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ABSTRACT

The administrative territory of Cluj-Napoca, due to its specific geological and geomorphological characteristics
and anthropic activities, has been affected for a long time by landslides. Thus, it becomes necessary to analyse
affected areas with different spatial methods, with the aim of generating landslide susceptibility maps. In this re-
search, we studied the most prone area of the city, the Becas stream watershed, situated in the Southern part of
the municipality. The aim of this paper is to generate a valid susceptibility map, to be able to raise awareness
about the existing situation: due to human induced activities and rapid urban growth, the peripheral part of Cluj—-
Napoca becomes more and more prone to mass—movements. We used the maximum entropy (MaxEnt) model,
which was fed with accurate information on the existing landslides and seven landslide—causing factors: slope,
aspect, land-use, depth of fragmentation, geology and plan- and profile curvature. The results confirm that the
most influential factors are the land use and slope-angle, affected in a large degree by human activities. The ac-
curacy of the generated map was verified using the AUC method, proving a very good performance (0.844) of the
applied model.
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1. Introduction

Mass movements are a common danger; they de-
scribe the movement of rock, debris, soil, or earth
material by gravity (Davis and Blesius, 2015). Ac-
cording to Varnes (1978), a multitude of mass
movement types can be distinguished. He defines
landslides as a special type of mass movement; their
size can vary (smaller ones are more common) and
are triggered when a threshold of stability is ex-
ceeded (earthquakes, excess of water, hydrologic
inputs; Schumm, 1979; Uchida et al., 2001; Mont-
gomery, 1994).

Landslides are amongst the most significant and
dangerous geological hazards, inducing economic
damage and loss, affecting the infrastructure and
cities (Park, 2015; Kornejady et al., 2017).

In Romania, landslides are the most common
hazards; they manifest in vulnerable areas with im-
portant human activities, like road constructions,
deforestation, mining, land use change, inducing
many negative effects, favoured by the absence of
hazard mitigation or land planning strategies.
(Kerekes et al, 2016; Necula and Niculita, 2017).
Landslides have been analysed for many years in a
classical manner by Romanian researchers: Tufescu
(1966), Bacauanu (1980), Surdeanu (1988), Manea
and Surdeanu (2012).

In the past decades, the interest in landslide
susceptibility mapping has increased, caused by two
reasons: the growing pressure of urban develop-
ment and the increasing awareness of the socio—
economic significance of landslides (Aleotti and
Chowdhury, 1999). In order to prevent future mass
movements and to generate relevant land use strat-
egies, it becomes necessary to analyse the affected
territory with different methods. After analysing the
area and identifying the landslide causing factors
(both natural and anthropic), a landslide suscepti-
bility map can be generated using spatial statistics,
to provide information on the expected trends in
landslide occurrence in the affected area.

In the recent decades, many studies were car-
ried out to generate relevant landslide susceptibility
maps. These studies can be divided in three main
categories: heuristic, statistical, probabilistic and
deterministic models (Pradhan et al.,, 2010; Kavzoglu

et al., 2015). Several studies exist which compare
and discuss the advantages and drawbacks of dif-
ferent methods, proving that the decision on the
most relevant model to generate susceptibility maps
is not a straightforward one (e.g. Guzzetti et al,
1999; Yilmaz, 2009; Felicisimo et al., 2013; Chen et
al., 2016). Moreover, the selected method is suitable
for cases which have specific environmental
characteristics; therefore the same methodology
can't be applied with the same reliability on other
regions (Van Den Eeckhaut et al., 2009). In order to
obtain more accurate information, it is necessary to
combine two or more methods (Rossi et al., 2009).

According to Davis and Blesius (2015), heuristic
methods are considered as being the basic models,
especially appropriate for coarse scales; they can be
easily implemented in GIS environment and are
used for multi-criteria analysis or physical model-
ling, e.g. Blesius and Weirich, 2010, Kavzoglu et al.,
2014.

Many statistic—probabilistic models were ap-
plied for landslide susceptibility, such as logistic
regression, frequency ratio models, weight of evi-
dence, random forest and maximum entropy, e.g.
Luzi and Pergalani, 1999; Dahal et al., 2008; Pradhan
and Youssef, 2009; Meinhardt et al., 2015; Pandey,
2015; Trigila et al,, 2015; Ding et al., 2016.

Deterministic models, artificial neural network
or fuzzy logic were adopted in the recent years with
a great success (Neaupane and Achet, 2002; Yilmaz,
2009; Nefeslioglu et al, 2008; Kumar and An-
balagan, 2015a).

Few studies applied the maximum entropy
model. This model is a statistical-probabilistic ma-
chine learning method (Kornejady et al., 2017) which
was mostly applied, for species distribution, and was
introduced by Phillips et al, 2004. The MaxEnt
model is a Bayesian approach which focuses on
maximizing probabilities, and it calculates the least
biased estimates of the statistical probability, based
on the input environmental factors (Phillips et al,
2006).

In this work, we used the maximum entropy
model, taking into account seven landslide causing
factors. The study area is represented by the South-
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ern part of the city of Cluj-Napoca, considered as
having the highest predisposition to landslides.

This study area was chosen for investigation due
to its specific characteristics: the area is positioned
at the periphery of the city and it is the most dy-
namic territory from the point of view of construc-
tions, a fact determined by the rapid population
growth. Rapid population growth generates an in-
crease in needs, which is reflected in the number of
new buildings. These districts are the most predis-
posed to landslides, but the anthropic factors have
worsened the situation.
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Among the urbanistic plans of the city of Cluj-
Napoca, an official landslide susceptibility map was
found (Fig.1). We have used the existing official map
to confront it with our results obtained within this
research. Unfortunately, comparing these two data,
we could conclude the fact that, in the case of Cluj—
Napoca, it becomes urgent to build a new landslide
susceptibility map, because the existing data is not
accurate and it is overdue. Therefore, the main aim
of this study is to prepare an accurate and valid
susceptibility map which can be useful for hazard
mitigation and land-use/land planning strategies.
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Figure 1 The official landslide susceptibility map (source: www.primariaclujnapoca.ro/proiectpug.html)

2. Study Area

The city of Cluj-Napoca is situated right at the con-
nection spot between the Apuseni Mountains and
the Transylvanian Plateau, at the confluence be-
tween the Somesul Mic and the Nadas Rivers; it
marks as a hilly region, thus representing a transi-
tion from the Gildau Mountains to the Somesan Plat-
eau and the Transylvanian Plain.
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Analysing the city map of Cluj-Napoca, it can be
observed that many constructions, which were built
until the XX™ century, are based on the stable
floodplain of the Somes River. Due to the rapid
growth of the population, the districts of the city
expanded rapidly towards the steeper slopes, fa-
voured by the improvements in technology. This
expansion trend contributes to increasing the land-
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slide potential in these districts. The same process
appears in the watershed of the Becas stream.

The area under investigation is situated in the
Southern part of the city of Cluj-Napoca, occupying
a small part of the valley of the Somesul Mic River,
situated on the Northern side of the Feleac Hills and
was previously studied by Poszet, 2017 (Fig. 2). This
territory (~25 km?) represents the watershed of the
Becas stream and it is the most exposed territory to
landslides due to high anthropic pressure.

From a geological point of view, within the
study area, numerous formations can be found,
such as Paleogene (Upper Eocen and Early Oligo-
cen), Neogene (Middle Miocene) and Upper Pleisto-

Within the study area, the following formations
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cene formations, which are interleaved and form a
complex geology; the surface of the entire area
(including the terraces) is covered with slope de-
posits of varying thickness (Wanek and Poszet,
2011) (Fig.3).

The Western part of the study area is character-
ized by monocline structures and the Eastern part
consists in diaper foldings.

In the Southern part of the area under investi-
gation, Badenian formations appear under the Sar-
matian ones and under a superficial layer of depos-
its and terraces. The youngest Quaternary deposits
(Pleistocene and Holocene) create periglacial for-
mations.
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Figure 2 Geographical position of the study area within the Cluj-Napoca municipality

can be distinguished (Poszet, 2017, Fig. 3): Valea
Nadas Formation — (from the Upper Eocen) has a
thickness of approximately 60-80 m and it consists
in red clay, silt and sand. These characteristics in-
duce the occurrence of landslides; Gruia Sandstone
Formation — (from the Early Oligocen) has a thick-
ness of 20-25 m and it is characterized by a succes-

Formation (from the Badenian) — has two levels of
depth; the primary level contains marl and clay with
a thickness of 20 m on which the second level was
deposited (this contains tuff), with a thickness of 60
m. This formation is stable in terms of landslides; Iris
Formation (from the Lower Sarmatian) — has various
clasts deposits and interleaved tuff and sand. This
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formation appears above the Badenian formations
until the upper third of the northern slope of the
Feleac Hills; Feleac Sandstone Formation — (from the
Upper Sarmatian) Iris Formation was deposited on
top of it; there is a juxtaposition of sand, sandstone
and clay. These Sarmatian formations are very sus-
ceptible for landslides. In the Quaternary (the Holo-
cene), the seven levels of the Somes River terraces
took shape; these are stable in terms of landslides.

The morphostructure, morphometry and to-
pography of the area under investigation are pre-
disposing factors to landslide reactivation. Transla-
tional slides (type 12 according to Hungr et al.,
2014) appear on the steep slopes of the southern
part of the study area (>200); on the crowns and
main scarps of the Pleistocene slidings rotational
landslides can be observed (type 11).
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Figure 3 Distribution of the geological formations in the study area
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The morphology has a high complexity and it is
determined by geological, anthropic, climatic char-
acteristics and fluvial erosion. Landslide features
(crowns and main scarps) dating from the Pleisto-
cene may be observed (Wanek and Poszet, 2011,
Poszet, 2017). Over time, the mass movements were
redeposited and temporary stabilized, but due to
anthropic factors and failures, on top of the old
Pleistocene landslides, many new slope failures have
occurred or reactivated due to human presence.

The climate can be considered as a control fac-
tor in the present and the past geomorphological
processes. In the Pleistocene, the major relief for-
mations were created, on which the actual geomor-
phological processes were grafted (Poszet, 2017).
The climate determines the rhythm, the length and
the intensity of the actual geomorphological pro-
cesses. The actual climate, which is dryer than in the
previously mentioned periods, helped the stabiliza-
tion process of mass movements, but the landslides
can be easily reactivated by different factors.

The precipitation is an important landslide trig-
gering factor, because mass movements are favor-
ized by long-lasting rainy periods, freeze-thaw and
wetting—drying processes (Conforti et al. 2011;
Kerekes et al., 2016).

3. Materials and methods
3.1. Materials

In this research, we used a wide range of data:
topographical maps (1:5000, 1975), geological maps
(1:5000, Wanek and Poszet, 2011), aerial imagery
(ANCPI - National Institute of Cadaster (2012) and
Google Earth 3D (2014)) and open-source data.
These data were processed in ArcGIS software. In
order to obtain a precise digital elevation model
(DEM), we digitized the contour lines from the
topographical maps. Interpolating the resulted
vector, we generated a 1 x 1 m resolution DEM.
Based on the above mentioned data, we could
identify and map all the landslides of the area, ob-
taining a landslide inventory map (Fig.4.) which was
verified during field-works. The landslide inventory
contains 34 landslides, with a total area of 25.8 km?,

which means that approximately 10% of the terri-
tory is covered by mass—-movements.

After analyzing the landslide inventory that we
compiled, we selected the landslide predisposing
factors to be evaluated with our approach: lithology,
topographical parameters (slope aspect, slope an-
gle, depth of fragmentation, plan— and profile cur-
vature) and land use.

The geomorphometric parameters were derived
from the 1 x 1 m elevation model. To store all the
information in a uniform thematic database, the
pixel size for all products was set to 1 m:

i) Slope aspect (Fig. 5.a): the slope aspect influ-
ences landslide processes by producing major dif-
ferences in climatic parameters, controlling the du-
ration and angle of sunlight, evapotranspiration,
moisture retention and vegetation cover type (Dai
et al., 2001; Sidle and Ochiai; 2006; Rahmati et al.,
2016; Kerekes et al.,, 2016);

ii) Slope angle (Fig. 5.b): in fact, this can be con-
sidered the most important causative factor, be-
cause all mass movements occur as a consequence
of gravitational force (Liberatoscioli et al, 2017,
Pradhan and Youssef, 2009). In our case, most of the
mass movements occur near or inside the perimeter
of the newly built areas, i.e. on slopes having values
between 50 and 100;

iii) Profile curvature and plan curvature (Fig. 5.c
and d): Profile curvature measures the rate of
change of the slope; plan curvature influences the
convergence or divergence of downhill flowing wa-
ter. Therefore, both become important factors in
landslide formation (Meinhardt et al., 2015);

iv) Depth of fragmentation (Fig. 5.e) is a well-
known geomorphological indicator; it represents the
relative altitudinal difference per square kilometer.
This indicator shows an outgo rate of the relief's
quantitative characteristics (Tatiana Constantinov et
al., 2009).

Apart from the topographical parameters,
another landslide predisposing factor that was
considered in the analysis is geology. The type of
mass—movements under investigation mostly occurs
on sedimentary rocks like clays, marls or sandy—clay.
The high occurrence of landslides in the study area
is explained by the presence of Oligocene, Miocene
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and Pleistocene sedimentary rocks, which cover the  entire territory, presented in section 2.

a) SLOPE ASPECT b) SLOPE ANGLE
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e) DEPTH OF FRAGMENTATION

Figure 5 The morphometric parameters of the study area

136



KEREKES et al. / Revista de Geomorfologie 20 (2018)

Another landslide-causing factor is /and use
(Fig.6.) This vector layer was obtained from the
open-source Corine Land Cover 2012 database.

- Built-up area

Agricultural

I Forests

Figure 6 The land-use of the study area

3.2. Methods

The Maximum Entropy model is a statistical-proba-
bilistic machine learning method, which has been
applied to many different fields, such as environ-
mental sciences for predicting species distribution,
(being proposed for the first time by Phillips et al.,
2004, for the case when just presence data is availa-
ble in order to calculate the best positive distribu-
tion and used with a great accomplishment by Pear-
son et al, 2007, Elith et al., 2011; Bajat et al.,, 2011;
Yang et al, 2013; Muscarella et al., 2014; Cao et al.,
2016), groundwater mapping (Rahmati et al., 2016;
Wahyudi et al., 2012), crop planting regionalization
(Franklin, 2009; Yu et al., 2014; Jaime et al., 2015).
Recently, this method was applied with a great
success in landslide susceptibility mapping: Liu et al.,
2012, Reza et al, 2012; Vorpahl et al; 2012;
Pourghasemi et al, 2012a; Felicisimo et al; 2013;
Park, 2015; Davis and Blesius, 2015; Moosavi and
Niazi, 2016; Lombardo et al.,, 2016; Kornejady et al.,
2017. Pandey et al, 2018 investigated in India the
territory along the state highway corridor Tipari to
Ghuttu. This area has similar geological characteris-
tics to our territory, characterized by complex geo-
logical formations, where clay is predominating. In

this study, the Maximum Entropy principle was ap-
plied with a high performance, indicating the fact
that this model is suitable for territories with a com-
plex geology.

The MaxEnt method has a complex math, but it
does not require high precision surveys (Kornejady
et al, 2017). Entropy is a measurement of disorder,
imbalance and uncertainty of a system (Yufeng and
Fengxiang, 2009). The Boltzmann principle describes
the one-to-one relationship between the quantity
of entropy of a system and the degree of disorder
(Yufeng and Fengxiang, 2009).

The maximum entropy model originates from
information theory and statistical mechanics. Based
on Boltzmann’'s H-theorem, Shannon (1948) man-
aged to define entropy, as the expected value (aver-
age) of the information contained in the existing
data:

Hiy = E[I(X)] = E[-In(-n(x))] @)

where, Fis the expected value operator and 7/is the
information content.

Therefore, the expression can be defined as the
negative natural logarithm of the probability distri-
bution: the expected value of a random variable is
the average of the experiment it represents (ob-
served data) (Hamming, 1991; Ross, 2014). Jaynes
(1957) determined the probability distribution gen-
erated from maximum entropy model as the least
biased possible estimate on a given information,
therefore, when using predictive algorithms, the
most performant model should coincide with the
one that has Maximum Entropy (Lombardo et al,
2016).

The MaxEnt model applied by Phillips et al,
2004, was conceived as a software by the Center for
Biodiversity and Conservation at the American Mu-
seum of Natural History (AMNH) through a public-
private partnership between the AMNH and AT&T-
Research.

The advantages of the model in prediction anal-
yses include the following: it requires only presence
data using environmental information (factors) for
the whole study area; it can utilize both continuous
and categorical data; the MaxEnt probability distri-
bution is amenable to analysis; MaxEnt is a genera-
tive approach, which means that it can be used
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when we have limited amount of training data
(landslides) (Phillips et al. 2004; Park, 2015).

As a prime step, the MaxEnt model calculates a
uniform probability distribution function as a pri-
mary data. In this data, every single pixel is assumed
to have the same probability of landslide occurrence
(Kornejady et al., 2017). Following the previous step,
some constraints modify this uniform probability
distribution function to realize an optimal probabil-
ity distribution of the phenomenon (landslides) over
a spatial context (in our case: land use, geomor-
phological characteristics, geology) (Phillips et al.,
2004; Phillips and Dudik, 2008; Kornejady et. al,
2017; Elith et al., 2011). Different features are repre-
sented by different predisposing factors, but these
features represent the corresponding functions of
the predisposing factors (Phillips et al., 2006; Elith et
al., 2011). Therefore, we can conclude that the fea-
tures, factors, and constraints are closely connected
to each other (Phillips et al., 2006; Elith et al., 2011,
Halvoresen, 2012).

According to Davis and Blesius, 2015, the pres-
ence-only characteristic of landslides makes the
maximum entropy model, which is made for species
habitat analysis, appealing; geomorphological
events have many common characteristics with bi-
ological occurrences in that while they respond to
environmental factors, mass movements can in-
crease the likelihood of other events in the proxim-
ity of the affected area, due to morphological and
hydrologic conditions.

A landslide represents a complex system char-
acterized by the exchange of materials and energy
with the environment, therefore, landslides can be
measured using the information entropy model
(Yang and Qiao, 2009). The entropy of a landslide
represents the extent of the various factors which
are controlling the development of a landslide
(Pourghasemi et al., 2012b). The resulted entropy
value can be used to calculate weights of the system
(Yang et al,, 2010).

In this work, the landslide susceptibility map
was generated by the MaxEnt software
(https.//biodiversityinformatics.amnh.org/open_sour
ce/maxent/) using all the prepared thematic maps
mentioned above.
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After generating the landslide susceptibility
map, map evaluation becomes necessary. In order
to evaluate our susceptibility map, it is necessary to
verify the results by using different statistical meth-
ods. Model evaluation is a fundamental step in
comparing the predictions with real world data—sets,
in order to evaluate their performance (Begueria,
2006).

The most used method is the receiver operating
characteristic curve (ROC) method. The ROC method
is a threshold independent method; it plots different
accuracy values realized against the whole range of
possible threshold values (Begueria, 2006; Deleo,
1993).

Therefore, applying the ROC curve method, we
can assess the accuracy of the MaxEnt model by
comparing the obtained susceptibility map (proba-
bility map) with the landslide inventory (Chen et al.,
2016; Begueria, 2006; Petrea et al, 2014; Bayes,
2015).

The ROC curve was realized using the number
of correctly (true—positive) and the number of in-
correctly (false—positive) classified pixels (Kavzoglu
et al,, 2015). The values from the OX axis represent
surfaces, with no landslides, where the applied
model has calculated a high probability (false posi-
tive). The values from the OY axis coincide with the
surfaces with landslides, where the model has de-
termined a high probability (true positive) (Petrea et
al, 2014).

4. Results and Discussions

After running the MaxEnt software, the resulted
values were grouped into five classes (Fig. 7A.), us-
ing the natural breaks distribution: representing very
low, low, moderate, high and very high susceptibility
levels. To assess the model's performance, we used
the AUC (Area Under the Curve) method.

The prediction accuracy is high when the values
are higher than 0.9. AUC values between 0.7 and 0.9
represent reasonable discrimination ability; further-
more, values under 0.5 indicate a poor quality of the
results (Swets, 1988). With the maximum entropy
model, we obtained a 0.844 AUC value (Fig. 7B),
which means that our results have reasonable dis-
crimination ability, therefore can be used for further
studies.
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Figure 7 The resulted landslide susceptibility map for the study area (A) and the ROC curve of the susceptibility map (B)

On this map we can observe the fact that the
highly prone areas outlined by the MaxEnt method
are representing the Pleistocene landslides.

Analysing the resulted map (Fig. 7A), we ob-
tained that 22% of the territory is included in the
high and very high susceptibility category, being
represented by steep slopes (most of them under
constructions) and torrential formations. This cate-
gory is mainly represented by the upper part of the
slope of the study area, where we can find deep
rotational Pleistocene landslides. On the surface of
these deep landslides we can find the newly formed
shallow ones. Due to the location of these land-
slides, we can say that scarp areas with high suscep-
tibility are the most prone to reactivation. 21% of
the area is moderately predisposed to mass—-move-
ments; this category is mainly represented by the
middle part of the slope, where shallow translational
landslides are present. 57% of the area falls into the
low and very low susceptibility category, which is
represented by the flat areas of the Somes flood-
plain. These low values are related to anthropic
features like road and building embankments.

Studying the landslide inventory, 56.34% of the
landslide pixels are included in the high and very

high category; 34.52% in the moderate category
and 9.12% are included in the low and very low
susceptibility class. These results also prove a high
reliability of the model applied on the study area.
Thus, we can conclude that the most stable land-
forms are the terraces of the rivers and the flood-
plain of the Somes River.

We can observe from the resulted map and
from numerous field-trips the fact that in the south-
ern part of the study area there were many aban-
doned orchards and meadows, near them defor-
estations were made. Nowadays, these areas gradu-
ally become built-up areas, therefore accentuating
further mass—-movements. Sparsely vegetated areas
are more exposed to denudation processes, be-
cause the roots of the vegetation have a soil-bind-
ing power (Bayes, 2015, Kerekes et al., 2016). Be-
tween 2005 and 2008, every single safe zone in
terms of landslides was shadowed by built-up areas;
therefore, beginning with 2008 the constructions
are spreading among the most landslide susceptible
areas. In only 10 years, the surface of the built-up
areas has increased with 69% compared to the total
built-up area surface in 2005 (Fig. 8).
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Figure 10 Landslides caused by constructions (A) and affected the roads (B, C)

Thus, the main reason why we have chosen this
study area is the fact that the extent of the built-up
areas is still modest and there are many freely ob-
servable areas. Because of the high speed of con-
structions, the private areas will prevent further
studies. Therefore, it becomes necessary to analyse
this territory to raise awareness about the existing
situation, until it is not too late. The constructions
are relatively new, therefore primary mass—move-
ments appear on the roads near the built-up areas
(Fig. 9 and Fig.10 A, B, C). The number of construc-
tions implies the increase of the road traffic there-
fore the trepidation causes landslides (Fig.10 B, C).

In order to calculate the factor contribution, the
MaxEnt software used the jackknife technique,
which gives the relative contributions of the envi-
ronmental variables (Park, 2015). This represents the
percent of a specific factor being used in the mode-
lling process; therefore these factors have useful

information compared to the rest (Kornejady et al.,
2017). As a result, we can see in Table 1 the fact that
the lithology, slope and human activity have a sig-
nificant role in landslide occurrence.

Table 1 Percent contribution of the landslide causing

factors

Variable Percent contribution
Lithology 56.9
Slope Angle 34.2
Land-use 7.8
Profile curvature 0.5
fragD:'\F;t:t;cfion 03
Plan curvature 0.1
Slope Aspect 0.1
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Therefore, the results indicate the fact that land-
slides could be triggered by natural causes like ge-
ology and slope angle, as well as human activity
(deforestation, constructions).

Comparing our results with the existing official
landslide susceptibility map (Fig. 9) we obtained that
the susceptibility categories of the official map do
not coincide with ours (the official map does not
show the low and very low susceptibility levels). We
used the overlay method (on a pixel level), and
found that, in case of the official map, the most
susceptible areas are not properly mapped, there-
fore a lot of data is missing (we can observe a 21%
matching from the total area between the two
maps). Based on the official map, we could calculate
the fact that 0.46% of our landslide inventory is
situated in the very high, 1.06% in the high and
0.6%, in the moderate susceptibility category of the
official map. For the rest of the content, there isn't
any data available therefore we cannot render a
match. Furthermore, we don't know the method
which was used to generate the official map, just
the results that can be seen. The high degree of the
discrepancy is caused by the difference in the reso-
lution of the landslide mapping and susceptibility
map generation. We can deduce that the resolution
of the official map is approximately 100 m. The map
generated by us has 1 m resolution, thus we could
identify more landslides, improving the accuracy of
the analysis.

5. Conclusion

This study reconfirms that generating a valid land-
slide susceptibility map is a complex issue: we must
put effort in compiling a landslide database as
complete and as accurate as possible for the area
under investigation; it is necessary to make a com-
plex analysis of the existing statistical models in
order to choose the most appropriate to be applied
on the study area.

In this study, maximum entropy model was suc-
cessfully used and tested on the Southern part of
the city of Cluj-Napoca (Becas stream watershed),
yielding a high AUC rate (0.844), resulted from the
generated ROC curve. We identified (based on long-
term observations, many field-trips and studies)
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seven landslide causing factors: slope, aspect, profile
and plan curvature, geology and land-use.

As a result, we obtained the fact that the most
prone territories are the steep slopes of the Pleisto-
cene landslides where we can observe intense hu-
man activity; 56.34% of the slides occur on these
territories, thus we can conclude that the most se-
vere predisposing factors are the human induced
activities. The floodplain of the Somes River and the
gentle dip—slopes are characterized by low and very
low susceptibility.

Future work will focus on a landslide suscepti-
bility map for the entire Cluj-Napoca municipality
because in the recent period, due to anthropic fac-
tors, many landslides have been reactivated in other
important sectors of the city (Fig. 11) has been de-
stroyed due to thoughtless construction works.

Figure 11 Landslide in a recreational park, 2016

Therefore, prevention of such mass movements
becomes possible just with a valid susceptibility
map and responsible human activity.

Current jurisdiction specifies that the drillings
made by geotechnicians should have just 4 m
depth, therefore these drillings don’t reach the base
of the slided blocks; few drillings are deeper than 4
m, which is a huge problem, because the Pleisto-
cene mass movements are profound (Tovissiné
Losonczi Ibolya, 2004) and many buildings are con-
structed on them. As an efficient prevention
method, geotechnicians should make deeper drill-
ings in order to precisely see the structure, texture,
cohesion and composition of the deposits. Also,
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every building foundation should be reinforced with
a good amount of steel and concrete. A problem
with this method is that it can cause overloading.
Nonetheless, people must be informed by local
authorities of the existing situation and the risks
they are facing.

Future work is needed to improve the resulted
map in order to generate future disaster mitigation
works and land planning strategies. Further case
studies should be performed using a greater num-
ber of data sets and landslide causing factors in
order to improve the susceptibility map.
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