,x), as well as the momentum conservation
equations for the slope-tangential and slope-nor-
mal directions, to calculate the time evolution of
h(t,x), the flow velocity ¥(t,x), and the basal
pressure p, (t, x) at time t and point x as a mod-
ule of OpenFOAM. The conservation laws are ex-
pressed as follows.

ah+V (hu) =0
ot w=5

Ja - 1 1
a(hu) + Vs : (huu) - _;Tb + hgs - sz(hpb)'

1 1
V, - (huu) = hg, — zvn(hpb) - '[_)nbpb'

where p is density, g and V are the gravitational
acceleration and differential operator, respec-
tively, whose subsets s and n indicate the sur-
face-tangential and surface-normal directions, re-
spectively. In addition to the conservation equa-
tions, we assume the Voellmy-type basal friction
model T, as

u plgl

Edrag

T = HP I [ulu,

with the friction coefficient u and drag coefficient
arag, @nd tiny constant u, < 1. The simulator
solves these equations with the finite area
method, constraining the finite volume method to
the surface mesh (Rauter and Tukovi¢, 2018).

2.5 Numerical Setting

To perform faSavegeHutterFOAM, the topogra-
phy DEM (Sect. 2.1), release area S,,; and four
input variables (initial thickness h,, p, ¢, and
$arag) are required. The area S, was provided
by PRA. Previous sensitivity analysis studies
have reported that the influential inputs for flow
thickness are hy, u, and &,4,44 in this order, and
$arag» Mo, and u for flow velocity (Fischer et al.,
2015; Heredia et al., 2021). Therefore, this study
considers the uncertainties of three input varia-
bles: hy, u, and &4,.44. For density p, we set 350
kg/m3, which is an intermediate value between
dry and wet snow. The simulation output for PHM
in this study is the maximum flow thickness during
each simulation: V(0,X) = Ny (0; x) =
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Figure 3: Probabilistic avalanche hazard maps assuming
uniform distributions of inputs. The colors represent the
exceedance probability of the maximum flow thickness
for thresholds of (a) 0.1 m, (b) 0.5 m, and (c) 2.0 m.

r?aTXh(t’ x,0), where T is the set of simulation
€
output times.

For the uncertainty quantification, the lower and
upper bounds of the potential input values must
be determined. The initial flow thickness h, was
determined from the maximum snow depth 3.5 m
recorded at the Oisawa AMeDAS, which was in-
creased by factors of 1.5, [0.2,5.2]. The friction
coefficient u and the drag coefficient &,,.,, were
determined to include values for both dry and wet
snow avalanches, as [0.2,0.5] and [2000,30000],
respectively. To perform PCQ, appropriate set-
tings of Np, Ny, and Nsgp Were required to be ef-
fective; (Np, Ng, Nssp) = (8,8%,40%) were em-
ployed in this study following Tanabe et al. (2024).

3. RESULTS AND DISCUSSION

3.1 Potential release areas

Figure 1(b) shows the specific PRA obtained us-
ing the procedure described in Section 2.2. Within
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3.2 X 2.3 km? regions shown in Fig. 1(b), more
than 50 PRAs were identified. The specific PRA
includes the release area of the past avalanche
event, as introduced in Section 2.1.

The PRA shown in Fig. 1(b) considers only topo-
graphical conditions. However, tall trees or snow-
supporting structures on actual slopes prevent
avalanche release. For future development, it will
be necessary to consider these effects and ex-
clude areas where avalanches rarely occur.

3.2 Probabilistic Hazard Map with Uncertain
Inputs for Uniform Distributions

Figure 3(a)-(c) show the PHMs obtained for the
uniform distribution case, h, ~ U(0.2,5.2), u ~
U(0.2,0.5), and & ~ U(2000,30000), with colors
representing the exceedance probability for the
thresholds y.,; = 0.1,0.5,2.0 m, respectively. Ow-
ing to the large size of the PRA, the probability
values were close to 1 in areas near the release
area and decreased as the distance from the re-
lease area increased. This trend remained con-
sistent even when the threshold h., was
changed. However, with a lower threshold (h.;- =
0.1 m), most areas turned red, whereas with a
higher threshold (h.;,- = 2.0 m), the probability de-
creased sharply with increasing distance.

The uniform distributions considered for creating
the PHM consider the potential range of input var-
iables that can occur during winter. In other words,
this figure superimposes all outputs obtained
from the potential parameters throughout the win-
ter season, thus indicating the avalanche threat
that could occur during winter. However, this fig-
ure might overestimate or underestimate the ac-
tual conditions on a specific winter day. For ex-
ample, the probability shown in Fig. 3 may be
overestimated for early winter because the typical
amount of snow for the situation is less than that
considered in the figure. Therefore, in the follow-
ing section, we develop a PHM that reflects these
specific conditions.

3.3 Probabilistic Hazard Map with Uncertain
Inputs Reflecting Snow Pack Conditions

When changing the input value distributions, re-
computation is unavoidable for accurately quanti-
fying the input uncertainty. In the MC method,
new input values must be generated based on
new probability distributions, necessitating re-
simulation. However, in the PCQ method, Eq. (1),
which is derived for uniform distributions, can be
used as an emulator. By selecting the SSPs ac-
cording to new probability distributions and using
algebraic re-calculations, the input uncertainty
can be evaluated, thus significantly reducing the
required computational cost. We created PHMs
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for three situations during the 2010-2011 winter
season, roughly corresponding to the early winter,
mid-winter, and late winter, which corresponded
to the red circles in Fig. 2.

Figure 2 shows the snow depth and daily mean
temperature observed at the Oisawa AMeDAS
during 2010-2011 winter. The probability distribu-
tions of the initial snow thickness h, and friction
coefficient u for each period were determined us-
ing the observed values. Let us assume that the
uncertain values are represented by the Gauss-
ian distribution ' (m, s?) with mean m and vari-
ance s?, supported within the finite range of the
respective original uniform distributions. The
mean values for h, were obtained based on the
observed values. The mean values of u were typ-
ical values for surface avalanches for early winter
(mean temperature below 0 °C) and for full-depth
avalanches for the remaining two periods (that
above 0° C). Variance was determined by consid-
ering the reliability of the given mean values. For
¢arag» SiNCE its impact on flow thickness is rela-
tively smaller than h, and p (Heredia et al., 2021),
it was left as a uniform distribution. Distributions,
assuming a representation of the uncertainty, are
summarized in Table 1 and illustrated in Fig. 4.

Table 1: Input distributions representing the uncer-
tainty.

Early-winter Mid-winter Late-winter
ho N(1.5,0.22) N(2.0,0.32) N(1.5,0.2%)
u N(0.26,0.012) N(0.425,0.018%) | N(0.425,0.018%)

Sarag U(2000,30000) U(2000,30000) U(2000,30000)

@) 1 ®) 4

— by~ N(1.5,02%)
== o~ N(20,03%) &

—_— e NI0.26, 0017}
== uN0425.0.0187)
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Figure 4: Probabilistic density functions representing
uncertainty of (a) hy, and (b) u.

Figure 5 shows the PHMs created using the prob-
ability distributions listed in Table 1 and threshold
her = 0.5 m. We first compared them with the
PHM to obtained from the uniform distribution
case (Fig. 3(b)). During the early winter period,
Fig. 5(a), the snow is more slippery, resulting in a
wider runout area with probability values close to
1. However, the two periods assuming wet snow
show values, Figs. 5(b) and (c), close to 1 in a
narrower runout area due to larger friction values.
These results are reasonable because dry ava-
lanches reach further than wet avalanches
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Figure 5: Probabilistic hazard maps using the input
variables probability distributions assuming (a) early-
winter, (b) mid-winter, and (c) late-winter. Colors rep-
resent the exceedance probability of the maximum
flow thickness for a threshold of 0.5m

(McClung and Schaerer, 2006; Eckert et al.,
2024).

Next, we compared different periods. The early-
and late-winter periods, shown in Figs 5(a) and
(c) respectively, were given the same h,-distribu-
tion but different u-distributions. Similar to the uni-
form case, the runout areas vary significantly.
Specifically, the debris reaching the road appears
to be discretely distributed in late winter, and their
runout seems clearly separated. In the compari-
son of the two periods with same p-distribution
but different h,-distributions, Figs 5(b) and (c) re-
spectively, the runout area for mid-winter is
slightly larger, but no significant differences are
observed. This can be attributed to the large PRA
and relatively small 0.5m threshold, which re-
duces the impact of h, on the probability values
beyond a certain initial value. Although these re-
sults are expected, reflecting the probability dis-
tribution of the input variables with real snow con-
ditions (amount and wetness) allows for a more
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guantitative evaluation of runout areas and their
probabilities.

3.4 Validation - Predictability of a Past Ava-
lanche Event

The mid-winter period in this study corresponds
to the avalanche event described in Section 2.1.
We verified whether PHM could accurately pre-
dict an avalanche event. Figure 6 shows the
mean value of h,,,, at each location using mid-
winter conditions and the runout area of the 2011
avalanche event outlined by the dotted area (Abe
et al., 2012). The runout areas exhibited a good
agreement.

In addition to the runout areas, we compared the
flow thicknesses on the road. The expected value
obtained from the calculations is up to 2.5 m. In
contrast, the reported maximum debris height
was approximately 5 m (Abe et al.,, 2012). Alt-
hough the calculated value was smaller than the
reported value, this discrepancy can be attributed
to our flow model choice. In this study, snow en-
trainment effects were ignored.

4. CONCLUSION

In this study, probabilistic hazard maps for snow
avalanches that reflect actual snow conditions
were prototyped using the PCQ method. First, the
PRAs were estimated from topographical condi-
tions. One of the PRAs was selected as the test
case, and the PCQ method was implemented to
draw the PHM, assuming that the uncertainty of
the input values was represented by uniform dis-
tributions. Using the obtained polynomial as an
emulator, we generated PHMs using input distri-
butions that reflected real snow conditions. These
hazard maps show varying runout areas and ex-
ceedance probabilities during different periods.
Furthermore, this hazard map corresponds well
with the runout areas of the past avalanche.

However, the methodology used in the study re-
quires further investigation. For example, the val-
ues used for estimating the PRAs were based on
the methods proposed in Norway. This needs to
be improved through a statistical analysis of the
avalanche events that have occurred in Japan. In
addition, PRA slopes have high tree and/or ava-
lanche-prevention structures that significantly in-
hibit the occurrence of avalanches. It is necessary
to estimate PRAs while incorporating these ef-
fects. Moreover, although a Gaussian distribution
was used to represent the uncertainty for each
period, it was necessary to establish a method to
estimate the distribution of the input variables
based on meteorological and snow conditions.

The probabilistic avalanche hazard assessments
performed in this study are expected to contribute
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to risk assessments. Therefore, both exposure
and vulnerability must be considered. Exposure
to roads can be represented by factors such as
the number of passing vehicles and vehicle types
(passenger cars, buses, trucks, and others),
whereas vulnerability can include vulnerability
curves for vehicles and people and the presence
of avalanche protection structures. The two types
of hazard maps obtained in this study, a map for
uniform distributions and maps for non-uniform
distributions reflecting the uncertainties of each
period, are expected to lead to different risk as-
sessments. The risk assessment from the uni-
form distribution case represents the risk through-
out the winter season for a specific PRA and can
help determine the priority of permanent ava-
lanche countermeasures by comparing the risks
from different PRAs. By contrast, risk assessment
considering the uncertainties of each period rep-
resents the daily risk and can inform decision-
making for soft countermeasures against urgent
avalanches.

It is important to note that the probabilities in this
study indicate the likelihood that an avalanche ex-
ceeding a given threshold will reach a specific
area if it occurs in the PRA. They do not indicate
the probability of avalanche occurrence. Ava-
lanche occurrence must be predicted using other
methods, such as detecting weak layers within
the snowpack using SNOWPACK (Lehning et al.,
2004; Mayer et al., 2023). The location of the
weak layer will also determine the possible initial
flow thickness range. The Incorporation of these
methods is expected to yield more user-friendly
hazard maps.
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