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Abstract

Forests often play an important role in mitigating the effects of natural haz-
ards on humans and infrastructure, in particular in mountainous and densely
populated countries like Switzerland. The protective function of forests de-
pends on the forest community and its condition. Consequently, knowledge
about forest communities is crucial to ensure site-adapted silvicultural mea-
sures. The low fraction of mapped forest communities and their expense of
mapping call for ways of classifying forest communities remotely. The use
of Digital Terrain Models (DTM) to do so arises because of their widespread
availability, and the correlation between variables driving the distribution of
forest communities and variables derived from DTMs. This thesis examined
how well elevation and derivatives of DTMs can be used to distinguish be-
tween forest communities.

Topographic Wetness Indices (TWI) were calculated for three different spa-
tial resolutions using two different Multiple Flow Direction (MFD) and one
Single Flow Direction (SFD) flow routing algorithm. Additionally, the TWI
was weighted with mean yearly precipitation. The data were extracted using
a proportional stratified regular sampling. The analysis was conducted by
looking at the differences between the forest communities descriptively and

by calculating different Random Forest models.

Forest communities were found to occur at rather distinct elevation and slope
values, while the variation of the aspect values was much higher. The coars-
est DTM resolution performed best at explaining the distribution of forest
communities regarding the correlation between TWI values and the humid-
ity values. The two MFD algorithms were able to match TWI values with the
position on the ecogram better than the SFD algorithm. The weighting of the
TWI with precipitation data showed no clear improvement with regards to
distinguishing between forest communities. Overall, Random Forest proved
to be an appropriate algorithm to perform multivariate analysis of the distri-
bution of forest communities.



iv

This thesis showed that topographic variables have a high potential to distin-
guish between forest communities, when calculated with the right DTM res-
olution and flow routing algorithm. Therefore, topographic variables could
be used complimentary to traditional field mapping methods to save time

and costs.
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1 Introduction

Switzerland's topography is characterized by the Alps, spanning across the
whole country (BAFU 2015). The steep slopes of this mountain range make
Switzerland prone to gravitational natural hazard processes such as rockfall,
avalanches and shallow landslides (BAFU 2015; Breschan et al. 2018; Rickli
et al. 2019). Where slopes are steep enough, shallow landslides (up to 2 m
depth) can be triggered by intense rainfall and pose a danger to humans and
infrastructure, especially when the shallow landslides turn into debris ows
with run-out zones that can reach populated regions (Rickli et al. 2019). With
the growing population and the increase in settlement area that has occurred
in the last decades, the damage potential of such gravitational natural haz-
ards has increased (Hilker et al. 2009). Additionally to the increasing dam-
age potential, the probability of landslide occurrences is also predicted to
increase in the future due to the intensi cation of heavy rainstorm events
induced by climatic change (Beniston et al. 2011).

Forests have shown to play an important role in protecting populated regions
from gravitational natural hazards (Schwarz et al. 2010; Breschan et al. 2018;
Rickli et al. 2019). Forests cover roughly a third of Switzerland's land area. Of
this third, approximately 42% of the forest area provides people with protec-
tion against natural hazards like avalanches, rockfall and landslides (Brang
et al. 2006; Brandli et al. 2015). These forests that potentially reduce the risk
of damage to humans or infrastructure, caused by natural hazards, are called
protective forests (Losey and Wehrli 2013).

A protective forest can reduce the susceptibility to shallow landslides in two
main ways. Firstly, forests can reduce the soil water content by withhold-
ing precipitation from the soil (interception) and by drawing water that they
need for photosynthesis from the soil (evapotranspiration)(Sidle and Ochiai
2006; Graf et al. 2019). Secondly, forests can impact the soil mechanically by
improving soil aggregation and ameliorating the cohesion between differ-
ent soil layers through root reinforcement (Sidle and Ochiai 2006; Frei 2009;
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Schwarz et al. 2010; Yildiz et al. 2015; Graf et al. 2019; Rickli et al. 2019). Gen-
erally, a slope is regarded as marginally stable when the slope angle is equal
to the internal friction angle of dry soil. The aforementioned soil-stabilizing
functions of forests can increase the angle at which a dry slope is still stable
and does not slide off (Yildiz et al. 2019).

The extent of the protective function of a forest against gravitational natu-
ral hazards does not solely depend on the presence of forest but also on its
structure (Rickli et al. 2019). The forest structure entails variables such as
"layering", "cover", "development" and "mixture"”, and depends on the forest
community type and the forest's condition (BAFU 2016). Targeted silvicul-
tural measures help to ensure that the forest ful Is its desired protective func-
tion by improving its condition (Brandli et al. 2015; BAFU 2016). A guideline
called NaiS was composed to help foresters know what the aspired forest
condition is, depending on the forest community type, and how to reach the
desired level of the forest's protective function with a minimal level of site-
adapted silvicultural measures (Frehner et al. 2005). That being said, it be-
comes apparent that knowledge about the different forest community types
is of fundamental importance (Kimmins 2004; Frehner et al. 2005; von Wyl
et al. 2014). With the future challenges of climate change, the proper choice
of tree species will become even more important than it is now when con-
ducting silvicultural measures. Therefore, knowledge about different forest
communities will gain importance (Brang et al. 2017).

Unfortunately, only 50% of Switzerland's forests are mapped (Brang et al.
2017), and the eld mapping of these forest communities is expensive, time-
consuming and has a low degree of reproducibility (Brzeziecki et al. 1993).
Furthermore, the knowledge about the different forest community types in
Switzerland is guarded and passed on by only a handful of specialists, of
which most of them are close to retirement (Brang et al. 2017). So while
knowledge about different forest community types is becoming increasingly
important, only half of Switzerland's forests are currently mapped, and the
knowledge about the forest communities is expected to decrease in the next
decades (Brang et al. 2017). For these reasons, it would be desirable to be able
to facilitate the mapping of forest communities.

The distribution of forest communities is determined by different biotic and
abiotic factors. Temperature, solar radiation, soil water content and soil acid-
ity are some of the important environmental factors that drive the distribu-
tion of forest communities (Ott et al. 1997; Kimmins 2004). In Switzerland,
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forest communities are classi ed in ecograms according to soil acidity and
the humidity value. The latter is a term that quanti es the soil moisture
content and comes from the ecological indicator values given e.g. in Lan-
dolt 1977. Up to a certain extent, these factors can be explained using geo-
morphometry as they highly correlate with the topography of the landscape
(Guisan and Zimmermann 2000; Horsch 2003).

Geomorphometry is the science of quantitative land-surface analysis (Pike
1995). As the land-surface plays a fundamental role in ecological and hydro-
logic processes, a better understanding of the land-surface can be bene cial
to better understand the ecological and hydrologic processes (Montgomery
and Dietrich 1988; Wilson 2012). The basis that underlies any geomorpho-
metric analysis is a Digital Terrain Model (DTM). It is a digital representation
of the bare ground surface, without any vegetation or buildings (Li et al.
2005). Elevation can be extracted from a DTM without any calculations. Ad-
ditionally, three different types of derivatives can be extracted from a DTM.
First-order derivatives include slope and aspect. Second-order derivatives
are the pro le curvature and the plan curvature. They are determined by cal-
culating the rate of change of the aforementioned slope. Compound deriva-
tives are terrain indices that combine two or more terrain attributes (Kienzle
2004). The widespread availability of high-resolution DTMs (0.5 m - 5 m)
in Switzerland combined with the diverse geomorphometric analysis possi-
bilities makes the previously mentioned derivatives potentially interesting
to explain the distribution of forest communities (Guisan and Zimmermann
2000; Horsch 2003).

Soil moisture is one of the main factors determining the composition of veg-
etation (Radu a et al. 2018). The movement of water can be mainly explained
by gravity and the material the water ows over or through. The effect of
gravity on the ow path of water can be approximated well with a DTM
(Wilson 2012). Therefore, DTMs are commonly used in humid regions to bet-
ter understand the soil moisture patterns by calculating the compound DTM
derivative called Topographic Wetness IndéxWI)(Buchanan et al. 2014). The
index describes the tendency of a raster cell to accumulate water by dividing
the Speci ¢ Catchment Area (SCA) of a given point by the local slope, and
then scaling it by the natural logarithm (Equation 2.1)(Mattivi et al. 2019).
Preliminary to the calculation of the TWI, a ow routing algorithm has to
be chosen that determines the way the out ow from a given cell will be dis-
tributed to one or more neighbouring cells (Wilson et al. 2008). Over the
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years, a variety of such algorithms has been developed (Fair eld and Ley-
marie 1991; Freeman 1991; Quinn et al. 1991; Holmgren 1994; Quinn et al.
1995; Qin et al. 2007). These algorithms can be divided into two main groups.
Single Flow Direction algorithms (SFD) pass their entire ow on to a sin-
gle neighbouring cell. Multiple Flow Direction algorithms (MFD) possibly
pass on their ow to multiple down-slope neighbouring cells. The MFD al-
gorithms can be further differentiated depending on the number of neigh-
bouring cells they pass on ow to and by the way the ow partitioning is
calculated.

Over the last couple of decades, both accuracy of DTMs and computing
power have increased drastically, opening up new possibilities in research.
Machine learning algorithms have been becoming more popular to classify
land cover, plant communities and tree species (Adelabu et al. 2013; Ghimire
et al. 2012). Ensemble machine learning algorithms such as the Random For-
est algorithm (Breiman 2001) are particularly popular algorithms to use for
complex classi cation problems (Zhang and Ma 2012). The idea of ensemble
machine learning algorithms is to combine hundreds of different classi ca-
tion trees to a single model, taking advantage of the power of the collective
(Zhang and Ma 2012).

The usage of DTM derivatives such as slope, aspect and TWI has become
common practice in species distributions models (Brzeziecki et al. 1993; Horsch
2003; Zimmermann et al. 2007; Kopecky and Ci kova 2010). The TWI is
widely accepted to give a good representation of the local hydrological con-
ditions (Radu a et al. 2018). Nevertheless, there is a lack of understanding
how the choice of the DTM resolution and the ow routing algorithm af-
fects the TWI values with regards to matching the humidity value of forest
communities. Furthermore, no research has been conducted to investigate
whether weighting the TWI with mean yearly precipitation data portrays
the hydrological conditions of an area better than without the weighting. In
addition, ensemble machine learning algorithms such as Random Forest are
yet to be used to classify forest community types, although their use is well
established in other ecological research elds (Ghimire et al. 2012; Adelabu
et al. 2013).
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The objective of this thesis is to better understand the impact the DTM res-
olution and the ow routing algorithm have on TWI values with regards to
matching humidity values of forest communities and, therefore, possibly fa-
cilitate the mapping of forest communities. Moreover, it shall be evaluated
whether the weighting of the TWI with precipitation data poses an improve-
ment with regards to matching humidity value of forest community types.
Finally, it shall be evaluated whether Random Forest is a suitable method to
explain forest communities using topographic variables. This thesis aims to
investigate the following questions:

1. How well can elevation and rst-order DTM derivatives explain the
occurrence of different forest community types?

2. Which DTM resolution is most suitable when calculating a TWI to match
the humidity value of forest communities?

3. Which ow routing algorithm is best used to calculate a TWI with re-
gards to matching the humidity value of forest communities?

4. Does weighting the TWI with mean annual precipitation data pose an
improvement with regards to differentiating between forest communi-
ties?

5. Is the Random Forest a suitable algorithm to classify forest community
types based on topographic variables?
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