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Landslide susceptibility mapping using GIS-based logistic regression: The city
Al Hoceima and its suburbs (Morocco) case study

Public authorities in the Al Hoceima region have become concerned about landslides
given the increasing demand for urban development in the region. Therefore, the iden-
tification of landslide susceptibility has become necessary to meet the needs of current
and future habitats and to minimize possible landslide disasters. This paper is a
demonstration of the application of the logistic regression method to produce the land-
slide susceptibility map for Al Hoceima. A landslide database with nine predictive
factors was constructed by processing cartographic documents, Google Earth images,
the restitution plan, the geological map, and the landslide inventory. The obtained
susceptibility map shows that 22.1% of the study area is extremely susceptible to
landslides, 7.6% of the area is moderately susceptible to landslides and 70.3% of the
area is weakly susceptible to landslides. The validation of the map obtained by the
logistic regression model used in this analysis gave good results. The superposition of
the landslides reserved for validation with the obtained map allows for classifying the
majority of the observed landslide pixels into high and very high hazard classes. The
results of the ROC curve obtained for the approach used proved that the multivariate
approach by logistic regressions is performing better (AUC= 0.894) for the prediction
of the landslide hazard in the city of Al Hoceima and its periphery. The map obtained
is a major contribution to various urban development plans and is the future orienta-
tion of urbanization.
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INTRODUCTION

Landslides with significant human and material losses threaten the social, eco-
nomic, and environmental aspects of the region of Al Hoceima. The periphery of
the city of Al Hoceima is a densely populated residential area and is mainly com-
posed of mountainous terrain made of marl and shale materials. The region has
known a number of landslides and remarkable economic damages in recent years.
Population growth and increasing demand for building land on the hill slopes are
inevitable. Therefore, identifying areas prone to landslides has become essential for
ensuring sustainable development and for minimizing possible landslide disasters.
Nowadays, landslide susceptibility mapping uses digital tools to manage spatial
data such as GIS and geoinformatics (Sarkar et al. 2008). Thus, in recent years, the
use of quantitative methods in combination with GIS has increased enormously and
has become more frequent than qualitative methods (Bonham-Carter et al. 1989,
Magquaire 2002, van Westen et al. 2003 and Thiery et al. 2004). These methods are
based on the analysis of the relationship between factors responsible for the occur-
rence of landslides and their past and current distribution. They require the collec-
tion of a large amount of data to produce reliable results. Quantitative prediction is
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done for areas where landslides have not yet occurred but exhibit similar environ-
mental conditions to those in the past (geology, geomorphology, climate, human
activities’ impact, etc.). These methods have been used in recent years by several
Moroccan authors. Ezzine et al. (2008) and Master (2011) who applied probabilis-
tic statistical methods to map landslide susceptibility in the Chafechaouen region,
using logistic regression and weight of evidence methods. Byou et al. (2021) ap-
plied the latter in the city of Al Hoceima and its surroundings in 2021. Both of
these methods are commonly used in the context of binary classification problems,
especially in the field of risk management (Ezzine et al. 2008). The weight of evi-
dence method is a bivariate approach that allows calculating the weights of contin-
uous or categorical variables in numerical format, which can be used as input for
predictive models (e. g., logistic regression, decision tree). Positive values indicate
a positive relationship with the target event, while negative values suggest a nega-
tive relationship. The logistic regression method is a multivariate statistical ap-
proach used for binary classification, estimating the probability that an event will
occur based on one or more predictor variables. It can handle both continuous and
categorical variables by converting them into numerical representations and simul-
taneously estimates the model's probabilities and coefficients. This method has
been used frequently in recent years by several Moroccan and Algerian authors. El-
Fengour et al. (2021) applied this method in the Sahla watershed in Northern Mo-
rocco. Mahdadi and Boumezbeur (2020) also applied this method for landslide sus-
ceptibility mapping in the Souk Ahras region, Northeastern Algeria.

The objective of this work will be focused on the evaluation of the susceptibility
to landslides by the method of logistic regression. The potential of this model de-
rives from its reproducible objective character and from the fact that it quantifies
the probability of occurrence of landslides. Thus, this work is structured around
two main questions:

— What data are needed for landslide susceptibility mapping using the regres-
sion method?

— Is this method more suitable and appropriate for the study area, and does it
provide more reliable results?

PRESENTATION OF THE STUDY AREA

Al Hoceima city is located in Northern Morocco on the Mediterranean coast
between longitudes 3°54°19” W- 3°59°56” and latitudes 35°15°51” N- 35°12°33”
N (Fig. 1). The study covers an area of 34 km? with an altitude varying from 0 to
406 m above sea level. It is a mountainous region, made up of deep valleys, sepa-
rated by modest reliefs together with steep slopes. These reliefs are marked by
limestone ridges reaching 406 m at Jebel Monte Palomas, 300 m at Jebel Malmusi,
and by high cliffs often reaching 100 m at the level of the dolomitic plateau “Morro
nuevo” and the bay of Al Hoceima.

From the geological point of view the area under study is part of the Bokkoya
chain which was shaped by geological layers overlapped by irregular contacts and
cut by normal faults. Devonian and Lias limestones; Triassic Dolomites; Eo-
Oligocene marls, Silurian shales, and Quaternary dune sands compose the main
outcropping materials.
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Fig. 1. Situation of the Al Hoceima region

The climate of the area is characterized by being Mediterranean, and semi-arid,
marked by temperate winters and hot summers. The average annual rainfall is
325mm; the irregular and extreme rainfall events aggravate the action of the rain
on the soil. Most recorded landslides usually coincide with heavy downpours great-
er than or equal to 60 mm (Margaa and Abdelgader 1998). For example, landslides
of big surfaces located in Sidi Mansour, Dhar Masaoud, Inouren, and Port Al Ho-
ciema were triggered following intense and brutal downpours of October 27, 2008,
which reached 130mm.

Although precipitation is the most important factor that leads to the appearance
of landslides, it is not used in this study since the rain is relatively uniform
throughout the study area and also due to the insufficient number of rainfall and
rainfall station data (Ayalew and Yamagishi 2005, Regmi et al. 2010 and Yalcin et
al. 2011).

METHODOLOGY

Figure 2 shows the methodological approach adopted for the analysis of land-
slide susceptibility in the city of Al Hoceima and its periphery based on the logistic
regression model. This approach includes three steps:

— Acquisition and preparation of data on landslides and the causative factors
responsible for their occurrence.

— Landslide susceptibility mapping is based on the logistic regression method.
— Validation of the results obtained.
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Fig. 2. Flow chart showing the source data and the steps taken to produce

For the assessment of the susceptibility to landslides, it is necessary to prepare
a database combining the driving factors and the inventoried landslides (Fig. 2).
Landslide determinants include four aspects such as geological factors, topograph-
ical factors, water factors, and human activity factors. The study selected lithology,
distance to faults, seismicity, slope, elevation, slope exposure, drainage density,
distance to roads, and land use as landslide factors (Fig. 3). To carry out a detailed

the landslide susceptibility map

Data acquisition and pre-processing

geomorphological analysis, a DEM was generated from the restitution plan of the
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Fig. 3. Determining factors of landslides

a — lithology, b — distance to faults, ¢ — seismic microzoning, d — slope, e — aspect, f — elevation,
g — drainage density, h — land use, i — distance to roads. j — landslide inventory map
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city of Al Hoceima with a scale of 1/2000 (2020 edition, Lambert zone 1 projection)
and which is a source of morphological factors such as slope, slope exposure,
elevation and drainage densities (El-Fengour et al. 2021). The lithological data was
obtained from the geological map of Al Hoceima. Land use mapping was carried out
for the whole study area through a visual interpretation of Google Earth images (2022
edition). The landslide inventory was carried out in the field based on geological and
geomorphological criteria. Among the 155 landslides inventoried, only 49 landslides
occurring in the period 2004 — 2022, detected from the interpretation of Google Earth
images, were reserved for the validation phase. Then, all these data are transformed
in raster format in Sm cell size and reclassified to be used in the GIS environment to
have the same spatial resolutions, projections, etc. The statistical processing of the
data was carried out using SPSS 24 software.

Logistic regression

Landslide susceptibility assessment in the city of Al Hoceima and its periphery
was carried out by the logistic function. Many studies have used this approach for
landslide susceptibility mapping (van Westen 1993, Ohlmacher and Davis 2003,
Ayalew and Yamagishi 2005, Lee 2005, Yesilnacar and Topal 2005, van Den
Eeckhaut et al. 2006, Mathew et al. 2007, Thiery 2007, Bai et al. 2010, Margarint
et al. 2011, Mastere 2011, Palm et al. 2011, Wang et al. 2011, Devkota et al. 2013,
Ozdemir and Altural 2013 and Pourghasemi et al. 2013). This approach permits the
analysis of the different causative factors responsible for landslides. It is based on
the assumption that these factors generate a future phenomenon under similar
conditions as in the past. This phenomenon is considered a variable to be modeled and
the causative factors that govern the triggering conditions are considered predictor
variables (Thiery 2007, Ezzine 2008 and Margarint et al. 2011). This technique
provides weights and coefficients for each predictor variable based on data derived
from samples collected in the area of study. These coefficients are used to estimate
the probability of occurrence of future landslide events based on the current presen-
ce and absence of the phenomena associated with the different predictor variables
X1, X2, ....., Xxn (Lee 2005):

The logistic model is expressed as (Hosmer and Lemeshow 1989, Stafford and
Bodson 2006 and Allison 2012):

1
5 5 5 5 1
1+e—(,80+,81x1 +.82x2+'”+:8nxn) )

PY =1lx)=p=

The logistic regression equation can be written:

A

Logit(p) = In (1 ﬁ 5

) = Bo + B1x1 + ﬁzxz + et .gnxn 2)

where p refers to the probability of occurrence of a landslide, f, is a constant and
B1, B2, -, Pn are the regression coefficients of the independent variables used in the
logistic model.

The implementation of the logistic regression model requires preparing a data-
base for each predictor variable. To extract the values of the predictor variables
from the raster layers, we generated a binary grid of points. The set of landslide
points signifying the presence of landslides is coded as 1. In accordance with the
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equal proportions of landslide and non-slide grids, the same number of points were
randomly sampled from areas outside the landslide areas (Dai and Lee 2002,
Yesilnacar and Topal 2005, Bai et al. 2010, Margarint et al. 2011 and Wang et al.
2011).

Validation of results

A graphic representation using the ROC curve (receiver operating characteristic)
is used for the validation of the results obtained by the model. The ROC curve is a
statistical tool that allows the performance of the landslide susceptibility model to be
evaluated by comparing the validity of the landslide forecast with other events
observed in the field. In this analysis, the construction of the ROC curve is carried out
using landslide data reserved for validation (30% of all landslides observed in the
field) and which were not taken into consideration in the data used to create the
susceptibility map. This mode of representation is based on the threshold values which
separate stable and unstable terrain. This curve demonstrates “specificity” on the
x-axis and “sensitivity” on the y-axis. The “sensitivity” or (true positive rate)
represents the proportion of pixels affected by landslides correctly classified as
unstable. The “specificity” or (1- false positive rate) represents the proportion of
pixels not affected by shifts correctly classified as stable (Fressard 2013). The
calculation of the sensitivity and specificity associated with the different threshold
values is expressed by the following formulae:

o TP

Sensitivity = TP+—FN 3)
e . FP

Specificity = 1 — false positive rate = 1 — FPLTN 4)

where TN is number of pixels correctly classified out of class, F/P is number of pixels
not correctly classified in class, FNV is number of pixels not correctly classified out of
class and TP is number of pixels correctly classified in class.

The area under the ROC curve or AUC (Area Under Curve) can be used as a
measure to evaluate the discriminative power of the model. The larger the area under
the curve, the more the ability of the model to predict the presence and absence of
landslides (Dumlao and Victor 2015). AUC is calculated by adding the areas of the
polygons between the different thresholds (Begueria 2006):

n+1 >
AUC:Z\/(xi_xi+12*(Yi+Yi+1 5)
i=1

where x; is specificity and y; is sensitivity at threshold .

Finally, the validation of the results was carried out by comparing the results
provided by the LR and a dataset of inventoried landslides (not used in the training
phase).

RESULTS AND DISCUSSIONS

Logistic regression modelling is sensitive to multicollinearities between
independent variables (Hosmer and Lemeshow 1989 and Dumlao and Victor 2015).
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The multicollinearity check shows that there is no multicollinearity between the
independent variables. The maximum variance inflation factor and the minimum
tolerance index are respectively 1.021 (Vif<2) and 0.528 (Tol>0.2) — Tab. 1.

The logistic regression procedure under SPSS 24 allows for the selection of a
varied number of predictors, it also offers a stepwise analysis giving the possibility to
select step by step the variables that present the highest degree of representativeness
(Mathew et al. 2007). The significance of each of the explanatory variables was tested
by the Wald test [(B/standard error)2 ] and by the corresponding degree of freedom
(Palm et al. 2011). Table 1 shows that the level of significance of the different
independent variables used in this analysis is lower than 0.05 (p-value < 0.05 —
Djeddaoui et al. 2017) except for the variable “distance to roads” which was excluded
from the model.

Tab. 1. Coefficients and diagnostic indices for multicollinearity of variables used
in the logistic regression equation

Independent Coefficient . . .

variables (B) Wald P-value Exp (B) Collinearity Statistics

Variance

Tolerance . .
(Tol) mﬂatlor}
factor (Vif)
Lithology 0.637 3 635.602 0.000 1.890 0.528 1.892
Slope 0.421 648.704 0.000 1.523 0.838 1.193
Drainage density 0411 814.267 0.000 1.508 0.534 1.873
Aspect 0.111 151.123 0.000 1.118 0.896 1.116
Land use 0.260 157.234 0.000 1.297 0.799 1.251
Distance to faults 0.199 176.601 0.000 1.220 0.980 1.021
Elevation 0.338 160.530 0.000 1.402 0.584 1.711
Seismic -0.073 17.139 0.000 0.930 0.764 1.309
microzoning
Constant -9.337 3920.118 0.000 0.000

B — regression coefficient of the predictive variable; wald — test de wald; p-value — critical probability; exp (5) —
coefficient exponent of the predictive variable; variance inflation factor (Vif)= 1/Tolerance (Tol)

The logistic regression coefficients are(f;) . The logistic regression coefficients
were used to generate the probability (susceptibility) map of landslide occurrence
using equations 1 and 2 (Fig. 4).

The interpretation of the association between predictor variables and landslide
occurrence based on exp(f;) (shows that geological conditions: lithology and faults
can have a positive influence on landslide initiation). For example, as the results
show, landslides are concentrated in lithology dominated by marl, or shale, and
also by the proximity of faults. In addition, the hydrographic network and the steep
slopes constitute a remarkable effect on the occurrence of these phenomena. They
are followed by the moderate influence of other factors: such as anthropic action and
slope exposure which have a medium effect on the occurrence of these events.

The susceptibility or probability of a landslide occurrence is calculated for all
pixels of the study area; where 0 corresponds to no susceptibility while 1 corre-
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sponds to total susceptibility. The classification of the landslide hazard is based on
natural ruptures of probability or abrupt changes in probability values. Therefore,
four probability classes were obtained: null/low (0 — 0.150), medium (0.151 —
0.421), high (0.422 — 0.685), very high (0.686 — 0.976), and from these classes, the
landslide hazard zoning was carried out in Al Hoceima city and its periphery (Fig.
4). According to this classification, about 22.14% of the area is classified as a high
and extremely high susceptibility zone. The moderate susceptibility zone covers
7.60% of the total area and 70.26% of the total area is included in the low suscepti-
bility zone (Tab. 2).
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Fig. 4. Landslide susceptibility map of studied area

The results of the landslide susceptibility analysis were checked with the help of
the location of the inventoried landslides which is not introduced in the susceptibil-
ity analysis. The accuracy of the results was assessed by calculating the ROC curve
(receiver operating characteristic) and the percentage of landslides observed in the
different susceptibility classes. The area under the ROC curve is a useful indicator
to test the quality of the probabilistic model by describing its ability to predict the
presence or absence of a landslide event. The value of AUC is between 0.5 and 1.
If the value of AUC is close to 1, it means that the model is very accurate, while
values close to 0.5 indicate model inaccuracy.

In this study, the AUC value reached 89.4% (Fig 5), implying a strong correla-
tion between the predictive variables and observed landslides in the field. These
variables enable the development of a high-performing model for predicting areas
prone to landslides. In Table 2, 93.08% of observed landslides are concentrated in
only 22.14% of the total area with high and very high susceptibility.

This vulnerability is due to the combination of a set of factors favoring the ap-
pearance of landslide phenomena. The study area is a mountainous region belong-
ing to the Bokkoya range receiving violent precipitation due to N or NE disturb-
ances caused by polar discharges. These weather conditions can indeed increase the
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risk of landslides. The irregular and intense nature of precipitation in autumn and at
the end of summer aggravates the situation and often causes landslide phenomena,
especially in the northern and eastern slopes of the city, which reflects the positive
effects of the lithology, slope, aspect, and elevation on the occurrence of landslides,
as indicated by the S coefficients (Tab. 1). Vulnerable areas are dominated by
weathered shales and marls. They also increase as we approach fault lines. For ex-
ample, numerous recent landslides have been detected in Sidi Mansour and east of
Sabadia where the Ajdir fault intersects with other faults.
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Fig. 5. ROC curve of the susceptibility map produced in this study

In addition, a significant area of high sensitivity to landslides was observed
along the maritime coast mainly in the northwest part of Talayoussef. These are
areas of ancient landslides constituting folded schists of the Silurian age. These
zones are often reactivated by the reduction of their main body due to wave of the
sea and erosion, which favours the propagation of sliding upstream, in the form of
retrogressive sliding.

Tab. 2. Characteristics of the four classes of landslide susceptibility

Susceptibility class Probability Shz{zdgog?e;hg) /Ec))tal I;irz/(é]sqltl(c)lﬁ :élr(ﬁzc)e
Null/Low 0-0.150 70.26 1.52
Medium 0.151-0.421 7.60 5.40
High 0.422 - 0.685 9.34 27.98
Very high 0.686 —0.976 12.80 65.10

Similar results were obtained using the bivariate approach based on Bayes’ the-
orem “weight of evidence” (Byou et al. 2021). They demonstrate that the factors
used in this analysis influence the genesis of landslides. The combination of topo-
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graphic, hydrological, geological, seismic, and land-use factors contributes to im-
proving the predictive power of the model and achieving high prediction accuracy
(AUC = 89.8%). The final map shows a good agreement between the obtained sus-
ceptibility map and existing data on landslide locations. The susceptibility classes
limit the areas of maximum susceptibility to those of the ancient Boujibar and Ta-
layoussef landslides, where there is a conjunction of factors responsible for the oc-
currence of this phenomenon.

CONCLUSION

Most of the factors selected in this analysis exhibit a strong correlation with the
occurrence of landslides. The coefficients of the model indicate that geological
conditions, such as lithology and faults, can have a positive influence on landslide
triggering. For instance, the results show that landslides are concentrated in litholo-
gies dominated by marls, schists, argillites, and red sandstones, as well as in prox-
imity to faults. Additionally, the hydrographic network and steep slopes signifi-
cantly affect the occurrence of these phenomena. They are followed by other fac-
tors, such as slope exposure, land use, distance to faults, and elevation, which have
a moderate effect on landslide occurrence.

Based on our findings, the logistic regression method has proven to be efficient
and suitable for landslide prediction in the city of Al Hoceima (AUC = 89.4%),
similar to the “weight of evidence” approach (AUC = 89.9%). Furthermore, the
high to very high susceptibility zones generated by both methods encompass the
highest percentage of all the landslides recorded in the study area (over 90% of the
inventoried landslides). Therefore, we can conclude that these results are compati-
ble with the existing terrain conditions. The accuracy and predictive capacity of
the susceptibility map obtained through the logistic regression method could pro-
vide valuable data for urban planning and infrastructure construction in the future
or in other areas with similar conditions.

This work is carried out within the framework of a scientific cooperation agree-
ment between the University of Fez and the urban agency of Al Hoceima. The au-
thor would like to thank professors Khalid Obda and Ali Taous of the University of
Fez for their advice and guidance throughout this work.
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Taoufik By ou

MAPOVANIE NACHYLNOSTI NA ZOSUV PODY POMOCOU,
_ LOGISTICKEJ REGRESIE ZALOZENEJ NA GIS: PRIPADOVA
STUDIA MESTA AL HOCEIMA A JEHO PREDMESTi (MAROKO)

Zosuvy pody s povazované za jedno z najnebezpecnejSich prirodnych rizik, ku ktorym
modze dojst’ ndhle a mozu mat’ za nasledok straty na 'udskych zivotoch a zna¢né materidlne
Skody. Mesto Al Hoceima a jeho predmestia je regionom, v ktorom sa ¢asto vyskytuju zo-
suvy pddy. Zrazkové udalosti, ku ktorym doslo v poslednych desatrociach, poukazali na
zranitel'nost’ celého regionu z hl'adiska vyskytu zosuvov pddy. Tato zraniteI'nost’ sa neusta-
le zvySuje v dosledku zvicsujuce] sa hustoty zastavby. Vacsina obyvatelov si svoje domy
postavila v oblastiach nevhodnych na vystavbu, napriklad v blizkosti vodnych tokov alebo
na nestabilnom teréne. Poukazuje to na potrebu mapovania nachylnosti na zosuv pody
v skiimanej oblasti s cielom usmernia rozvoja miest v budiicnosti.

Tvorbe map nachylnosti na zosuvy sa v poslednych rokoch dostava ¢oraz vac¢sej podpo-
ry zo strany vyskumnych institicii. Dovodom méze byt na jednej strane zaujem o ochranu
zivotného prostredia a na druhej strane rozvoj a rozsirenie pocitacovych technik, ktoré
umoziuju ukladanie, transformaciu, spracovanie a analyzu vel’kého mnozstva udajov. Me-
tody nachylnosti na zosuvy su zalozené na analyze vztahu medzi kontrolnymi faktormi
zodpovednymi za vznik tohto javu a ich minulym a stcasnym rozlozenim. Odportic¢ané
Statistické metody su dvojrozmerné, napriklad Bayesove metody (tedria dokazov), alebo
viacrozmerné, konkrétne viacnasobna regresia, logisticka regresia, diskrimina¢na analyza
atd’.

Tieto metddy si vyzaduju zber vel'kého mnozstva udajov, aby sa dosiahli spolahlivé
vysledky. Kvantitativne predpovede sa robia pre oblasti, v ktorych sa zosuvy este nevyskyt-
li, ale maju podobné podmienky prostredia (geologické, geomorfologické, klimatické,
vplyv l'udskej Cinnosti atd’.). Vyber metody zavisi od rozsahu skimanej oblasti, vedeckych
poznatkov a praktickych skusenosti vyskumnika. V pripade mapovania vel'kého rozsahu
(mala plocha) sa odporaca pouzit’ Statistické a deterministické pristupy. Tato situdcia nas
motivovala pouzit’ viacrozmerny pravdepodobnostny model vo velkej mierke zalozeny na
logistickej regresii na Stadium nebezpefenstva zosuvov v meste Al Hoceima a jeho okoli.
DalSou motivaciou bola dostupnost’ suboru tidajov s vhodnym rozsahom pre pouzity pri-
stup.

Udaje pouzité v tejto analyze mozno rozdelit' do §iestich kategorii: geologické faktory
(litologicka facia, zlomy), seizmické faktory (seizmickd mikrozonacia), geomorfologické
faktory (nadmorska vyska, sklon svahu, expozicia svahu a zakrivenie povrchu), hydrologic-
ké faktory (hustota odtoku), klimatické faktory (zrdzky) a antropogénne faktory (vyuzitie
zeme a vzdialenost’ od ciest). Digitalny model terénu (DTM) bol vytvoreny z vrstevnic
mesta Al Hoceima v mierke 1/2000 (1-metrovy interval vrstevnic) s rozliSenim 5 m x 5 m.
Pouziva sa na mapovanie geomorfologickych faktorov: nadmorskej vysky, sklonu svahu a
expozicie svahu. Mapovanie vyuzitia zeme sa vykonalo pre celu skimanu oblast’ na zakla-
de vizudlnej interpretacie snimok Google Earth (z roku 2022). Hustota hydrografickej siete
bola odvodena na zaklade tokov zakreslenych na restitu¢nom plane. Geologické faktory
boli ziskané z geologickej mapy Al Hoceima v mierke 1 : 50 000 (vydanie z roku 1984). Pri
posudeni seizmického faktora sme vychadzali zo seizmickej mapy mikrozonacie mesta Al
Hoceima v mierke 1 : 40 000 (vydanie z roku 2004). Hoci sa faktor zrazok povazuje za
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relativne rovnomerny vzhl'adom na pritomnost’ jedinej stanice pokryvajucej celé¢ uzemie
mesta Al Hoceima, tento faktor nebol do analyzy zahrnuty. Zosuvy pddy boli inventarizo-
vané a zmapované pre celé mesto Al Hoceima a jeho okrajové Casti. Tieto udalosti st zna-
zornené polygénmi na zaklade inventarizacie zosuvov a interpretacie satelitnych snimok
Google Earth. Nasledne boli vSetky tematické vrstvy integrované do geografického infor-
maéného systému (GIS) pomocou softvéru ArcGIS 10.4 a prevedené do rastrového forma-
tu. Odportcand velkost' pixelov pre vSetky mapy pri¢innych faktorov pouzité v tejto ana-
lyze bola stanovena na 5 x 5.

Tato metéda ndm umoznila preskimat’ délezitost’ faktorov zodpovednych za vznik zo-
suvov a ziskat' kombinaciu pric¢innych faktorov, ktora by mohla byt dostatocna na vytvore-
nie vysoko vykonného modelu z hl'adiska predpovedania oblasti, v ktorych je pravdepo-
dobny vyskyt zosuvov. Analyza presnosti modelu sa vykonava pomocou krivky ROC
(Receiver Operating Characteristic, t. j. operacna charakteristika prijimaca), pricom sa po-
rovnava inventarizatna mapa so ziskanou mapou nachylnosti.

Vysledky krivky ROC ukazuju, Ze porovnanie mapy nachylnosti na zosuvy s inventari-
za¢nou mapou predstavuje znac¢nu predpovednu schopnost’ (AUC=0,894, Area under the
ROC Curve, t. j oblast’ pod ROC krivkou). Viac ako dve tretiny inventarizovanych zosuvov
sa nachadza v ramci tried vysokej a vel'mi vysokej nachylnosti. Ziskané vysledky ukazuju,
ze model sledovany v tejto studii funguje uspokojivo a moze byt nastrojom na hodnotenie
rizika zosuvov v oblastiach vystavenych tomuto javu.
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