10

15

20
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Abstract. Snow avalanches are a serious threat to traffic in the northern Gaspésie region. In this study, we look at the de-
velopment of different forecasting models using machine learning (ML), based on snow avalanche events recorded by the
MTMQQuébec’s Ministry of Transportation, meteorological data from the Cap-Madeleine station and Environment Canada
weather forecast data. The models were trained and tested on Train and Test datasets with meteorological and weather forecasts
recorded at the Meteorological Station. Unsupervised learning models were compared to expert models where only 4 variables
were selected with avalanche expertise in mind, yielding similar results in prediction. The ML models were then tested in a
realistic forecasting context over the year 2019 with weather data from a forecasting station (Hindcast) and with weather fore-
cast data over 24h and 48h(GEMEAM-24k). The LR and RF models show that model performance can match or exceed that
of current forecasting tools, enhancing hazard anticipation while maintaining a user-friendly framework suitable for real-time

application. In conclusion, recommendations on forecast-based operational procedures are proposed.

1 Introduction

Every year, of the 1.5 million potentially fatal avalanches in Canada, 5% occur in areas inhabited or frequented by humans.

They are the most fatal winter hazard in the country (Hétu et al., 2015; Stethem et al., 2003). Between 2003 and 2020, the

Québec’s Ministry of Transportation (MTMQ) recorded more than 600
avalanches and 17 road accidents caused by avalanches on the roads of the Gaspé Peninsula (Gauthier et al., 2022). Three
people have been killed in road accidents caused by avalanches in this area (Fortin et al., 2011; Hétu, 2010; Hétu et al., 2011).
Although the probability of an avalanche hitting a car or train directly remains relatively low (McClung, 1999), avalanches have
a major socio-economic impact when major public transport routes are blocked by snow avalanche deposits, with the direct
annual cost of highway closures exceeding 5 million Canadian dollars per year (Stethem et al., 2003; Jamieson and Stethem,
2002).

Since the start of the mass movement inventory program in 1987, MTMQ patrollers have been on the road around the

clock (24 hours a day, 365 days a year) on the two roads (132 and 198) servicing the area. In the absence of an avalanche
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forecasting program, this reactive management approach needs to be supported by preventive management methods. There
are various approaches to prevent snow avalanches on transportation corridors. The first is obviously to avoid the hazard by
moving roads away from the spreading-runout zone (e.g. Jaboyedoff and Labiouse, 2011; Michoud et al., 2012). In Gaspesia,
slopes and avalanche paths have been mapped at various scales (Germain, 2006; Royer and Lemieux, 2006). In many places,
the road cannot be relocated because it is wedged between the slopes and the St. Lawrence estuary. In the late 90s, protective
berms were erected by the MTMQ to reduce the number of mass movements reaching the roads. Despite the effectiveness of
these infrastructures in limiting the runout of rockfalls in summer, they are less effective in countering avalanche runout in
mid-winter and spring when the berms are filled with windy;-hardened-wind-hardened snow (Gauthier et al., 2017).

The required quality of meteorological data needed to feed physical snow simulation models (e.g. Morin et al., 2020)
restricted us to statistical avalanche forecasting approaches based on the analysis of avalanche and meteorological data. The
first step in improving data-driven avalanche forecasting is to establish causal links between meteorological conditions and their
occurrence (Ancey, 2006; Castebrunet et al., 2012; Durand et al., 1999; Germain, 2016; Jomelli et al., 2007). A wide variety
of statistical approaches have been used to explain and predict avalanche occurrence (e.g. Perla, 1970; Bois et al., 1975; Buser,
1983; Hendrikx et al., 2014). On a seasonal scale, logistic regression (LR) has been used to establish relationships between
winter weather conditions and very large avalanches (Hebertson and Jenkins, 2003; Jomelli et al., 2007). This type of analysis
has rarely been used to support the development of operational statistical forecasting models on a daily scale (Jomelli et al.,
2007; Gauthier et al., 2017). Classification trees (CT) were also used to predict avalanche days according to a series of criteria
or trigger thresholds (Davis et al., 1999; Hendrikx et al., 2005, 2014; Peitzsch et al., 2012; Gauthier et al., 2018). The use of
automated machine learning methods, such as neural networks (NN) or random forest (RF), is now more widely used to support
the development of statistical avalanche forecasting models (e.g. Singh et al., 2005; Schirmer et al., 2009; Blagovechshenskiy
et al., 2023). Recently, these more elaborate machine learning algorithms have been coupled with snow cover model outputs
to predict avalanche danger level (Pérez-Guillén et al., 2022), wet avalanche activity (Hendrick et al., 2023), and dry-snow
avalanche activity in the Alps (Mayer et al., 2023; Viallon-Galinier et al., 2023). While the implementation of snow cover
models is promising, these types of machine learning methods have rarely been tested with numerical weather prediction
data (NWP) or in an operational context. Yet, only one study tested the performance of 24-hour NWP to predict wet snow
avalanche activity (Hendrick et al., 2023). Ultimately, the machine learning method used remains a choice on which there is no
consensus and sometimes seems to follow the major trends of the moment. Very few studies have evaluated the advantages and
disadvantages (Davis and Elder, 1994) or compared the performance of these various statistical and machine learning methods
(Schirmer et al., 2009; Gauthier et al., 2017). Our study aims to train and test the performance of different forecasting models.
We use four machine learning (ML) algorithms to predict avalanche days based on various meteorological variables. Our study
also aims to evaluate and compare the predictive performance of each machine learning algorithm in an operational avalanche
forecasting context using NWP data. We then discuss the link between the probability of an avalanche occurring and avalanche

danger level, providing a more solid base for risk management operational procedures.



60

65

70

2 Study area

The study area is located on the north shore of the Gaspé Peninsula, between the towns of Sainte-Anne-des-Monts and Manch
d'Epée (Figure 1). For almost its entire length (80 km), road 132 is hemmed in between the shoreline of the St. Lawrence
estuary and the steep slopes that form the coastal escarpment, with all slopes facing north5((. According to Hétu

(2010), Fortin et al. (2011) and Gauthier et al. (2017), slopes conducive to snow avalanches can be classi ed into three groups:
1) scree slopes below rock faces; 2) forest corridors; and 3) sparsely forested slopes. Along road 132, the majority of avalanches
start from talus slopes. This is the case, for example, on section 100 west and east of Mont-Saint-Pierr&#&igzed on

sections 120 and 130 between Gros-Morne and Manche d'Epée (Rigeken some places, avalanches originate from heavy
snow accumulations in landslide scars that form corridors in the forest canopy (Eipl)eThe lower slope was truncated

over a distance of almost two kilometers to allow the road to be built. The steepened slopes form a convexity that increases the

instability of the snowpack (McClung and Schaerer, 2006).

Figure 1. Location of study area and Cap-Madeleine weather station. Underlined numbers are sections of road 132.

The region is characterized by a humid continental climate with short, cool summers. The average annual temperature
is 3.2 C, with the hottest month averaging 16.6 (July) and the coldest month averaging -11® (January). Average
annual precipitation is 864 mm, 28 % of which falls as snow (Environment Canada, 2022). The region's winter climate is
characterized by an alternation of contrasting weather conditions: 1) continental lows originating from the North American

Cordillera (Colorado and Alberta) or maritime lows originating from the Gulf of Mexico, accompanied by strong northeasterly



Figure 2. View of avalanche slopes along road 132 east (a) and west (b) of Mont-Saint-Pierre (section 10), along road 132 east of Gros-Morne
(sections 120 and 130) (c and d).

winds ¢ 60 km/h), both bringing signi cant snow accumulations of up to 100 cm in 48 hours; 2) arctic air masses with
strong northwesterly winds and temperatures below @0and 3) warm air masses 0 C) from the southern United States,
sometimes accompanied by rain (Meloche, 2019; Gauthier et al., 2017; Fortin and Hétu, 2009, 2014).

75 The North-Gaspésian climatic context is particularly conducive to storm avalanches and wet snow avalanches (Hétu, 2010;
Fortin et al., 2011; Gauthier et al., 2017, 2018). Between 1987 and 2020, 861 snow avalanches spread over 153 event day:
were recorded by the MTMQ on road 132 (Figure 1). Considering that merlons were built during the 90s to limit the runout of
rockfalls, ice-block falls, and avalanches, it is unlikely that any avalanches reached the road in 10 out of 17 years before winter
2003-2004. From then on, the survey seems more regular and representative of the observations made in the eld by Avalanche

80 Québec technicians.
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2.1 —oteopdietneds
3 Data and Methods

Four supervised machine learning (ML) methods were used and compared to develop a show avalanche forecasting tool (even
data) using different predictors (meteorological variables): logistic regression (LR), classi cation trees (CT), random forests

3.1 Avalanche event dataset

The avalanche event database used in this study records all snow avalanche events from the winter 2003-2004 to 2019-202(

observations of avalanches were on the slope and have not reached the road and required intervention. Therefore, for a day t

be considered an event, a snow avalanche must have reached the road (shouldeoy 2 lames). Observations of avalanche

pathlengthbecausghis informationwasnotrecordedTable 1). If more than onevatanehéntervention(avalanchesjeached
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Figure 3. Flow chart of the method used to build the machine learning models from avalanche event dataset, meteorological dataset and the

dataset from numerical weather prediction NWP (GEMLAM 24-48h.

3.2 Avalanche danger level dataset

To go along with the avalanche event dataset, Avalanche Quebec issued avalanche danger levels along road 132 from 2015 t
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occurrence on the road is at t®nsiderabldevel where small avalanches are expected on the roads, followed Ilighe
level with multiple small or big avalanches on the road. Mwderatelevel is characterized by a possibility of small avalanche
activity but not reaching the road, followed byLaw danger level where avalanche activity is unlikebgsedonthiscutoff;




Table 1. Description of the event variable tested.

Event variable Conditions

1 intervention per day weight of 1
— 2to 5 interventions per ddy weight of 2

Variable Eav a

6 to 9 interventions per ddy weight of 3

10 interventions per day and!+ weight of 4

130

Table 2. Avalanche danger level for transportation corridor in northern Gaspésieasseciatedhe-medelprobability-and expected
avalanches occurrences.

Danger level MedelhprebabilityExpected avalanches

Possible small avalanches outside the road and/or

Moderate 25-50%-
unlikely big avalanches outside the road.

Considerable Possible small avalanches the road and/or

big avalanches possible outside the road.

3.3 Meteorological data

135 recorded at the Cap-Madeleine stati@® m a.s.): air temperature C), wind speed (km/h) and direction)( precipitation
(mm) and relative humidity%). These were used to produce 88 direct, cumulative, and derived meteorological variables (Table
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Mean (Tmean), minimum (Tmin) and maximum (Tmax) air temperatures were calculated over periods of 24, 48, 72, 96
and 120 hours. Daily mean (Tmean), minimum (Tmin) and maximum (Tmax) temperatures from the previous and up to three
previous days were also considered and noted for example: Tmean_-1d. Tmin and Tmax (4h/24, 8h/24, 12h/24, 4h/48, 8h/48,
12h/48) are the minimum and maximum temperatures calculated over moving averages of 4, 8 and 12 hours over periods of
24 and 48 hours. Thawing degree-days are de ned as the sum of daily mean temperatures (Tmean_24h) with a minimum limit
value set at 0C (Gauthier et al., 2015). The calculation of degree-days begins at the start of the operational season as de ned
later in the section. Frost intensity (Int_frost) is equal to Tmin_24h when Tmax of the previous day is positive and Tmin of
the current day is negative. Thaw intensity (Int_thaw) is equal to Tmax_24h when Tmin of the previous day is negative and
Tmax of the current day is positive. Thermal amplitude (DTR_d) is the difference between the daily maximum and minimum
temperatures up to three days before the current day.

Rain and snow correspond to precipitation when air temperature is above and bé&aowedpectively. They were accu-
mulated over periods of 24, 48, 72, 96 and 120 hours. Hourly rain and snow intensities were calculated for different time
blocks: 1h/24, 4h/24, 8h/24, 12h/24, 24h/24, 1h/48, 4h/A8, 8h/48, 12h/48, 24h/48, 48h/48, 72h/72, 96h/96, 120h/120. Aver-
age (WV_mean) and maximum (WV_gust_max) wind velocity (km/h) and maximum wind gust direction (WV_gust_)nax) (
were de ned for each 24-hour period. Finally, the SnowDriftindex is an important variable representing the potential amount of
snow transported by the wind (Hendrikx et al., 2014; Pomeroy, 1989). The index is equal to the product of the cube WV_mean
multiplied by the accumulated snow. The index was calculated for periods of 24, 48, 72, 96 and 120 hours. The threshold for
the solid and liquid precipitation phase was set & for the calculation of the SnowDriftindex (Pomeroy, 1989).

The condition used to determine the start of the snow avalanche season is based on the amount of snow required to |l
the merlons, which is set at 50 mm of snow water equivalent (SWE), following the study of Gauthier et al. (2017). Since
2003-2004, no avalanches have been observed on the road before this threshold was reached. The only “exception” is ar
avalanche that terminated on the shoulder after 30 mm SWE in November 2019. The season ends on April 15 with the end of

Avalanche Québec's operating season. Only nine avalanches have been observed after this date since 2004. However, none

season with the rst and last avalanches recorded on the road.



Table 3. Meteorological variables with their abbreviation (abbr), followed by their description. The colors represent the different weather
variables groups and the different shades within these groups represent variables that are auto-correlated.

Meteorological variables (abbr) Description

Tmean, Tmin, Tmax (24h, 48h, 72h, 96h, 1200 Temperature mean, min and max over 24h, 48h, 72h, 96h, 120h (°C)

Tmean, Tmin, Tmax (-1d, -2d, -3d) Temperature mean, min and max over 24h minus 1 day, 2 days, 3 days(°d

~

Tmin, Tmax (4h/24, 8h/24, 12h/24, 4h/4] Temperature min and maxerd4h/24,8h/24-12h/24:4h/48,:8R/48,12h/48(°C)

8h/48, 12h/48) for.4h,8hand12hoveraperiodof 24hand48h

DD Degrees-days of thaw (°C)

Int_frost, Int_thaw Intensity of frost or thaw between actual day and the day prior (°C)
DTR (d, d-1, d-2, d-3) daily thermal amplitude and until 3 days (°C)

Rain (24h, 48h, 72h, 96h, 120h) Rainfall over 24, 48, 72, 96tand 120h (mm)

12h/48,. 24h/48, _48N/48, 72h/72, 96h/96, | 24h,48h,72h,96hand120h

120h/120)
WV, WV_gust_max (24h) Wind velocity mean and max over 24h (km/h)

SnowDriftindex (24h, 48h, 72h, 96h, 120h) Snow drift index 24, 48, 72, Qétqnc:ilZOh

3.4 Learning procedure

The challenge in developing a good predictive model is to strike a balance between selecting a minimum number of non-
redundant explanatory variables and maintaining an optimal level of performance. Principal component analysis (PCA) and
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cross-correlations (correlation matrix) were used to group variables that showed colinearity. Based on the results of these
analyses and our understanding of the physics of snow avalanche development mechanisms (e.g. Lehning et al., 1999; McClun
and Schaerer, 2006), seven groups of variables were de ned (Table 3). Thus, only one variable per correlated group can be
used by the different ML models.

The next step is to divide the daily event and weather dataset into training (Train) and validation (Test) datasets (Figure 3).
Nguyen et al. (2021) have shown that a ratio of 70/30 gives the best performance. This approach aims to train the models on &
portion of the data with the aim of identifying the best meteorological variables capable of explaining the occurrence of snow

Then, the training dataset was balanced to contain as many events as non-events. This practice avoids prioritizing one

dependent variable over another. To achieve this, we randomly selected the same number of non-event days as event days fc
each month in the training database. This operation was repeated 50 times for the four proposed ML methods. The performance
of the 200 models generated was then tested on the Test dataset to select the best performers.

Finally, some ML algorithms such as LR and NN require explanatory variables to be pre-selected to avoid colinearity be-
tween variables. A recursive feature elimination with cross-validation (RFE-CV) method was rst used to reduce the total

aRandonForestandtheF1-scorewasusedasthe evaluationmetricto decidewhento stopthe eliminationloop. The optimal

mance (Dormann et al., 2013jhen;recursivefeatureetiminationOnceRFECV wascomplete—i.e.whenthe F1-scoren

they arelessaffectedby
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ML models as operational forecasting tools for risk management along transportation corridors. It is in this context of snow
avalanches operational forecasting that expert models are proposed. The variables used in these expert models were select
following two steps : 1) the redundancy of the most important variables as determined by the four ML algorithms (Table Al),

triggeringef-avalancheg-e-Gauthieretal;-2040r bothdry andwetavalancheg thestudyarea(i.e. Gauthier et al., 2017)

12
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3.4.2 Logistic regression (LR)

LR relies on a logistic function to calculate the probability of occurrence of an event (Hosmer and Lemeshow, 2000). It is a
statistic that does not tolerate multicolinearity well, and requires a reduction in the number of variables provided as input to
achieve good performance (Midi et al., 2010). A scaling of meteorological variables was also carried out when training the LRs

FCEsCTstake the form of a tree whose nodes refer to a logical function or decision threshold (branch). They can be easily used
as decision diagrams, hence their reputation as a simple and effective tool for operational hazard management (e.g. Hendrik
et al., 2014). Various classi cation algorithms can be used to divide the nodes. In our case, the Gini index represents the
function best suited to dividing binary variables (e.g. Hendrikx et al., 2014). Unlike other ML algorigéwssCTs are not

affected by the use of outliers or collinear variables (Mendes and Akkartal, 2009), allowing them to manage the selection

of signi cant variables themselves. Overlearning on training data is a frequent problem with this algorithm. The best way to

counter it is to limit tree growth with pre-pruning methods (Kotsiantis, 2007). We have limited tree growth to three levels to

3.4.4 Random forests (RF)

RFs are composed of a set of classi cation (decision) trees. Each tree is trained with different groups of randomly established

variables (bootstrap), enabling the use of collinear variables (Ma et al., 2021; Revuelto et al., 2020; Strobl et al., 2008). For

each prediction, each tree in the forest decides on a class, and the one predicted by the majority of all trees wins. The use of ¢
large number of trees (ntree) generally improves model performance, but also signi cantly increases processing time (Hasan
et al., 2016; Yoo et al., 2012). Hasan et al. (2016) and Couronné et al. (2018) mention that a few hundred trees (e.g.: 500) are
usually suf cient and that a larger tree only increases processing time. They are fast and easy to use, with good tolerance of
outliers and noise in the data (Breiman, 2001). On the other hand, overlearning on training data is also a frequent problem with

13
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3.4.5 Neural network (NN)

NNs are composed of several layers of neurons in which idatee processed. The type of NN used here is the multilayer
perceptron (MLP) with a non-linear activation function similar to a logistic function. Like LR, NNs have the advantage of

3.4.6 Performance indicators

The various metrics used to assess model performance are based on the count of events and non-events correctly predicte
or not, as de ned in the confusion matrix (Table 4). The probability of non-event detection (PON) is a relevant indicator for
assessing the model's performance in predicting non-event days, which generally represent the majority of days in a year.

predicted (Precision or True Positive Rate TPR) while minimizing false alarms (False Alarm Rate FAR or False Positive Rate

FPR). Improvement in one often leads to deterioration in the othera
i i FheReceiver Operating Characteristic (ROC) and

the i make it possible to establish a relationship between predicted events (Prec or TPR) and false alarms (FPR or FAR). The
ROC is a graphical representation that relates TPR and FPR, but the area under the curve (AUC) of this relationship (ROC)
incorporates a single value that facilitates the comparison of overall model performance. The work of Saito and Rehmsmeier
(2015) informs us that the use of AUC-ROC as a performance indicator should be employed with caution on unbedanced
datasets. In the present case, the dataset used to test the models and select the best model generated after the 50 iteratic
contains a much greater number of non-events than events. In this case, the AUC of the ROC will be biased by the high value
of predicted non-events included in the RPF calculation. This Ehe relationship between PREC and TPR (Table b)sF

the most widely used indicator for nding the model allowing the best compromise between these two metrics for unbalanced
datasets (He and Ma, 2013). Whenwas equal for two models, we suggest prioritizing the one with the best PREC to limit

false alarms.

14
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Table 4. Confusion Matrix with True negative TN, False negative FN, False alarm FP and True positive TP.

Observations

Non-occurred Occurred

Non-occurred

TN: Predicted non-event FN: Non-predicted even

Predictions

Occurred

FP: False alarm TP: Predicted event

Table 5. Performance metrics with their respective formula from the confusion matrix.

Performance metrics Formula
Precision (PREC) T

True positive rate (TPR) ﬁ
Probability non-event (PON) )
False positive rate (FPR) ﬁ
False alarm rate (FAR) %

Fa PREG TP
ROC(AUC) TPRvs FPR

4 Results

Since the aim is to compare the performance of the four ML methods, expert model, and the predictive capability using high
resolution NWP, we rst present the performance indicators and selected variables for the training (Train) and the validation
(Test) dataset for each of the four ML methods. The variables used by the RFs are not shown, since the model uses all the
predictor variables. In the subsequent section 4.2, we present the performance indicators for the expert models using the entir

dataset,and a hindcast for the winter 2018-2019 using weather station and numerical weather prediction for 24 and 48h in

advance (GEMLAM 24-48).

4.1 Training models

The best model was selected by the highgsséore and the corresponding highest score of ROC(AUC) if needed. For the
hindcast of snow avalanches on road 132, CT is the best algorithm, followed very closely by NN; witu€s of 0.41 and
0.40 respectively. With 28 well-predicted events out of 32 (TPR of 0.88), NN has a better event detection capability than CT,

15
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which predicted 22 (TPR of 0.69). The NN prioritizes event detection over false alarms (FPR of 0.18), while the opposite logic
applies to the CT, which has a lower false alarm rate (FPR of 0.12).

and ROC(AUC) for theTestdatasetThe performancenetricsarecomputedwith the avalancheeventdatasetvhereavalancheseachedhe

underC. matrix. The performanceéndicatorsabbreviatiorarede ned,in Table5. Theweathelvariablesabbreviatiorarede ned;in Table3.

C. matrix Performance indicators
ML Dataset TN FN PREC | TPR | PON | FPR | FAR Fi ROC(AUC)
FP TP
*TratAlrain 48 18
) 0.89 0.88 | 0.75 | 0.25 | 0.11 | 0.88 0.81
LR FrainBalance(10yrs) | 4816 3127 *0.78 | *0:81 | *075 | *0:25 | *0:22 | *0:80 *0.78
nendeoublel657/Snowdrft—24h
*Tesifest 356 4
. 0.24 0.88 | 0.80 | 0.20 | 0.76 | 0.37 0.84
Hindcast(5.yrs) 91 3828
*TraiaTrain 58 34
) 0.95 0.77 | 091 | 0.09 | 0.05 | 0.85 0.84
oT FrainBalance(10yrs) | 586 26111 *0:89 | 201 | *6:91 | *6:09 | 2641 | #6749 S0
nondoublé50Tmean 72h
*Tesilest 393 10
) 0.29 0.69 | 088 | 0.12 | 0.71 | 0.41 0.78
_Hindcast(5.yrs) 54 22
*Train-Train 63 6
) 0.99 0.96 | 0.98 | 0.02 | 0.01 | 0.9 0.9
RE FrainBalance(10yrs) | 631 6139 *0.98 | *0:96 | *0:98 | *0.02 | 2602 | 095 =005
seaderblel B s nen 00y
*Tesflest 377 7
) 0.26 0.78 | 084 | 0.16 | 0.74 | 0.39 0.81
Hindcast(5 yrs) 70 25
*TFrain-Train 49 20
) 0.89 0.86 | 0.77 | 0.23 | 0.11 | 0.88 0.81
NNNN FrainBalance(10yrs) | 4915 | *6:#9125 | *6:+49 | *6:+47 | 023 | *6:21 | *0-+49 | *6:+48
*Tesflest 366 4
. 0.26 0.88 | 082 | 0.18 | 0.74 | 0.40 0.85
Hindcast(5.yrs) 81 3828

Maximum snhow intensities 12/24 or 8/24 hours (Int_snow) are the most redundant and important variables selected by three
of the four models: LR, RF and NN (Table 6-Al). Total snowfall over 72 or 120 hours (Snow) and windy snow indices over
24 and 72 hours (SnowDrift) are frequently recurring variables with a very high level of importance for all models. Average
temperatures over 48 and 72 hours were used by CT (Table 6). These are not, however, variables that were frequently selecte

or had a high level of importance when the models were trained (Table 6).

16



320 4.2 Expert models

The four variables were selected(Snow_24h, Snow_72h, Tmean_48h and Rain_24h) to feed the development of an exper

model. This also facilitates the comparison of ML methods with each other to demonstrate their predictive capacity, with

results comparable to those obtained by the more complex models developed to explain the occurrence of snow avalanche

(Table 6). The I score and the ROC(AUC) of the expert model were similar to the other models in Table 6. With this variable
325 preselection, LR and RF show the best performance metrics wi#m& ROC score. The best method was the RF witbfF

0.41 with theFrainTestdataset, compared to 0.39 for the other three methods, but among them, LR had the highest ROC(AUC)

with 0.85 (Table 7). Interestingly, the expert model (RF) had the samnsedte of 0.41 as the other "unrestricted" model (CT) in

Table 6, but the expert model with RF had the highest ROC(AUC) of 0.85 (Table 7). Interestingly, Tmean_48h was left out by

the CT (Table 7), yet this was the only ML method to have selected the variable in the "unrestricted” model to explain avalanche

330 occurrence (Table 6] -heexpertmodelperformancevasalsoassessefbr thespeci ¢ hindcastinter of 2018-2019asabasis

§:core0f 0.47zgnda ROC(AUC)of 0.88 (Table:]). :':I:'he;::CT methodyvassecono\Nith::a:F1::§corqof:p.4§:anqa ROC(AUC:):of

083,

335 thestudyarea.Their forecasiperformances in Table8, whereth

with the expertmodel (Rf with 0.41) andthe "unrestricted’model (CT with 0.41).Figure5 showsthe seasonagvolution of

340 with the CT havingthe greatestt visually, Both the ML methodsand AvalancheQuébegredictedhigh probability around

345 Themodelspresentedherehavebeendevelopedasedentirelyon ananalysisof the statisticalperformanceof the modelsand

350 morerateintensityvariabledike Int_snow(mm/h)to limit potentialforecasterrors.

establishegvith meteorologicatiata(hindcast)with around0.4 for the Hindcast2019andaround).3for GEMLAM(24-48h)

17



C. Matrix Perforn
ML Dataset TN FN PREC TPR PON
FP TP
*Tratlrain 41 18
. 0.85 0.88 0.64
23127Train4114 *0-8Balance(10yrs) *0:64-0:36-0:29-0-75-0-7hondeuble23 | 56127
HR *Tesflest 364 4
. 0.25 0.88 0.81
Hindcast(5yrs) 83 28
HindeastTrain 1085 225
. . 0:26).93 | 6-79).83 | 0:840.86
CcT 2019Balance(10yrs) 219 7120
g It anbutubhd 5 .
GEMEAM-Test 105380 38
. - 0:200.26 | 6:670.75 | 6:840.85
24hHindcasi(5yrs) 67 24 &
GEMEAM-Train 9961 18
- — 029098 | ©6:890.94 | 6-7M.95
RF 48hBalance(10yrs) 103 4137
L IR s aniontr s .
*Trailest 55375 255
) - 0:99.27 | 0:89.84 | 0-860.84
Hindcast(5yrs) 972 @7 |
Train 5550 2029
= _— 0:85).89 | 6-710.80 | 6-:86).78
NN nondeubldBalance(10yrs) 914 50116
B ittt s z
*CF *Tesflest 3877 87
. : 0.26 8-79).78 | 6-85).84
Hindcast(5yrs) 6770 2425
Table 8. AvalancheQuebec'dorecasperformancéretweer?013and2020(5 operationakeasons)The performancenetricsarecomputed
with the avalancheeventdatasetvhereavalanchegeachedhe road.An eventday is consideredvhenthe dangerevel is Considerableor
High (avalanchexpectedntheroad),accordingo Table2. Theconfusionmatrixis presentedinderC. Matrix. The performancéndicators
abbreviatiorarede nedin Tables.
Hindeast C. Matrix 414 | Performance indicators
Dataset 2':I:'N: *03F N *07PREC L&881'PR i9%2PON %PR *04E5 FAR *0.835now 72k i
Test GEMLAM-459 10865 4 *
. - 0190.79 0-560.29 0:84).98 646).02 | 6:840.21 0:290.42
Hindcast(5yrs) 24h7 2126
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