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ABSTRACT

This paper introduces a Python-based method to determine debris flow and debris flood susceptibility of torrent catchments in the Austri-
an Alps. An approach developed by Berenguer et al. (2015) for debris-flow (DF) susceptibility assessment is modified in order to include
additional data in the analysis. The objectives are, first, to determine the applicability of the modified method proposed by Berenguer et
al. (2015) to the context of available and extended data in Austria; second, to assess whether comparable results can be obtained by the
adaptation of the method for catchments in Austria; and third, to test whether catchments categorised as "high susceptible" exhibit a lower
rainfall threshold for DF event initiation compared to those classified as "low susceptible" during rainfall events. The outcomes of this study

shall support a fast and country-wide hazard assessment for torrent catchments.

INTRODUCTION

In Alpine regions, the morphology of torrents and respective catchment areas significantly influences the occurrence and type of natural
hazard processes resulting from heavy rainfall events. Whereas a specific precipitation may only trigger a fluvial event in catchment A, in
catchment B mass movement processes such as debris flows might occur. Those can, if they have a certain intensity, reach settlements and
cause significant damage. As space in alpine valleys is usually very limited, many settlements are located within the influence of torrents.
Therefore, it is essential to determine whether and with what probability mass movement processes occur in those locations or, in other

words, how susceptible a particular catchment is to such processes.

This classification should be accomplished entirely on the basis of existing (remote sensing) data and a suitable model or categorization
method. Berenguer et al. (2015) developed an approach based on the relationship between geomorphological parameters and the occur-
rence of debris flows for torrent catchments in the Spanish Pyrenees. These catchments were previously determined by a hydrological GIS
analysis to a 5 m x 5 m DEM of the region and subsequently categorized into reactive (i.e. prone to debris flows) and non-reactive catch-
ments, the identification of reactive catchments was based on debris-flow traces found in aerial photographs (Chevalier et al., 2013). Later,
the model of Berenguer et al. (2015) categorized each watershed into three susceptibility classes (low, medium, and high) based on the
probability of debris-flow occurrence, which was derived from four morphological parameters (4 out of 18 were used for classification) for
selected catchments. 56 catchments were classified as “reactive” and were used for model calibration. The classification model is based on

fuzzy logic and membership functions.

The overall objective of this work is to enhance and adapt the model proposed by Berenguer et al. (2015) and apply it to torrent catchments
in the Austrian Alps. The specific aims are to address two key research questions: First, whether enhanced and precise data, coupled with
a refined classification approach, can yield comparable or improved results in the debris flow susceptibility assessment classification of
torrent catchments in the Austrian Alps. Second, do torrent catchments categorized as "high susceptible" exhibit a lower rainfall threshold
for event initiation compared to those classified as "low susceptible"? The second aim is currently in the process of being developed and

will be evaluated within the thesis.

This new approach should enhance the precision of the results, contributing to a more robust and accurate analysis. Furthermore, an auto-
mated classification and model calibration approach is introduced using Python-based programming and geospatial libraries in combination

with simple data science algorithms.

METHODS
Instead of solely relying on remote sensing data for model calibration, this thesis additionally implements 3086 georeferenced torrent catch-
ments including records of hazard events spanning over 60 years from the event database of the Austrian Forest Service for Torrent and

Avalanche Control (Schlogl et al., 2021). The data basis of the classification model is:
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1. The watersheds in Austria which relate to the event database (Ereignisdatenbank) as a shape file,
2. Records of different types of torrent processes in respective catchments derived from the event database (Ereignisdatenbank),

3. Digital terrain model (DTM) of the entire Austrian territory from the year 2018 with a resolution of 10 m x 10 m as a TIF file.

Data preparation, processing, and model creation are executed semi-automatically, whereas the classification into the three susceptibility

classes is fully automated, all accomplished using Python.

The classification method is based on a combined method introduced as part of a debris flow susceptibility classifying method introduced

by Berenguer et al. (2015). The model creation consists of six steps:

1. Calculation of morphological parameters and identification of “reactive catchments”

2. Creation of density functions (reactive and non-reactive catchments) for all parameters

3. Determination of those parameters being able to characterize reactive catchments

4. Creation of linear membership functions for the three susceptibility classes “low”, “medium”, and “high”
5. Assessing weights for each parameter using Kruskal-Wallis test (Kruskal & Wallis, 1952)

6. Calculating combined membership degrees for each susceptibility class per subbasin

For model calibration 20% (618 torrent catchments) of the data extracted from the event database is utilized, while the remaining 80% (2468
torrent catchments) are reserved for accuracy assessment of the classification. All steps except the calibration (adjustment) of the member-
ship functions are fully automated using Python. In case of a modification or update of data, the program can process the updated data

again to provide improved results.

Calculation of morphological parameters and identification of reactive catchments

In the first step 9 morphological parameters (area [km?], min height [m], max height [m], max slope [°], min slope [°], mean slope [°], dh
[m], Melton ratio [-], orientation [°] ) are calculated for 3086 georeferenced catchments within the Austrian Alps each being identifiable by a
unique identifier (wlk_id). Moreover, the event database (Ereignisdatenbank) that contains events occurred in the above-mentioned water-

sheds over a timespan of more than 60 years (1960 — 2021) is used.

Each event is associated with a unique six-digit identifier (wlk_id) that corresponds to the respective watershed. Furthermore, events are
categorized into four classes: floods (Hochwasser), fluvial sediment transport (Fluviatiler Feststofftransport), debris flood (murartiger Fest-
stofftransport), and debris flow (Murgang). The model primarily aims to identify subbasins susceptible to debris-flow events (debris flows
and debiris floods). Unlike Chevalier et al. (2013), who identified reactive subbasins solely on the basis of debris-flow traces of aerial images,
we are able to use in-situ data based on documented events. In this study, each catchment is designated as reactive as soon as at least one
incident of a debris flood (murartiger Feststofftransport) or a debris flow (Murgang) was documented, while all other remaining catchments
are categorized as non-reactive (see Table 1). In the next step that classification can be linked with all information of the Wildbach- und

Lawinenkataster-ID (wlk_id), which is unique for every subbasin.
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0 2988342,61 | 103182 | 333,00 | 557.0 | 225,67 | 0,00 | 49,30 | 9,10 | 0,13 | 151,81 | reactive
163 5980901,03 | 109837 | 1293,53 | 2684,66 | 1392,68 | 0,08 | 72,51 | 28,74 | 0,57 | 154,39 | non-reactive I

Table 1: Attribute table of torrent catchments containing calculated morphological parameters and reactivity.
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Creation of probability density functions for all parameters

With parameters acquired for over 3000 georeferenced torrent catchments, the next step involves the generation of probability density func-
tions (PDF). Those will be later important for a classification regarding susceptibility assessment. Probability density functions are computed
for each parameter, differentiating between reactive and non-reactive catchments. This is done using a kernel density estimation (KDE) from
the Python toolbox seaborn (Waskom, M. L., 2021). Figure 1 shows exemplarily the PDFs for the parameters “mean slope” and “area” and it
can be seen that the distinctions in the distribution of reactive and non-reactive subbasins are evident for mean slope, but not for the area.
Notably, the mean value, denoted as the peak of the density curve, exhibits significant variations across the functions. Additionally, it is ob-
servable that reactive catchments display a substantially higher peak in the curve than non-reactive ones, resulting in a narrower distribution

of the density function for the parameter mean slope.

Determination of parameters being able to characterize reactive catchments

To determine the parameters that are best suited for distinguishing between reactive and non-reactive or in other words feature the best
ability to characterize debris-flow and debris-flood occurrence, the approach of Berenguer et al. (2015) is used. For this, the density func-
tions and especially the overlapping area between the reactive and non-reactive pdf-curve are considered. Accordingly, parameters, which

density functions feature the least overlap (Figure 1), are selected.
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Figure 1: Examples of probability density functions (PDF) for well suited (right, slope) and poorly suited (left, catchment area) catchments (orange = density function of reactive catchments,

blue = density function of non-reactive catchments).

Due to observing all density functions of all parameters, the parameters max. height, mean slope, Melton ratio, and dh (height difference

between the highest and lowest point within the catchment) are chosen containing the least overlap and are therefore used for classification.
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Figure 2: Density curves (reactive and non-reactive catchments) for parameters selected for susceptibility assessment.
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Creation of linear density functions for the three susceptibility classes

Like in the approach of Berenguer et al. (2015) linear membership functions, one for each susceptibility class (low, medium, and high) are
introduced. The shape of those membership functions reproduces the information regarding subbasin susceptibility. Depending on the value
of a parameter of a specific subbasin (x-axis), a specific membership value is assigned to it for each susceptibility class. That membership

degree spans from 0 to 1.
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Figure 3: Utilizing membership functions to evaluate the susceptibility of the subbasin to debris-flow or debris-flood processes relying on the analysis of the four selected parameters: max.

height, Melton ratio, mean slope, and dh. The green, yellow, and red correspond to low, medium, and high susceptibility classes in that order.

Assessing weights for each parameter and calculating membership degree

To combine the membership degrees of the four parameters, a certain weight must be assigned to them. While Berenguer et al. (2015) calcu-
lated the weights using a function that contains the overlapping area of the two density functions, we use the Kruskal-Wallis test (Kruskal &
Wallis, 1952). The greater the test value, the less similarity there is between two independent samples (non-reactive and reactive catchment).

To estimate the weight of a parameter, we use Equation 1, where par is one of the four parameters and H is the Kruskal-Wallis test value.

4
MD.,,..,(sb,class):= >, MD,(sb,class) -w;(sb,class)
=1

Equation 1: Weights of parameters.
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0 2988342,61 | 103182 | 333,00 | 557.0 | 22567 | 0,00 | 49,30 | 9,10 | 0,13 | 151,81 | reactive
163 | 5980901,03 | 109837 | 1293,53 | 2684,66 | 1392,68 | 0,08 | 72,51 | 28,74 | 0,57 | 154,39 | non-reactive

Table 2: Kruskal-Wallis test values and weight for each of the four parameters calculated using the Python package scipy

The combined membership degree (MDcomb) for a specific subbasin (sb) across various susceptibility classes (class) is determined by sum-

ming up the four parameters membership degrees (MD1), each weighted according to the respective weights (wi), as indicated in Equation 2:

H(par)

weight (par) = Hi

Equation 2: Combined membership degree.
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As in Berenguer et al. (2015), three maps are created for each susceptibility class with the membership degree of each subbasin in that class.
Then, each catchment area is assigned to the susceptibility class that has the highest membership degree for the respective catchment area
(Table 3).

ID wlk_id Low Medium High Susceptibility Class
3 108328 0,62 0,17 | 0,54 Low
4 101994 0,25 0,19 0,40 High

Table 3: Excerpt from the attribute table of the classified torrent catchments according to susceptibility classification. Low, medium, and high are the susceptibility classes, the values

correspond with the membership degree of each class.

RESULTS AND DISCUSSION
The susceptibility map for all Austrian torrent catchments is shown in Figure 4. There is a clear east-west gradient in terms of susceptibility
class. The trend that debris flows and debris floods are more likely to occur in the steeper central part of the Alps than in the east of Austria

gives confidence in the derived model.
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Figure 4: Left: map of subbasins classified with susceptibility assessment (basemap.at). Low, medium, and high susceptibility classes are green, orange, and red respectively. To each
subbasin the susceptibility class with the highest membership degree was given. Right: map of subbasins classified for reactivity (reactive = at least one debris flow-like event), reactive

subbasins are red and non-reactive subbasins are green.

Then we check the accuracy of the classification process. We assign reactive and non-reactive catchments for both the Low and High classes.
The aim is to have mainly non-reactive catchment areas in the Low class, while the High class should consist primarily of reactive catchment
areas. The success rate indicates the percentage of catchment areas in a class that are correctly classified. Table 4 contains the results of our

work besides the result of the debris flow susceptibility assessment by Berenguer et al. (2015).

Unlike Berenguer et al’s (2015) approach, which aimed to minimize the number of reactive subbasins in the Low class during model cali-
bration, our strategy focuses on maximizing both the classification of non-reactive catchments in the low susceptibility class and reactive
catchments in the high susceptibility class. This approach enables us to achieve superior overall results of more than 70% accuracy in both,

Low and High susceptibility classes.

Susceptibility assessment Debris flow susceptibility assessment
in the Austrian Alps by Berenguer et al. (2015)
ilfsie by rNe(?a::cive Reactive | Total f:tcec[e"/i]s rNec:::_tive Reactive Total f: tcec?;s]
Low 1256 390 1646 76,31 459 4 463 99,14
Medium 358 393 751 / 438 35 473 /
High 200 489 689 70,97 106 17 123 13,82

Table 4: Results of debris flow susceptibility assessment including success rate for classification. Left: results of debris flow susceptibility assessment in the Austrian Alps. Right: debris
flow susceptibility assessment by Berenguer et al. (2015).
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CONCLUSIONS

In this thesis, Berenguer et al’s (2015) method including minor modifications could be effectively utilized to perform a debris flow sus-
ceptibility classification for torrent catchments in Austria. These modifications involve the inclusion of georeferenced torrent catchments
and the integration of in-situ data in terms of hazard event records spanning over 60 years from the event database. The goal of obtaining
comparable or improved results for catchments in the Austrian Alps has been fulfilled. Additional model calibration in terms of adjusting the

membership functions, which will be carried out as part of this master's thesis, should further improve the results.

The decision to utilize Python was driven by its capability to facilitate the automation of tasks like determining geomorphological parameters
or data science approaches within the model creation. This made the whole process more accessible and efficient. In case of data changes
or modifications to the model, results can be easily recalculated using the code. Changes to the morphological parameters, for example, are

also possible with just a few adjustments within the code.
The next step is to determine whether catchments classified with a high susceptibility require lower rainfall intensities to trigger a debris-flow

event compared to those categorized as low or medium susceptible. This will also be carried out as a part of the master thesis currently

being developed.
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