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Abstract

This thesis considers various modeling approaches for assessment of landslides,
ranging from heuristic (expert-based), statistic and deterministic (physical-
mathematical) to advanced methods. The latter included various state-of-the-art
Machine Learning techniques, based on training/testing protocols, which makes
them fundamentally different from the other abovementioned approaches.
Landslide assessment involved two aspects: modeling of landslide susceptibility
(defined throughout the area by low-high susceptibility values) and spatial
prediction of landslides. To achieve this task the following main principles
applied: (i) landslide occurrences are in relation with the Conditioning Factors
(various terrain properties), (ii) similar conditions that have led to a landslide
occurrence in the past will lead to its reoccurrence, (iii) similar conditions that
have led to a landslide occurrence in some area will induce landslide occurrence
elsewhere. Conditioning Factors are represented by morphometric, geological,
hydrological/hydrogeological and environmental properties of the area, given as
various thematic layers in GIS. These represented the input dataset which has
then been appropriately processed and together with the available Landslide
Inventory fed to the according modeling procedure. The model retrieved
susceptibility and/or prediction of landslides throughout the area. It is compared
against the available Landslide Inventory for its final evaluation. Three different
case studies have been investigated, similar enough, yet different enough to
challenge the advanced modeling techniques. The first regarded Fruska Gora
Mountain in Serbia with deep-seated earth slides; the second, Star¢a Basin in
Croatia, with shallow earth slides; and the third, Halenkovice area in Czech
Republic, with earth slides/flows in characteristic flysch formations. It has been
shown that Machine Learning methods, particularly SVM (Support Vector
Machines) are the most suitable for landslide susceptibility modeling, since the
most of these models performed extremely well. When it comes to landslide
prediction, the results are somewhat ambiguous, since some models performed
very well, while the others did not meet the expected accuracy. In conclusion, the
proposed methodology produces acceptable susceptibility models that could be
applied in urban/regional planning, disaster ~management/mitigation,
hazard/risk analysis, while the models of landslide prediction have limited
applicability in landslide mapping and perhaps different levels of planning.

Keywords: landslides, landslide susceptibility, modeling, GIS, Machine Learning




1. Intoduction

Landslides stand among the most widespread natural hazards, hand-in-hand
with earthquakes, volcanoes, floods and storms, which are usually linked, i.e.
preceded or followed by landslides. The latest research (Petley 2012) has shown
that there is a rising toll of landslide casualties, most likely due to the expansion
of the global population and widening of the human interaction with the
geological environment. This life and property threatening phenomenon has
thus attracted the public and academic communities, world-wide. Given such
motifs, the landslide investigations have been rising exponentially in the past
decade (Gokceoglu & Sezer 2009), and this research could be enlisted as a
follower of such trend. The rise has been further stimulated by the simultaneous
developments in the field of technology, computer science and GIS, diversifying
the methodology and increasing the accuracy of landslide assessment. At
present, the state-of-the art techniques, such as advanced Machine Learning
algorithms, are being implemented at unprecedented scales, giving valuable
interpretations and predictions, which are applicable in the mitigation of the
landslide, and other natural hazards. It is important that the landslide
assessment is developing within a certain framework, endorsed by the leading
communities (Engineering Geology, Geomorphology, Geotechnics, Geophysics,
etc.). Its purpose is to define and systematize the terminology and methodology
of research, so that the independent researches and experiences can be
compared. That is the only way to improve the knowledge on landslides, their
behavior, mechanisms, triggers, aftermath etc. This research is following the
guidelines of the leading communities in terms of nomenclature and
methodology, although it is the author’s intention to propose/promotes some
specific assessment techniques.

In the context of the landslide assessment framework which has been complied
throughout this thesis as a standard, several basic terms should be pre-defined:

— landslide is any downward movement of rock, debris or earth mass,
—  susceptibility is a spatial probability of the landslide occurrence,
— landslide classification is defined by a standard one (Varnes 1984).

Finally, it should be mentioned that the landslide assessment rests on the
following basic principles:

— landslides are caused by the interplay of ground conditions or
Conditioning Factors and Triggering Factors,

— landslides will reoccur when and where these conditions are met.




2. Objectives

Resting on the abovementioned motifs, this research was shaped to meet the
standardized requirements in terms of methodology of data acquisition and
manipulation, choices of the advanced modeling approaches for landslide
assessment, as well as the model evaluation techniques, and finally, the
visualization choices, all via GIS (WP/WLI 1995, Turner & Shuster 1996, Fell et
al. 2008, Lynn & Bobrowsky 2008, Gerath et al. 2010, Brenning 2012). These are
to be realized by following the thesis objectives systematized as follows.

1.  Exploiting only low-cost data resources (available or open-source
topographic, geological, satellite imagery and other repositories) and
open source software packages.

2. Inspecting of the phenomena from different case-studies, including
similar, but sufficiently different terrains (in order to compare the
modeling results and test the capabilities of proposed methodological
solutions).

3. Standardizing the data acquisition regarding the data type, scale,
preprocessing procedures and so forth (in order to have fully
comparable models from different case-studies) using GIS.

4. Implementing a variety of well-known modeling approaches, but also
experimenting with the state-of-the-art techniques, advanced methods
and unprecedented solutions for landslide assessment using GIS.
Resulting models are to present transient relative values over the area,
pinpointing landslide-endangered zones and safe zones (which shall be
further elaborated).

5. Evaluating the results, i.e. the models performance in the most
appropriate fashion, obtaining qualitative and quantitative descriptors
of the models performance using GIS in combination with statistical
tools.

6. Visualizing and publishing the results in the form of generic maps per
each case-study using GIS, and Web-GIS and estimating their
applicability.




3. Methods

Various methods have been used in different stages of this research, ranging
from data preparation methods, landslide assessment methods and model
evaluation methods, so they will be structured accordingly.

Data preparation included various techniques for ordering and formatting data
to meet the requirements of specific landslide assessment methods. Among the
other, standard procedures (ranging, normalization, binarization etc.), Attribute
Selection methods have been included. They have been used primarily to ensure
the choice of the input Conditioning Factors, by ranking via Information Gain
and Chi-Square techniques. However in the last two case studies, particularly in
the last one (Halenkovice area in Czech Republic) Attribute Selection have had a
wider purpose. Therein, Information Gain was used for ranking of Conditioning
Factors in leave-one-out learning protocol. In addition all Machine Learning-
based models have required splitting of the dataset into training and testing part,
using different sampling strategies.

The group of landslide assessment methods included various methods ranging
from heuristic, statistic and deterministic to more advanced - Machine Learning
techniques:
—  Analytical Hierarchy Process (AHP) - a simple GIS-integrated expert-
based method (Saaty 1980),
- Conditional Probability, with Weight of Evidence technique - a simple
statistical method (Bonham-Carter 1994),

—  Fuzzy Logics model - based on different membership functions, with
multiple levels and multiple fuzzy operators (Zadeh 1965),

—  Stability Index (SI) model - a simple GIS-integrated deterministic
method (Peck 2001),

—  k-NN - semi-supervised Machine Learning classifier (Mitchell 1997),

—  C4.5 Decision Tree - supervised Machine Learning classifier (Quinlan
1993),

— Logistic Regression - supervised Machine Learning classifier
(Varmuza & Filzmoser 2009),

—  Support Vector Machines (SVM) - supervised Machine Learning
classifier (Kanevski et al. 2009).

The evaluation methods have been based on various estimators based on
confusion matrix, i.e. on estimating performance on the basis of True Positives,




True Negatives, False Positives and False Negatives relations. One of the most
important methods included ROC (Receiver Operating Characteristics) curves
which allow quantitative (based on the AUC parameter — Area Under Curve) and
qualitative (based on the curve features) estimation of modeling performance
(Fawcett 2006).

All these methods have been applied at according stages of the modeling
procedure (Fig. 1), but there have been slight differences in the modeling
procedure. Firstly, the data that were required for deterministic models have
included geotechnical parameters, which have had to be optimized and
regionalized. Secondly, non-Machine Learning methods required ranged
numeric Conditioning Factors (inputs had to be ranged in arbitrary intervals)
and nominal Conditioning Factors had to be scored (each class was allocated
with a 0-100 score, depending on the factor’s estimated influence on landslide
occurrence). On the other hand, Machine Learning techniques required
normalization of numeric, binarization of categorical inputs, and in some cases,
ranking of the inputs based on Attribute Selection. The modeling procedure also
differed in respect to the model type. Landslide prediction models have been
implemented directly after their optimization (discrete Machine Learning
classifier implementation). Landslide susceptibility models have required either
iterative implementation succeeded by averaging and normalization (Machine
Learning-based susceptibility models), either direct (quasi-)probability scoring
(AHP, Weight of Evidence and Fuzzy models).
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Fig. 1. Research workflow (dashed elements apply only for Machine Learning
models, while dotted elements only for conventional models).




4. Results

As mentioned before, three case studies have been elaborated in this research.
Pilot area of the first case study has been researched the longest and all proposed
methods have been tested, while in the other two case studies, only the selected
methods were particularized.

a. Case study 1 - Fruska Gora Mountain (Serbia)

The case study encompassed NW slopes of Fruska Gora Mountain (Serbia),
characteristic for its deep-seated earth-slides hosted in Neogene basin
formations (primarily clay and marl formations). The most of the landslides are
seated along the Danube's right riverbank, making a river erosion one of the
principal landslide triggers, together with heavy rainfall events and exceptionally
earthquake events (not that common for this area).

The dataset comprised of several thematic layers representing various
Conditioning Factors (formatted as 2D raster grids) and the Landslide Inventory
(obtained by a combination of field and Remote Sensing-based mapping). The
Conditioning Factors have included the following:

—  morphometric data: elevation, slope angle, aspect, slope length, plan and
profile curvature;

- hydrological/hydrogeological data: distance from stream, Topographic
Wetness Index (TWI);

— geological data: lithology, distance from structures, distance from
hydrogeological boundaries;

— environmental data: vegetation cover (reclassified NDVI).

Apart from these, some geotechnical data have been used for deterministic
modeling (cohesion, friction angle, bulk density etc.).

The resulting models ranged from simple to advanced models, based on
Machine Learning techniques. They have been named and numbered
accordingly, and some of them have several variants which have also been
accordingly denoted.

Model-1a (Fig. 2a) is a landslide susceptibility model that had implemented
AHP method through several variants. In each variant, the input Conditioning
Factors have been pair-wised and arbitrarily scored. The final model is obtained
by averaging these scores, and according to the evaluation metrics, the model
turned viable (AUC=0.78 and balanced ROC curve).
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Fig. 2. Various models from the first case study
(VL=Very Low susceptibility, L=Low susceptibility, M=Moderate susceptibility=Dormant
landslides, H=High susceptibility, VH=Very High susceptibility=Active landslides).

Model-2a (Fig. 2b) is a landslide susceptibility model that had implemented
Weights of Evidence technique. It had slightly better performance than previous
model (AUC=0.85) and similar character of the ROC curve.

Model-3a (Fig 2c) is also a landslide susceptibility model that had implemented
Fuzzy technique, based on two variants of membership functions (Cosine
Amplitude and Frequency Ratio). It has been separated on two levels and fuzzy
gamma operator (y=0.5) has been chosen for final combination of sub-models.
The performance of the best model variant was similar to the previous model
(AUC=0.82), with slightly better qualitative evaluation of the ROC curve,
because it turned more conservative, thus provided a safer model.

Model-4a is a landslide susceptibility model that had implemented k-NN
technique, but has not met the expectation and returned poor results.
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Model-5a (Fig 2d) is a landslide prediction model that had implemented C4.5
Decision Tree classifier. It had performed very well (AUC=0.82) in all variants
with balanced and reduced sampling strategy (variant Model-5a-B-10%).

Model-6a (Fig 3a) is also a landslide prediction model that had implemented
Logistic Regression classifier. Its best performance was also in the variants with
balanced reduced sampling (Model-6a-B-10%), but the obvious overestimations
of landslides (False Positive errors) troubled this model.

Model-7a had both variants, a landslide susceptibility (Fig 3b) and prediction
model (Fig 3c), that both have implemented the SVM classifier. The
susceptibility model performed extremely well (AUC=0.95) while predictive
model was only plausible (AUC=0.71).

Model-8a (Fig 3d) is a landslide susceptibility model that had implemented SI
deterministic concept. It underperformed (AUC=0.5) as expected, because it is
rather convenient for shallow than deep-seated landslides.

] I I v [0 e v [0+ O e

Fig. 3. Various models from the first case study (continued).
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b. Case study 2 - Starca Basin (Croatia)

The second case study encompassed western outskirts of Zagreb City (Croatia),
with typical shallow earth-slides developed in a Neogene basin (dominated by
clay, marl and sand formations), where rainfall appears to be the principal
trigger.

The dataset also comprised of several Conditioning Factors and the Landslide
Inventory (obtained by a field-based mapping). The Conditioning Factors have
included the following:

-  morphometric data: slope angle, slope length, downslope gradient,
aspect, plan curvature, profile curvature, convergence index, LS factor,
channel base elevations, altitude above channels;

- hydrological/hydrogeological data: Stream Power Index (SPI), TWI,
groundwater depth;

- geological data: lithology, distance from structures;
-  environmental data: Land Cover.

Only selected models that have proven successful in the previous case study have
been implemented (only Machine Learning-based models). They all had at least
two variants: the first was the landslide prediction model and the second was the
predictive model which only regarded the classification of different landslide
types. These variants have had their own sub-variants which had different
training sampling (different size and strategy of the sampling).

Model-5b-1 is a landslide prediction model that had implemented C4.5 Decision
Tree classifier. It had not performed particularly well in neither of sub-variants.

Model-5b-2 is a landslide class prediction model, based on the same classifier as
Model-5b-1, and had the same sub-variants. It performed well only in the sub-
variants with the large sampling sizes (>20%).

Model-7b-1 is a landslide prediction model that had implemented SVM
classifier, and also did not perform particularly well. However, one particular
predictive model, labeled Model-7b-40% based on a manual sampling draws
attention (Fig 4a). It has made plausible prediction (AUC=0.6) with obvious
underestimation of landslides (False Negative error dominates).

Model-7b-1 is also SVM-based landslide class prediction model. Its sub-variants
with large training sample sizes have matched the performance of the according
sub-variants of Model-5b-2.

12



Fig. 4. Landslide prediction models from the second a) and third case study b)
(training areas are shaded, actual landslides are contoured, landslide predictions are given
in red color).

c. Case study 3 - Halenkovice area (Czech Republic)

The last case study regarded the wider area of Halenkovice town in Czech
Republic. The geological setting is very typical, with its complex of flysch
formations that host mostly shallow earth-slides and earth-flows, triggered
mainly by heavy rainfall.
Again, the dataset comprised of several Conditioning Factors and the Landslide
Inventory (obtained by a field-based mapping). The Conditioning Factors have
included the following:
—  morphometric data: elevation, slope angle, downslope gradient, aspect,
convergence index, plan curvature, profile curvature, LS factor, channel
base elevations, altitude above channels;

- hydrological/hydrogeological data: TWI, distance from stream;
—  geological data: lithology;
— environmental data: Land Cover.

The data have also included regionalized geotechnical data for the deterministic
model (cohesion, friction angle, bulk density etc.).

Only the SVM-based models and SI-based deterministic model have been
implemented, because they seemed the most suitable. Nevertheless, this last case
study is still under the investigation and some other models or the same models
in their refined versions might follow in the future.

13



Model-7¢-40% is a landslide prediction model that had implemented SVM
classifier. The implementation was slightly unconventional and included leave-
one-out learning protocol, where Conditioning Factors have been successively
excluded from the learning dataset, starting from the last-ranked factor
(according to the Attribute Selection ranking). The factor at which the model
converged to a stagnant or decreasing performance was the last factor to be
excluded from the learning dataset. The model (Fig 4b) turned out to be only
plausible (AUC=0.6), with obvious underestimation of landslides (False Negative
error dominates).

Model-8c is a susceptibility model based on the SI deterministic concept. It
actually performed much better than in previous case studies, especially in some
parts of the area (AUC=0.62).

5. Discussion

Advanced models, based on Machine Learning techniques, have proven their
supremacy over more common approaches for a number of reasons. Firstly, they
tend to perform much better in the case of landslide susceptibility models, when
appropriate sampling strategy for training/testing is set. In all of the case studies
it turned out that they easily outperformed conventional models. Their ROC
curves tend to reach the peak performance with relatively low probability
thresholds (Fig. 5), meaning that they give more conservative (safer) outputs.
They have also shown a good generalization capacity when challenged with
multinomial task (several landslide classes to discern). As for the second type of
models, such as Model-7a-33%, Model-7b-40% and Model-7c-40%, the
comment is not as straightforward. These are all predictive models, and since
they are based on the training/testing protocols, they perfectly simulate potential
scenarios (e.g. the situations in which an area does not have Landslide Inventory,
but adjacent area does). Some of them have been very successful and very
applicable (Model-7a-33%), while the others have been troubled with the overfit
problem,for which several factors could be considered responsible. The
algorithms learn too many wrong relations between non-landslide instances and
the inputs, producing considerable amount of False Negative errors. It has been
noticed that the Attribute Selection have had minor influence in preventing the
overfit, so the key for avoiding it remains with the inventory and the
training/testing sampling strategy. There are some improvements that might be
applied directly (limiting the non-landslide class by some additional criteria) or
indirectly (improving the results through the postprocessing filtering).

14
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Fig. 5. ROC curve (performance) comparison.

It is further necessary to discuss the achievements of the thesis in relation to the
objectives defined in Chapter 2.

In all of the case studies the data that have been used were obtained for free.
Topographic information, CORINE classification maps, even geological maps,
orthophotos and Landslide Inventories are freely available up to a certain scale.
It is also the case of LANDSAT and other similar multispectral images. These
scales turned sufficient for conducting proposed methodology and fulfilling the
Objective 1. In addition, open source solutions, such as SagaGIS, MapWindow,
Weka, R, MapComparisonKit and others, have been fully exploited in processing
and modeling of these data, which utterly rounds-up the Objective 1.

Selected case studies have been somewhat similar, but still different enough to
challenge the proposed methodology from different aspects. Therefore, it could
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be said that the Objective 2. has been consistently followed throughout this
thesis.

Although the datasets did not contain exactly the same inputs, it is possible to
perceive some standard pattern. It implies that each case study must have had
several morphometric Conditioning Factors, and at least one hydrological,
geological and environmental Conditioning Factor. Furthermore, all of the
inputs underwent the same processing procedure, as demanded by applied
methods. The only exception was with the deterministic models, which required
specific (geotechnical) data inputs that have had to be arbitrarily adjusted within
certain limits in order to suit the model. It could be inferred that the Objective 3
has been fully perceived throughout the thesis.

The first, pilot case study has been the most extensively elaborated, since there
has been no similar investigation performed over this area before. Thus, the
entire gamut of proposed methods has been involved, while in the last two case
studies, the methods have been intentionally reduced to those which might have
led to some new discoveries, which would supplement the previous
investigations, conducted by other practitioners. In this sense, the fulfilling of
the Objective 4 has been asserted.

The evaluation of the individual models in all of the case studies has been always
given by several performance parameters, such as accuracy, several types of k-
indices, different error rates, ROC curves and AUC, all based on contingency
tables (confusion matrices). Nevertheless, the evaluation of the modeling
performance has remained problematic, especially for the predictive models, for
a number of problems. The most appropriate method for model comparison
turned out to be the ROC curve, because it allows qualitative and quantitative
evaluation of the model. Objective 5 has thus been practically fulfilled.

Objective 6. has also been completed, since the visualization of the most of the
models has been given by separate maps while some of the most interesting
models have been additionally featured as interactive web-maps (Kilibarda &
Bajat 2012):

http://milosmarjanovic.pbworks.com/w/file/fetch/63738284/MyMapFruskaGora.htm,

http://milosmarjanovic.pbworks.com/w/file/fetch/63741247/MyMapStarca.htm,
http://milosmarjanovic.pbworks.com/w/file/fetch/63739326/MyMapHalenkovice.htm.
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6. Conclusion

This thesis rounds-off a detailed methodological proposal for mapping landslide
susceptibility, by using some simple and advanced modeling methods. These
have been tailored by the according research motifs and objectives, which have
been consistently followed. The thesis is savored by three case studies on which
the proposed methodology has been employed, tested and discussed. It outputs a
dozen of different interpretable models, which have their drawbacks and benefits
and different practical relevance.

The most significant drawbacks are seen in absence of GIS integration for
advanced (Machine Learning) methods, which complicates the procedure of
commuting the data to and from external Machine Learning standalone
applications. Furthermore, the optimization and implementation of complex
models can be very time-consuming. Another difficulty that was encountered
regarded the plausibility of the evaluation measures for the predictive models.

As for the benefits and contributions of this research, the following has been
concluded. The research has contributed by defining which models are the most
reliable for susceptibility in general and also per particular case study, and the
same apples for predictive models, even though the results in the latter case have
not been straightforward. Another important benefit from the research was the
proposition of the Conditioning Factor standardization and also the proposition
of the optimal scale, i.e. optimal number of instances per case study.

The proposed methodology produces acceptable susceptibility models that could
be applied in urban/regional planning, disaster management/mitigation,
hazard/risk analysis, while the models of landslide prediction have limited
applicability in landslide mapping and perhaps different levels of planning.

Further research is targeted in various directions. One is regarding the
refinement of the input dataset by developing additional Conditioning Factors
(geological domains, or data obtained by field measurements with satisfying
sampling density). Another direction would be regarding the improving of the
sampling strategy, by arbitrary logical limitations of the training set. Finally, the
Machine Learning methods could be upgraded, wherein hybrid classifier
approach is to be considered, as well as a combination of probabilistic and
discrete classifiers (Tipping 2001).
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Shrnuti

Diserta¢ni prace fe§i pokrocilé metody predpovédi pudnich sesuvii, od
teoretickych zékladi po konkrétni praktické ptiklady ve tfech zajmovych
uzemich. Pfedmét vyzkumu predstavuje velmi komplexni a heterogenni
ptirodni fenomén, jehoz kvantitativni progndézy se obycejné popisuji
néchylnosti, nebezpe¢im nebo rizikem. Autor klade diiraz na nachylnost terénu
ke klouzdni, tj. prostorovou pravdépodobnost vyskytu piidnich sesuvil. Tento
pristup vychdzi vétS§inou z nedostatku vhodnych casoprostorovych dat
potfebnych pro analyzu nebezpeci nebo rizika. Na druhou stranu maximdlné
vyuzivd vSechna ostatni dostupnd prostorova data, vcetné geologickych,
geomorfologickych, hydrologickych, hydrogeologickych a dalsich dat o
vlastnostech Zivotniho prostredi, kterd jsou v praxi ¢asto oznaovéna jako
podminéné faktory podminujici pidni sesuvy.

Hlavni cile této disertace jsou:

1. pouziti dostupnych, bezplatnych dat a softwarovych produkti s cilem
prokazat, Ze vyuzivanim stavajicich dostupnych zdroju lze provést
hodnotnou analyzu predpovédi ptidnich sesuvd,

2. testovani puvodni metodologie v nékolika zdjmovych uzemich
(navzajem dostate¢né podobnych, avsak i dostate¢né rozlisnych), aby
bylo mozné objektivné diskutovat o Uspé$nosti navrhované
metodologie,

3. standardizace vstupnich dat z hlediska jejich objemu, typu, kvality a
poméru, a jejich pred-zpracovani pomoci GIS,

4. pouziti fady metod modelovani nichylnosti k pidnim sesuviim, od
jednoduchych az po pokrocilé, s cilem je objektivné a podrobné
porovnat,

5. pouziti co nejrelevantnéjsich metod pro evaluaci modelt piedpovédi
sesuvll s cilem co nejobjektivnéjsiho kvalitativniho a kvantitativniho
porovnani téchto modelu,

6. vizualizace a publikovani vysledkd pouZitim GIS a prostredki webové
kartografie.

Navrhovana metodologie zahrnuje fadu metod, které lze rozdélit na metody
predzpracovani, modelovani nachylnosti a metod hodnoceni. Nejvétsi diraz byl
kladen na metody modelovani niachylnost k sesuviim pudy. Byly pouzity jak
metody nejpopularnéj$i a nejjednodussi, tak i nejpokrocilejsi a nejslozitéjsi
metody, a to:
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—  heuristické (na zékladé subjektivni zkuSenosti autora, ktery se zabyva
problematikou sesuvi),

—  deterministické (na zdkladé zndmych fyzikalnich principt tykajicich se
sesuvil piidy, které jsou do zna¢né miry aproximovatelné),

—  statistické (na zdkladé statistické zavislosti na vlastnostech ruznych
vlastnosti terénu a sesuvi pidy),

— metody Strojového Vceni (na zékladé logicky-matematicko-
statistickych algoritmu, které poloautomaticky nachdzeji vztahy mezi
vlastnostmi terénu a projevy pudnich sesuvit).

K posledni skupiné patfi metody k-nejbliz$i sousedstvi (nearest neighbor, k-
NN), logisticka regrese (LR), rozhodovaci stromy (Decision Trees, DT) a
Support Vector Machines (SVM), jejichz modely jsou pfedmétem diserta¢ni
prace.

rozmezi
intervahs

g,
‘%,-% pledzpracovant optimalizace evaluace
%

)
5,
N, ” o ‘\ _n-nagobnd ‘ ‘%%
_::‘f})/l [ \ Lkrlfvvé vau‘rdech %
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| viorizace | ( ‘%%DL %, )
s ~—s

I vybér
proménnych

Obr. 1. Zakladni koncept vyzkumu (prerusované prvky plati pouze pro modely Strojového
Uceni, zatim co teckované prvky plati pouze pro konvenéni modely)

Je potfeba zduraznit, Ze autorem navrzend metodologie (Obr. 1), ktera je
stejnym nebo podobnym zptsobem pouzitd ve vSech tfech zdjmovych tzemich a
usilujici o standardizaci, mtiZze byt aplikovana na zcela jind zemi, kterd splnuji
urcita kritéria a maji k dispozici odpovidajici tdaje. Navrh metodologie zacina
od problematiky vybéru konkrétniho typti (mechanismu) sesuvu, ktery je
pfitomen ve vybranych uzemich, déle pokracuje pfes vybér vstupnich dat o
sesuvech pudy, kterd slouzi jako podklad pro hodnoceni modelu. Po definovani
zékladnich kritérii metodika navrhuje pouziti fady metod pro predzpracovani,
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modelovani nachylnosti a/nebo predikci sesuvi, po kterém nésleduje
predstaveni, evaluace a srovnivani vysledki.. Zavérem metodologie vrcholi v
diskusi o vyhoddach a nevyhodach modelu a diskusi o nejvhodnéjsim modelu pro
konkrétni ucel pouZiti.
Vyzkum probihal ve tfech tizemich a byl realizovan v obdobi ¢tyt let diky
podpoie GACR projektu Metody umélé inteligence v GIS (Methods of artificial
intelligence in GIS) (205/09/0793). Vyzkum zahrnoval sbér dat vybranych lokalit
jesté pred pouzitim navrzené metodiky. Tyto tdaje byly prostiednictvim GIS
ptipraveny v souladu s pozadavky téchto metod.
Prvni zdjmové tzemi zahrnuje severozapadni svahy pohoifi Fruska Gora
(Srbsko) podél biehu Dunaje s rozlohou cca 100 km2, pti ¢emz asi 10 % tzemi je
ovlivnéno sesuvnymi procesy. Vétsinou jde o projevy hlubokych rota¢nich a
kompozi¢nich sesuvll vyvinutych v neogennich panvich. Vzhledem k velikosti
uzemi a podrobnosti dostupnych vstupnich dat byla pro analyzu zvolena
30metrové prostorové rozliSeni a rastrovy format, coz znamena, ze za zakladni
jednotku byl pixel o rozméru 30x30 m. Uzemi bylo reprezentovéno rastrovou
vrstvou s 100 000 burikami, které nesly informace o n-rtiznych tematickych
vlastnostech tzemi, takze kazdy pixel mohl byt povazovan za vektor o n
soufadnicich. Ve vstupnich datech jsou zahrnuty predev§im popis padnich
sesuvll (ziskany terénnimi metodami a metodami dalkového prizkumu Zemé¢,
na kterém jsou oddéleny pouze ptipady stejného typu, tj. hluboké sesuvy pidy
typy earth slide podle ptijaté klasifikace a pro které byly definované faze aktivity)
a jim odpovidajici podminéné faktory:
-  sklon svahu, délka svahu, expozice, elevace, planarni (horizontalni) a
profilové (vertikalni) kiivost svahu, TWI a vzdalenost od drendzni sité
(ziskané z digitdlniho modelu reliéfu, ktery byl modelovan z
topografické mapy v méfitku 1 : 25000 se zakladnim intervalem
vrstevnic 10 m),

- litologické jednotky, vzdilenost od zlomu a vzdalenost od vyznamnych
geologickych hranic (vyznacenych na geologickych mapach v métitku
1 : 50000),

- vegeta¢ni pokryv (ziskany z LANDSAT snimku s rozliSenim 30 m a
zpracovany podle vegeta¢nich indexi).

Pouzitim navrzené metodologie pro dany soubor vstupnich dat byly odvozeny
rizny modely ndchylnosti a pokroc¢ilymi metodami byly sestaveny i modely
prostorové predikce sesuvil. Uspésnost modeltt je definovand nékolika

parametry, z kterych je nejdtlezitéjsim ukazatelem ROC kiivka, protoze
umoziiuje kvalitativné-kvantitativni hodnoceni modelu. Lze konstatovat, Ze
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pouzitim pokrocilych metod (LR, DT a SVM) jsou jednoznaéné nejvhodnéjsi
modely nachylnosti, které maji relativné vysokou presnost, pii které je negativni
typ chyby (false negative) minimalni. Nicméné nékteré modely, napt. fuzzy
model ziskany vicevrstevnou fuzzy kombinaci, vykazuji urcity potencidl i pfes
mirné niz$i presnost a minimalni nezaddouci chyby. Na druhé strané, prostorové
predikce sesuvii u modeld zaloZenych na LR, DT a SVM technikdm lze hodnotit
jako uspésné, oproti deterministickému modelu, ktery mtize byt zcela ignorovan
a povazovan za nevhodny pro dané uzemi. Pokrocilé modely byly uspésné
pouzity i v piipadech s vice nez jednou kategorii sesuvy (aktivni a ne¢inné).
Druhé zdjmové tizemi se nachazi v povodi feky Stare¢ u Zahtebu (Chorvatsko),
rozloha kolem 15 km?2 s asi 10 % tzemi ovlivnéného sesuvnymi procesy s tim, Ze
mechanizmus a typologie sesuvil jsou zcela odli§né. Jsou zde mélké sesuvy v
tercidrnich a kvartérnich loziscich, jejichz hlavni hnaci silou je eroze v
kombinaci se srazkami. Pouzit byl soubor vstupnich dat podle vy$e popsaného.
Dale byla pouZita rastrovd reprezentace o rozliSeni 10 m (kvtli mensi rozloze
zéjmového tzemi a men$im rozmériim sesuvil), takze celé izemi bylo vyjadfeno
rastrovou vrstvou s 100 000 buiikami. Byla pouZitd podobnd metodologie jako
vy$e, ale v o néco mens$im objemu, protoZe nékteré podobné analyzy se
zékladnimi metodami uz na daném uzemi probéhly. Proto byl dtraz kladen na
pokrocilé metody, presnéji DT, resp. SVM techniky, a to pro jednu, resp. pét
kategorii sesuvil (definovanych na zakladé¢ jejich aktivit). Uvazovany byly také
modely ndchylnosti a predikce obou technik. Vysledky ukazaly o néco slabsi
uspésnost v modelech nachylnosti a jesté mensi v predikci samych sesuvy ptidy.
Zajimavé je, Ze lep$i hodnoceni vykdzaly modely s nékolika kategoriemi sesuvii
nez jednodus$i modely s jednou kategorii sesuvu. Tyto vysledky jsou
pravdépodobné zptlisobeny nizkym prostorovym rozliSenim rastru, ale i samou
rozlohou zdjmového tizemi, ptitomnosti velké fady stejnych jeva (pét kategorii),
které mély za nésledek tzv. overfit, tj. §patné naucenou relaci v procesu trénovani
algoritmu.

Posledni zajmové tizemi je v okoli mésta Halenkovice ve Zlinském kraji (Ceskd
republika) o rozloze pfiblizné 50 km2 s mélkymi pudnimi sesuvy vyvinutymi v
tercidrnich fly$ich. V analyze byl pouzit soubor vstupnich dat podobny ve vyse
popsaném textu, prostorové rozliSeni gridu bylo 10 m, coz vytvotilo rastrovou
vrstvu o 500 000 buikich. Duraz byl kladen na pouziti pokrocilych metod,
hlavné SVM techniky, a byl testovan i i deterministicky model s ohledem na to,
ze zde vyskytujici se mélké sesuvy jsou teoreticky vhodné pro takovy typ modelu.
Modely zalozené na SVM technikich byly omezeny jen na predikéni modely s
tim rozdilem, ze SVM model je omezeny dodate¢nym optimalizaénim postupem
leave-one-out, zatimco deterministicky model mél obé varianty (nachylnosti a
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predikce). SVM model Ize ohodnotit jako priimérny, ale stale vykazujici urcity
potencial v predikci. Deterministicky model je v tomto pfipadé nejednoznaény,
protoze nékteré casti terénu modeluje velmi dobre, zatimco nékteré velmi
$patné, a to i po komplexni optimalizaci, coz omezuje model jen na urcité
geologické prostredi v zajmovém tGzemi.
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Obr. 2. Srovnani vykonu ROC kiivky

0.0+

Nékteré z modelt jsou prezentovdny prostfednictvim ndstroji internetového

mapovani a jsou k dispozici na adresach:

http://milosmarjanovic.pbworks.com/w/file/fetch/63738284/MyMapFruskaGora.htm,

http://milosmarjanovic.pbworks.com/w/file/fetch/63741247/MyMapStarca.htm,
http://milosmarjanovic.pbworks.com/w/file/fetch/63739326/MyMapHalenkovice.htm.
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Zavérem lze konstatovat, Ze vytycené cile disertaéni prace byly splnény, a ze
navrhovana metodologie podala dobré vysledky - v pfipadech nékterych modeli
méné Uspésné nez v jinych. Modely nachylnosti (zejména modely ziskané
pouzitim pokrocilych metod) mohou najit uplatnéni v rtiznych aspektech
planovani a projektovani v regionalnim méfitku, ale také pro regulaci ochrany,
systémy véasného varovani i pro pojistovny. Zvlastni prinos maji predikéni
modely, na jejichz zdokonalovani se stdle muze pracovat. Jejich aplikace se miize
navazat na uplatiiovani modelu nachylnosti, zatimco predikéni modely mohly
lze pouzit pro ucely mapovani sesuvii a tvorbu jejich databdzi v regionalnim
meéritku.
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