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Abstract

In recent years, the popularity of backcountry skiing has grown significantly, and the rising use
of GPS technology in mobile devices has progressively enabled research on backcountry skiing
behavior. To date, only few studies focus on the spatio-temporal distribution of backcountry ski
tours and particularly the prediction thereof. Knowing when and where individuals engage in
backcountry skiing is a key aspect for assessing the avalanche risk that skiers encounter in the
backcountry. This thesis presents pioneering work by using obfuscated Volunteered Geographic
Information data of backcountry ski tours to predict backcountry skiing activity in the Swiss
Alps. Furthermore, this study proposes a methodology to enrich geographically obfuscated
GPS data with weather variables, such as precipitation, temperature, and sunshine duration.
Through the implementation of a random forest algorithm, backcountry skiing activity could be
predicted with a 77% accuracy by incorporating the avalanche conditions, weather conditions,
free time variables, and popularity of the region as predictors. Popularity, the avalanche danger
level, and the relative sunshine duration were shown to be the most important predictors for
backcountry skiing activity. The probability of backcountry skiing activity is increased by a
factor of 2.5 on a day with optimal weather conditions compared to a day with bad weather
conditions, while the probability is decreased by a factor of 1.5 on days with high avalanche

danger compared to days with low avalanche danger.
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Chapter 1

Introduction

1.1 Motivation

Backcountry skiing has gained a lot of popularity in Switzerland during the last few decades
(Lamprecht et al., 2014). Although reasons for this growth are not well understood, there seems
to be a fascination to ski in untouched terrain, away from prepared slopes (Furman et al., 2010).
Not only the solitude in the terrain, but also the additional thrill of being the first one to access
an untracked slope of fresh snow tempts skiers to take disproportional risks in the backcountry.
This fascination for untouched terrain is described by McCammon (2004) as the “scarcity trap”,
one of six heuristic traps that frequently keeps backcountry skiers from making sound decisions.
Having a look at accident statistics, it becomes evident that backcountry skiers! voluntarily put
themselves at risk of serious injury or even death when entering avalanche terrain. Reasonably,
a substantial amount of literature focuses on the avalanche risk and the analysis of backcountry
skiing accidents, with the goal of gaining insights into the decision-making process of skiers and
thereby minimizing the risk they take (e.g., Grimsdéttir and Mcclung, 2006; Schmudlach and
Kohler, 2016). Many studies focus on the behavior of backcountry skiers with respect to terrain
characteristics, snow conditions and avalanche forecast or demographic, group dynamics and
skill level of the skier (Hendrikx et al., 2018; Johnson and Hendrikx, 2021; Mannberg et al.,
2018; Winkler et al., 2021). There is plenty of literature on how various factors a ect the risk of
being exposed to an avalanche, however little attention has been paid on how these factors a ect
the actual backcountry skiing activity?. A reason for this could be that collecting extensive data
of backcountry skiers is di cult as it requires data that is often sensitive in terms of the skier’s
privacy (de Montjoye et al., 2013).

Techel et al. (2015), among others, pointed out that it is crucial to know when and where people

go backcountry skiing (i.e., the exposure of elements at risk), to put avalanche accidents into

IHereafter the terms backcountry skiers and (backcountry) recreationists are used interchangeably.

2The term “activity” is used in this thesis as a measure for whether people ski in a region or not, rather than
the type of the activity itself.



context. Grimsdéttir and Mcclung (2006) defined the avalanche risk as the ratio of accidents
to accidents and non-accidents, in other words, the probability of accidentally triggering an
avalanche while travelling in avalanche terrain. Yet risk is often analyzed solely relying on
accident statistics, overlooking the aspect of exposure or non-accidents (e.g., Winkler et al.,
2021). To understand the importance of exposure, consider the following example: Many
people feel uneasy to enter an airplane, which is understandable, considering some horrendous
airplane accidents in the past. However, putting these accidents into perspective reveals a
di erent picture. In 2017 for instance, approximately four billion passengers embarked on an
airplane, while only eight people died in airplane accidents in the same year, which suggests
that air travel is one of the safest modes of transportation in the world (Barnett, 2020). It
becomes evident, that solely studying accidents without considering the exposure does not
capture the full picture. Although there are a few studies in backcountry skiing literature that
include exposure in the study of avalanche risk (e.g., Grimsdéttir and Meclung, 2006; Pfeifer,
2009; Schmudlach and Koéhler, 2016; Techel et al., 2015), it was not yet studied which factors
contribute to high, respectively low activity.

By modelling the backcountry skiing activity, hence when and where people are in the field,
the exposure can be quantified, and contributory factors can be identified. Additionally, it
allows avalanche forecasters to evaluate the quality of their forecasts. Forecasters usually get
feedback when an event (an avalanche or an avalanche accident) happens, which can help to
evaluate whether the avalanche forecast was accurate. On the other hand, when they receive
no feedback about avalanches or accidents, the question arises, whether this can be attributed
to a low avalanche danger or to the fact that there were simply no people in the field who could
possibly report an avalanche. Predicting the backcountry skiing activity will therefore help
forecasters to evaluate the quantity of feedback they receive. For instance, when no avalanches
get reported on a day where the activity is predicted to be high, it can be an indication of good
avalanche conditions!. Contrarily, if the activity is predicted to be low and no avalanche gets

reported, this does not necessarily indicate good avalanche conditions.

1.2 Research Gap

Skitourenguru? is a web service that supports backcountry skiers in the selection and planning
of suitable ski tours by providing information about such factors. It assigns avalanche risks two
times per day to thousands of ski tours in the alpine region. Users can search for ski tours
based on several well-established criteria such as travel distance, elevation gain, di culty and
avalanche risk (Schmudlach, 2022b). Since 2007, Skitourenguru has collected over 6 million lo-

cation points emerging from over 8500 GPS (Global Positioning System) trajectories that were

1The term “good avalanche conditions™ is used in this thesis from the perspective of a backcountry skier, thus it
refers to a low avalanche danger.

2www.skitourenguru.ch
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The tracks were uploaded from contributors to the platforms Skitourenguru®, Gipfelbuch? or
Camptocamp®. The data from all three websites is merged, and there is no information on which
track was submitted to which website. According to Techel et al. (2015), camptocamp.org is
mainly used by French- and Italian-speaking recreationists, while gipfelbuch.ch and skitouren-
guru.ch are mainly used by German-speaking users. We must be aware that these two user
groups might show di erent behaviors, which cannot be quantified as there is no information
on which which tracks were submitted to which website. Additionally, we must be aware of the

participation inequality bias that VGI generally holds, as described in Section 2.4.

Figure 3.1: Distribution of yearly recorded tracks in the ARPD.

3.1.2 Obfuscation

Although the data was originally submitted as trajectories, containing coordinate information,
the data used for this thesis is obfuscated to maintain the privacy of the users. Transitions points
do not have any coordinate information but only a Warning Region Code (WRC), which relates
each point to a certain warning region (See Section 3.3). Therefore, the warning region is the
only location information available for each track. However, plenty of attributes describing the
terrain, for instance elevation, slope angle, and exposition allow the inclusion of the terrain and
the broader spatial context (warning regions) into the analyses even though the exact location
of each point is not provided. To illustrate the structure of the obfuscated data set, an example

is presented in Table 3.1.

Twww.skitourenguru.ch
2www.gipfelbuch.ch

Swww.camptocamp.org
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3.4 Weather Data

1. Even though the weather

The weather data used in this thesis is provided by MeteoSwiss
forecast rather than the actual weather measurement might determine the skiing activity, mea-
surement data is used in this thesis due to simplicity and accessibility of the data. In Europe,
while occasionally poor to medium-range accuracies may arise in weather forecasting, the over-
all accuracy remains high. Studies indicate that the correlation scores between forecasted and
actual weather typically fluctuate around 80% (Rodwell et al., 2013). It is therefore assumed
that the weather forecast of the evening before has a su ciently high correlation with the ob-
served conditions on the following day, which justifies the choice of the measurement data. The
meteorological variables that will be used are temperature, relative sunshine duration, and pre-
cipitation. Wind data is not included in the analysis, as it would be too complex to analyze, and
there is no access to data that captures the influence of wind in a meaningful spatial resolution.
The meteorological variables were measured at the operational station network SwissMetNet
(Figure 3.3) and further interpolated on a 1 km grid (Figure 3.4). An overview over the used
variables is given in the next sections. A detailed documentation of each variable can be found
in the documentation of MeteoSwiss Spatial Climate Analyses (MeteoSwiss, 2021e). All data is
provided in a netCDF (Network Common Data Form) format, which is a standard format for

grid-based climate data.
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Figure 3.3: Operational station network SwissMetNet, which comprises approximately 160 auto-
matic measuring stations, including approximately 100 automatic precipitation measurement stations.
Basemap: swissopo.
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Figure 3.4: Example data showing the interpolated, gridded meteorological variables used in this thesis,
with a spatial resolution of 1 km. a. Temperature, b. Precipitation, and c. Relative sunshine duration
for January 11, 2015. In b., ray-like structures are visible, which are artefacts of the RADAR image.
Coordinates correspond to the Swiss Grid LV95.

3.4.1 Air Temperature

The daily mean air temperature 2 m above ground level is used for the analysis (MeteoSwiss,
2021a). For this data product, a deterministic analysis method has been employed, which specif-
ically addresses challenges in high mountain interpolation, such as the non-linear temperature
variations with topographic height and marked horizontal gradients. Nevertheless, interpolation
inaccuracy is highest in Alpine regions and in the winter season, with a mean absolute error
of 1.5°C. Large errors occur in inner Alpine valleys (up to 4°C), as those valleys are typical
cold-pool environments, and the temperature gets systematically over-estimated (Frei, 2014).
However, since backcountry ski tours usually do not take place in the valleys, this is not assumed

to impact the analysis.

3.4.2 Relative Sunshine Duration

For the sunshine duration, the relative sunshine duration data product is used (MeteoSwiss,
2021c). The relative sunshine duration (Se|) is the ratio between the e ective sunshine duration
and the maximal possile sunshine duration with clear sky conditions determined for each calen-
dar day. A sunshine period is defined as a period, where the direct solar irradiation exceeds 200
W/ m?2. Spe is calculated using a statistical technique, which combines station measurements
with high-resolution satellite-based clearness indexes. The median of the mean absolute error
over a 10-year cross validation period is 10% for winter days, with an interquartile range of 6% -
14% (Frei et al., 2015). A relative, rather than an absolute measure, such as total irradiation, is
chosen, because seasonal variations are filtered out in the relative sunshine duration calculation.

This makes it easy to compare backcountry ski tracks that were recorded in di erent seasons.

3.4.3 Precipitation

CombiPrecip is a grid-based data product provided by MeteoSchweiz and is used as an approxi-

mation for precipitation in this thesis (MeteoSwiss, 2021d). CombiPrecip provides precipitation
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fields, which are a geospatial combination of raingauge measurements and RADAR estimates.
Detailed documentation of the interpolation and combination process can be found in the doc-
umentation of the CombiPrecip data product (MeteoSwiss, 2021e). The spatial resolution is 1
km? and the temporal resolution is 1 hour. The hourly rather than the daily precipitation sum
is used because most backcountry ski tours take place in the early morning. There are four days
within the observed period of 8 years, where no CombiPrecip data is available. For those days,

the daily precipitation sums are used to fill the gaps (MeteoSwiss, 2021b).

3.5 Digital Elevation Model

For the analysis, a digital elevation (height) model (DHM) with a 200 m spatial resolution
was used. It originates from the DHM25 provided by the Federal O ce of Topography, which
is a raster-based elevation model of Switzerland with a 25 m spatial resolution (Swisstopo,
2005). The DHM25 is derived from the height information of “Landeskarte 1:25°000” (LK25),
a national map of Switzerland. The mean accuracy of the DHM25 ranges from 2 m to £3 m
in the Alpine region. The 200 m resolution of the DHM is used in this thesis rather than the
finer 25 m resolution. The elevation information does not require a high level of precision, as it
will be only used to specify a broader elevation band for each track. By opting for the 200 m
resolution, a balance was achieved between computational e ciency and the accuracy required

for the analysis.
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Hypsometric curve of WR 4232 - siidliches Simplon Gebiet
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Figure 4.2: Examples of hypsometric curves for the warning regions a. 4232 — Siidliches Simplon Gebiet
and b. 2132 — Ybrig. To make di erent warning regions comparable, axes show the relative elevation (y)
and area above respective elevation (x), rather than absolute values. Warning region specific information
is provided in the top right corner. Red dots indicate the mean elevation of existing tracks. For better
readability, only a sample of all tracks in these regions is displayed.
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procedure outlined in Figure 4.4 to all three variables.
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/ /\\ outside elevation belt + 100 m
)

of mean elevation.
#2 2. Load meteorological variable
I for respective day and region.
Exclude all meteorological
raster cells outside elevation
2129000 2725000 2730000 2755000 2740000 720000 2775000 2730000 2755000 2740000 belt and calculate mean.

3000
2500 o
2000
1500 mm— S < siso

1000

1195000 1200000 1205000 1210000

1195000 1200000 1205000 1210000

d c le a. DHM masked by warning

: region polygon.
E -! b. DHM raster cells of track

elevation belt.
‘ ‘
2720000 2725000 2730000 2735000 2740000 2720000 2725000 2730000 2735000 2740000

Precipitation raster masked by
warning region, overlayed with
k A elevation belt.

i Precipitation raster cells masked
by track elevation belt.

6
5 <—
4
. ©

\

1195000 1200000 1205000 1210000
X ‘ ‘
O
‘
1195000 1200000 1205000 1210000
i kS
e
L=
Gt oo
o I

Figure 4.4: Procedure to calculate meteorological variables for a given track on the example of Sye.
Procedure is repeated for every track and meteorologic variable (Temperature, Precipitation, Sef). a. -
d. show di erent states of the calculation, 1. - 3. indicate di erent processes.

Figure 4.4 can be summarized in three steps:
1. A 200 m resolution DHM is masked with the polygon of the warning region (Figure 4.4a).

2. All raster cells that do not fall within the 200-m elevation belt around the mean track

elevation are excluded (Figure 4.4b).

3. The remaining raster cells are polygonised and used as a mask for the meteorological input

variable (Figures 4.4b & d), which is precipitation in the example of Figure 4.4.

Step 3 is carried out using the function raster::mask(), which masks a raster (the meteorological
variable) with a polygon (the polygonised elevation belt). In this function, a raster cell is only
considered to be inside a polygon when the center of the cell lies inside the polygon. This
can cause problems, when the raster and the DHM, which is used to create the elevation belt
polygon, have di erent spatial resolutions. When a 1 km raster cell is overlayed by polygons
emerging from a 200 m raster, most of the 1 km raster cells will not be masked by the polygon,
even though the polygon touches the raster cell (Figure 4.5a). One solution to this problem is to
use a DHM with the same resolution as the meteorologic input variable (1 km). However, this
leads to an oversimplification of the topography and consequently the elevation belt (Figure
4.5b). Therefore, an intermediate step is required, in which the raster of the meteorological
variable is resampled to match the spatial resolution of the DHM (200 m). Visually, the pattern
does not change, but each 1 km raster cell is replaced by 5 x 5 raster cells with a spatial
resolution of 200 m. The resampled cells masked by the elevation belt (Figure 4.5c) are further

used to calculate a mean value that is representative of the track.
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4.5.4 Verification and Validation

The data is split into train and test data. The test dataset consists of one whole winter season,
the train data is the complement of the test data. Each model is trained with the train data
that includes all data but the test data. The model is then applied to the new, unseen test
data and a confusion matrix of predicted and observed values is created (Figure 4.9). Based
on this confusion matrix, the following skill-scores are calculated and used for the performance

assessment of the model:

Observed

Presence Absence
(ARPD Tracks) | (Generated)

True Positive | False Positive

Presence (TP) (FP)

Predicted

False Negative | True Negative

Absence (FN) (TN)

Figure 4.9: Confusion Matrix showing the relationship between predicted and observed entities. Green
boxes show correctly predicted entities, red boxes show erroneous predictions.

TP

Sensitivity = TP TEN (4.1)

Specificity = 'I'NT—:—\IFP (4.2)

Balanced Accuracy — (Sensitivity —; Specificity) (4.3)
Hanssen-Kuipers Skill Score (KSS) = TP TN —FP xFN (4.4)

(TP +FN) x (FP +TN)

(4.1) and (4.2) and are calculated according to Swets (1988). (4.3) follows from (4.1) and (4.2),
and is used frequently when dealing with imbalanced classes (e.g., Bekkar et al., 2013; Marsland,
2015). Sensitivity (Specificity) are measures of how many of the presence (absence) data points
were correctly predicted. The balanced accuracy is an advanced accuracy measure that is not
influenced by class imbalance. The Hanssen—Kuipers Skill Score is also known as the Peirce
Skill Score, which was first defined by Peirce (1884) and later by Hanssen and Kuipers (1965).
It is a measure used in rare and severe event prediction, which is suitable for imbalanced classes,

where the minority class is in the focus (Ebert and Milne, 2022).
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Chapter 5

Results

In this chapter, an overview over the results is provided. In the beginning, the presence data
is characterized (5.1). Further, the backcountry skiing prediction is discussed in terms of the
optimal algorithm setting (5.3.1), the skill scores (5.3.2), the influence of the di erent predictors
(5.3.3 and 5.3.4), the spatial and temporal distribution of errors (5.3.6 and 5.3.5), and ultimately
the robustness of the model (5.3.7).

5.1 Characterization of Presence Data

Figure 5.1 shows the seasonally recorded track number in the observation period spanning from
2013/14 to 2020/21. On average 750 tracks were recorded each season. However, there are
substantial variations among the di erent seasons. During the season 2016/17, exceptionally
few tracks were recorded, which can be attributed to the climatic conditions during this winter
season. The whole winter was anomalously dry, which resulted in an extreme lack of snow.
In parts of southern and western Switzerland it was the driest winter since 40, respectively 55
years. Additionally, the average temperature in the Alps deviated locally 4+1 - 42 °C from the
norm temperature 1981-2010 (MeteoSchweiz, 2017b).

Further, the number of tracks per season decreased significantly in 2019/20 and 2020/21, which
is likely due to the COVID-19 pandemic. It has to be noted that these seasons might show
di erent patterns than the seasons not a ected by the pandemic. However, analyzing and

quantifying those patterns would go beyond the scope of this thesis.
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The total number of tracks over all seasons is nearly constant throughout the week and is
significantly higher on the weekends (Figure 5.4). A majority of tracks (56.4%) were recorded
on a weekend. This is approximately doubled compared to the baseline frequency of the weekend
(2/7 = 28.6%). The distribution among workdays is almost uniform. Only a slight increase can
be observed from Monday to Friday. Of the 6014 presence tracks, 377 tracks or 6.3% took place
on a holiday. The number of total tracks per RDL roughly follows the baseline frequency of the
avalanche danger levels (Figure 5.5). The most frequent baseline danger level (“2 — Moderate”)
coincides with the most frequent danger level in the recorded tracks. The frequency of levels
“l — Low” and “2 — Moderate” is higher in the tracks than in the baseline, while levels “3
— Considerable”, “4 — High” and “5 — Very High” are less frequent in the tracks than in the
baseline. No track was recorded for danger level 5, but instead, some tracks were recorded on
days where no avalanche bulletin was published (level 0). Spatially, the tracks are concentrated
in a few hotspots, which have been discussed earlier for the popularity calculation (Section
4.4.3). In Figure 5.6 the warning regions are colored according to the overall track density. The
average size of a WR is about 200 km? and contains on average 44 tracks in total since 2013.
The highest track densities are found in the regions “6111 — Bedrettotal” and “2224 — stidliche
Urseren”, which are located near the border between the two climatic regions “2 — zentraler

Alpennordhang” and “6 — zentraler Alpensiidhang”.

30-
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Figure 5.4: Frequency of weekdays throughout all seasons for presence tracks (yellow) and baseline
frequencies (green). The baseline frequency for each day is 1/7 or 14.3%.
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Figure 5.8: Frequency distribution of a. weekday, b. raw danger level, and c. popularity by activity
group. Baseline frequencies are indicated by the black boxes. Baseline frequency of popularity emerges
from Figure 4.6, baseline frequency of RDL emerges from www.slf.ch. In c., absence frequency for level
5 is 0.08% and presence frequency for level 0 is 0.1%, therefore they are not visible. Presence frequency
for level 5 is 0%.

5.3 Prediction

5.3.1 Hyperparameters

The hyperparameters ntree, mtry, sampsize, and maxnodes were optimized by a using stepwise
increase, as described in Section 4.5.3.

In theory, increasing the number of trees (ntree) will always result in a smaller or equally large
error because of the Law of Large Numbers. For the most part, this could be confirmed with
OOB-error estimates and cross validation. The OOB-error for both classes decreases rapidly
with an increasing n and stabilizes at approximately n = 250 trees and a OOB error rate of
0.225 (absence) and 0.20 (presence) (Figure 5.9a). In the cross-validation, similar results were
obtained. For the cross-validation, skill scores rather than error rates were calculated, which
means that high values, rather than low values indicate a good fit. The steep drop of the error
rate, respectively increase of skill scores at the beginning is not captured by the cross-validation

approach, since the minimal number of trees tested is 50 (Figure 5.9b). Sensitivity and KSS
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slightly decrease from n = 50 to n=100, while specificity increases. After approximately n =

500, all skill scores are relatively stable. Therefore, 500 trees were used for the final model.
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Figure 5.9: a. OOB-error rate by class as produced by randomForest::randomForest() and b. cross-
validation skill scores with increasing number of trees (ntree).

For mtry, sensitivity decreases with increasing n, while specificity first increases, then stabilizes
at approximately n = 3 (Figure 5.10). The balanced accuracy and KSS slightly peak at n = 3
and n = 6. However, the variations are minor. It has to be noted that mtry is also sensitive
to the total number of features used. As the number of features varies with di erent feature
implementations, the default value (square root of total number of features) is chosen. For
the sampsize parameter, skill scores focusing on the presence (Sensitivity, KSS) class generally
decrease with increasing sample size, while specificity remains at a high level throughout all
sample sizes. Therefore, a relatively small sample size of 200:200 is chosen. Sampling without
replacement yields slightly higher performances, therefore it is preferred over sampling with
replacement. An adjustment of the maximum numbers of terminal nodes (maxnodes) yielded
lower values in all skill scores than setting it to the default value. Therefore, the default value

is employed, which means that there is no limit on the maximum number of nodes.
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Figure 5.10: Skill scores obtained through cross-validation for di erent values of a. mtry, i.e., the
number of randomly selected features for each split and b. sampsize, i.e., the number of sampled data
points for every tree. The sample size for both absence and presence class is the same.

5.3.2 Skill Scores

An overview over skill scores calculated for di erent model runs are presented in Table 5.3. The
indices of the di erent models correspond to the model implementations presented in Figure
4.8. All models hold the same algorithm-specific properties, with mtry and maxnodes set to the
default value, ntree = 500 and sampsize = 200 for both classes. Furthermore, sampling without
replacement was applied, as this produced slightly higher values.

Model 5 yielded the highest performance throughout all skill scores. In this model, weekdays
were treated as a binary variable (weekend / workday), meteorological (i.e., continuous) vari-
ables were treated as continuous variables rather than categorical variables, and NA values were
included as 0 (RDL) respectively enriched with daily precipitation sum data (precipitation). It
becomes evident that equalization of classes by either using one hot encoding or classifying con-
tinuous variables did not improve the model. Contrary to that, including NA values by replacing
them with a dummy value (RDL) or with another data source (precipitation) did improve the
model’s performance. However, it is worth noting that the performance improvement due to the
inclusion of NA values is specifically observed in the presence tracks (i.e., sensitivity). In the
case of absence tracks, the inclusion of NA values does not significantly a ect the performance
(i.e., specificity), as it remains relatively unchanged.

Further, excluding regions with only a small number of total tracks over the whole period
(models 6 and 7; Figure 5.11) resulted in a deterioration of the model’s performance, as did
the exclusion of the least important variable “holiday” (model 8). Generally, data-specific ad-
justments resulted in a greater variation in sensitivity (0.087) compared to specificity (0.01).
The KSS exhibits a relatively high standard deviation of 0.093, while the standard deviation of
the balanced accuracy lies between the values for specificity and sensitivity (0.046), as it is the

geometric mean of the two.
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column was introduced. The random column contains randomly generated numbers between
0 and 1, it is therefore a continuous feature with a high number of possible splits. Ideally,
this random column should have no influence on the prediction since there is no relationship
between the target variable and the random column. The variable importance should therefore
be 0 for the random feature. In Figure 5.12b however, it is visible that according to the Mean-
DecreaseGINI, the random column is the third most important feature. It becomes apparent
that there is a tendency that continuous (meteorological features) and high-cardinality cate-
gorical variable (warning region code, day of the season) are the most important, while binary
features and features with only few categories (holiday, raw danger level, popularity) are least
important. The variable importance measured by the MeanDecreaseAccuracy does not seem to

be subject to this bias, therefore it is preferred as a measure of variable importance.

a. b.
weekday 9 SrelD 0| continuous
temp o temp O | continuous
pop ] random o continuous
season [} Wrc (e} categorical (125)
dos o} dos o categorical (200)
wrc o season @) categorical (8)
rdl e} weekday (o} categorical (7)
SrelD o pop o categorical (5)
precip o rdl o categorical (5)
holiday o] precip o continuous
random [0 holiday o categorical (2)

T T T T T T T T

0 50 100 150 0 500 1500

MeanDecreaseAccuracy MeanDecreaseGini

Figure 5.12: Variable Importance as measured by a. MeanDecreaseAccuracy and b. MeanDe-
creaseGINI. Data types for features in b. are listed next to the graph. For categorical features, the
number of categories is expressed in brackets. Importance Metrics in this Figure emerge from a model
with no hyperparameter fine-tuning or data-specific adjustments and are thus not comparable to other
variable importance plots presented in this section. The following variable names are abbreviated: pop
= popularity, rdl = raw danger level, SrelD = relative sunshine duration, precip = precipitation, temp
= temperature, dos = day of the season, wrc = warning region code

Figure 5.13 shows the variable importance calculated with the best performing model (Model
5). The variable importance di ers by class and the weighted mean of both classes is strongly
influenced by the majority class (absence), whereas the unweighted mean in strongly biased
towards the presence class, since presence variable importance values are one to two orders of
magnitude higher.

For the prediction of the presence class, the time-independent popularity variable is most im-
portant, followed by the avalanche forecast (RDL) and the relative sunshine duration. For the
absence prediction, the three meteorological variables are most important, followed by pop-
ularity. In the absence prediction, the avalanche forecast has a negative importance, which
indicates that it adds to a higher error rate compared to a model that does not include the
avalanche forecast. In both classes, the importance of the holiday variable is approximately 0,

which indicates that it has no importance for neither absence nor presence prediction.
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Figure 5.16: Mean daily probability for presence vs. daily proportion of presence tracks. The black
curve indicates the local polynomial regression line with a 95% confidence interval.
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Figure 5.19: Specificity per warning region with best performing model (Model 5) for all test seasons.
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Figure 5.20: Balanced Accuracy per warning region with best performing model (Model 5) for all test
seasons. NA values are employed when calculation is not possible.
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Figure 5.22: Relationship between a. sensitivity, b. specificity, c. balanced accuracy, and d. KSS and
total track count per warning region, season 2017/18. The blue curve indicates the local polynomial
regression line with a 95% confidence interval. Plots for all other seasons can be found in Appendix B.
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Table 5.3: Skill scores produced by the best performing model (Model 5) with permuted test seasons.
For each test season, the complementary data is used for training. Mean and standard deviation of each
skill score is provided at the bottom, as well as results from the correlation analysis.

# Tracks

Test Season Sensitivity Specificity KSS Balanced Accuracy per Season
13714 0.764 0.754 0.518 0.759 901
14/15 0.728 0.785 0.513 0.756 786
15/16 0.743 0.800 0.543 0.771 1018
16/17 0.790 0.752 0.541 0.771 528
17/18 0.736 0.817 0.553 0.777 670
18/19 0.780 0.761 0.541 0.771 965
19/20 0.742 0.705 0.447 0.724 515
20/21 0.688 0.756 0.444 0.722 631
Mean 0.746 0.766 0.512 0.756 751
STDEV 0.032 0.034 0.043 0.022 195
Pearson’s r 0.194 0.453 0.498 0.498 -

R? 0.04 0.20 0.25 0.25 -
p-value 0.32 0.13 0.10 0.10 -

Table 5.4: Skill scores for a model with a known input uncertainty of meteorological variables compared
to the best performing model (baseline).

Sensitivity Specificity KSS Balanced Accuracy

Baseline 0.743 0.800 0.543 0.771
Meteo Uncertainty 0.727 0.799 0.525 0.763
Di erence - 0.016 -0.001 -0.018 -0.008
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Chapter 7

Conclusions and Further Work

Although the model created in this thesis has some limitations, it provides a solid basis for
backcountry skiing activity prediction, as it represents pioneering work in this research field.
Additionally, this thesis provides an approach for e ectively incorporating weather variables into
geographically obfuscated data. It further allows 1.) an approximate estimation of whether
backcountry recreationists are in the field (i.e., backcountry skiing activity) and 2.) an idea
of which conditions enhance or diminish the probability for activity. The model reveals that
both the relative sunshine duration and the snow conditions strongly impact backcountry skiing
activity. Further, there is a clear positive correlation between probability of presence and actual
presence tracks for all observed seasons, which demonstrates the ability of the model to predict
backcountry skiing activity. It could be shown that the model is robust in terms of di erent
validation seasons as well as to input uncertainty of meteorological features. However, a common
saying in the machine learning domain is that “a model is only as good as the data it is fed”.
This thesis shed light on the limitations of the backcountry skiing data used for the model, as
well as on the conceptual idea, from which the absence data was generated. In the end, an
outlook on possibilities for future research was given. Alternative data sources were presented,

which could be investigated in the future to train an updated version of the model.
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Appendix B

Skill Scores
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Figure B.1: Relationship between a. sensitivity, b. specificity, ¢. balanced accuracy and d. KSS and
total track count per warning region, season 2013/14.
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