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Abstract
The Mila town (east Algeria) has suffered frequent landslides during the last few decades because of its geological, geo-
morphological, and seismotectonic setting, as well as the anthropic activities. This research work deals with the landslide 
susceptibility assessment using frequency ratio (FR) and information value (IV) methods in GIS technology in this area. 
Firstly, a landslide inventory map was constructed from interpretation of high-resolution satellite images, field investiga-
tions, and bibliographies. Seven various causal factors are lithology, slope, aspect, altitude, land use, INDV, and density 
of streams. A thematic layer map is generated for every factor using geographic information system (GIS), the lithological 
units extracted from the geological database of the Mila region. The slope gradient, aspect, and density from streams were 
calculated from the digital elevation model (DEM). Contemporary land use map and INDV was derived from satellite images 
and field study. The analysis of the relationship between landslide factors and landslide events was performed in a GIS envi-
ronment. Consequently, landslide susceptibility maps (LSMs) were produced through the process of classifying the global 
landslide sensitivity index (LSS) into five classes. Finally, for model verification, the LSMs obtained with the FR and IV 
models were confirmed comparing LSMs with the landslide inventory map using both the receiver operating characteristics 
(ROC) and the seed cell area index (SCAI) models. The area under curve (AUC) results demonstrate that the IV method 
has more performance (85.9%) for landslide susceptibility maps (LSMs) than FR method (83%). Moreover, the results of 
the validation using SCAI also confirmed that model IV was more precise than the FR model. The models employed in this 
study are capable to resolve the issue of the landslide susceptibility of the study area. The obtained susceptibility maps can 
be used for future land use planning and can be considered as a powerful tool to resolve the spatial distribution of the risk 
associated to landslides.
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Introduction

In northern Algeria, landslides represent alarming geologi-
cal phenomena because of the economic consequences and 
human life’s losses they cause, principally in urban areas. 
Hence, they present a serious threat for human lives and 
their properties and constitute a major constraint for either 
the economic development or the urban planning of many 

cities (Achour et al. 2017, 2018; Benzaid and Tekkouk 2017; 
Bounemeur et al. 2019). They constitute a major threat to 
the population, buildings, and various infrastructures in most 
mountainous regions (Bounemeur et al. 2019; Kherrouba 
et al. 2019). Mila town experiences many landslides affect-
ing urban areas, including the road network.

The impact of these land instabilities is significantly 
worsened by the rapid and the uncontrolled development 
of the urbanization in landslide prone areas, the heavy and 
prolonged rainfall trend, and the lack and/or inadequacy 
of initiative to understand landslide hazards and risks 
(Bourenane et al. 2015, Bourenane et al. 2021; Hadji et al. 
2017). Landslides often occur in the rainy seasons particularly 
during torrential rainstorms recorded between December and 
February. Each type of earthquake-induced landslide occurs 
in a particular suite of geologic environments. The work of 
Keefer (1984) has shown that this “intensity” depends on 
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the magnitude of the earthquake considered: the greater the 
magnitude of the earthquake, the greater the “intensity” of 
the ground movements it can trigger. This phenomenon is 
known throughout northern Algeria: Tellian Atlas domain, 
where the rainfall regime is concentrated in a short period 
with heavy and prolonged rainfalls (Bourenane et al. 2015, 
Bourenane et al. 2021). This study concerns the ground 
instabilities observed in Mila town.

Nowadays, these landslides constitute a serious threat 
to local populations and the environment, forming also a 
constant constraint to urban planning and development, 
indeed, the rapid, unplanned urbanization, the bad land-
use planning, the environmental mismanagement, and a 
scarcity of risk mitigation strategy exacerbate the impact 
of hazards and increase the risk. Unfortunately, there was 
insufficient consideration of the landslide phenomena 
in the local strategy of development and land use plan-
ning of the town. Indeed, very little research is avail-
able on the prediction and prevention of these events, 
despite the continuous progression of landslides and their 
associated damage effects (Djerbal et al. 2014; Boure-
nane et al. 2021). In order to scale back the damage to 
properties and therefore the losses of human lives also 
on contribute to the risk reduction for the sustainable 
urban planning and development of the Mila town, it 
becomes necessary to generate comprehensive landslide 
susceptibility maps (LSMs); the landslide susceptibility 
mapping is considered as an imperative task that can 
help authorities to reduce landslide disaster losses by 
serving as a guideline for durable land-use planning such 
as the restriction of urban extension in hazardous zones. 
According to Varnes (1984), landslide susceptibility is 
defined as the probability of the spatial occurrence of 
landslides in a given area for a given predisposing terrain 
factors. The landslide susceptibility mapping is related to 
the subdivision of a given area into homogeneous zones 
and their ranking according to their degrees of landslide 
susceptibility; thus, an LSM indicates areas likely to be 
affected by landslides in the future based on the cor-
relation with historical distributions of landslides and 
their associated factors. In Algeria, despite the increase 
and spread of landslides occurrences, there are never-
theless limited and insufficient initiatives in landslide 
susceptibility mapping. Nevertheless, there are exam-
ples of successively performed studies (Bourenane et al. 
2015, Bourenane et al. 2021; Djerbal et al. 2014, 2017; 
Achour et al. 2017; Hadji et al. 2017; Zighmi et al. 2019; 
Merghadia et al. 2020).

In this study, simple method was wont to landslide sus-
ceptibility mapping, by following three essential steps: the 
primary one consists of gather the info input, the other, cal-
culated the landslide susceptibility index using two models 
supported GIS. Step three, establishment and validation of 

the output data. These methods are tested and validated; 
the results are compared and discussed. This research work 
may be a part of a thematic approach focused on the under-
standing of the landslide hazard and also on a strategy of 
evaluation and mapping of landslide hazard at an outsized 
scale. Thus, this investigation completes the different works 
undertaken on the prediction of landslides in urban areas in 
order to improve the scientific understanding and the spatial 
variation of landslide hazard in Mila town. The final results 
provide valuable orientations for landslide hazard reduction 
and may serve as guidelines for land use development plan-
ning in Mila town.

The aim of this study is to provide and develop a deter-
ministic-statistical approach for landslide susceptibility 
assessment by applying two different methods. The first is 
an analytic frequency ratio process which a multi-paramet-
ric method that was originally developed by Lee and Talib 
(2005). The second one is a statistical approach based on 
information value that was proposed by Yin and Yan (1988) 
and modified slightly by Van Westen (1993). These models 
were tested, and the results were discussed. The obtained 
susceptibility map of landslides constitute a basic document 
for all layout proposed in the future.

Study area

Mila region is located in the northeast of Algeria, about 
391 km from Algiers and 50 km northwest of the city of 
Constantine. It belongs to the Mila basin, which covers an 
area of 3500 km2 often known as the Mila-Constantine basin. 
Located between latitude 244,591.01 and 263,859.46 m N 
and longitude 4,027,529.17, 4,043,981.06 m E (WGS 84 
UTM 32) (Fig. 1), where the area of this municipality is 
129.95 km2. The study site named El Kherba is located south 
of the town of Mila, at an average altitude of 620 m, on slope 
terrain with an average angle of 14° dipping toward the north 
(Tebbouche et al. 2022) where the landslide object of our 
study is located. From a geomorphological point of view, the 
area of El Kherba is characterized by the presence of plains, 
mountains, and plateaus; the altitude range varies between 
0 and 1099 m on the reliefs (Fig. 1).

Hydroclimatological characteristics of the site

The Mila region is characterized by a Mediterranean cli-
mate that is cold and rainy in winter, hot and dry in sum-
mer, and receives a height of precipitation varying between 
500 and 600 mm/year. The study of climatic data from the 
ANRH (1993) of Constantine also shows that the rainiest 
month of the year is the month of December to February, 
with an average rainfall which oscillates around 39.49%. 
Slope instability increases considerably during this period, 
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the driest month being July, with an average rainfall of 
around 6.30% of annual precipitation. Without forgetting 
the hydrographic network which is very dense in the Mila 
region and plays a destructive role causing sometimes con-
siderable damage to the various infrastructures of the city, 
and it is thus that, for the future of the cities, the hydrologi-
cal elements have a major impact on their physiognomy 
and on the urban development and the acceleration of the 
erosive processes of gullying, undermining of the banks, 
and the transport of solid materials. The wadi’s region 
is as follows: Mila Wadi separates the old town from the 
colonial village, El Kherba Wadi separates the subdivi-
sion Boulmerka from the university site, Makraoued, and 
el Bordjia Wadi (Fig. 2). So the density and organization 
of the hydrographic network accentuate all the forms of 
instability of the slopes, landslides and differential erosion 
very apparent throughout these flows. The role of natural 
vegetation and human actions cannot be overlooked.

Thematic data preparation

In the present susceptibility analysis, database includes 
an inventory map in the study area and a set of landslide 
predisposing factors.

Landslide inventory map

Landslide inventory mapping is one of the key processes 
for modeling landslide susceptibility (Fell et al. 2008; 
Corominas et  al. 2014; Thiery et  al. 2007). Satellite 
images, GPS, articles, internal reports… and field 
surveys provide important tools for establishing a 
landslide inventory map. This map contains a landslide 
position that occurs in the past. In this study, landslide 
positions were identified using existing database, 
satellite images, aerial photos, Google Earth, and terrain 

Fig. 1   Location map of the study area, showing the topographic relief
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studies. Finally, the database contains more than 80 
polygons. Figure 1 illustrates the spatial distribution of 
the landslides’ location in Mila town. In this study, we 
are used the classification of landslides developed by 
Cruden and Varnes (1996). Landslides are grouped into 
three types: rotational, translational, and any. Figure 3 
illustrates the flowchart of the methodology used in this 

research, and Fig. 4 illustrates examples of landslides 
affecting the study area.

In this work, one approach is use for the mapping of the 
susceptibility to landslides (Fig. 3); quantitative approach 
based on weighting criteria (informative value method 
IV) in a GIS environment. The results could constitute a 
timely guideline for land use planning in the Mila region 
(Bourenane et al. 2016; Corominas et al. 2014).

Fig. 2   Hydrographic network in 
Mila region

Fig. 3   Methodology flowchart 
for the process work Conditioning Factors
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Landslide conditioning factors

The conditioning factors used in this research are as follows.

Lithology

Lithology, through variations in its structure and properties, is 
one of the most important factors influencing the occurrence of 
landslides (Ayalew and Yamagishi 2005), as different lithologi-
cal units are characterized by different degrees’ susceptibility 
(Dai and Lee 2001; Yalcin and Bulut 2007; Nefeslioglu et al. 
2008). A detailed analysis of the lithological characteristics was 
carried out for the study area on the basis of the main lithologi-
cal units described in the map geological data available, sup-
plemented by field surveys (Ficheur 1899; Vila 1977; Coiffait 
et al. 1977; Coiffait 1992; Bougdal et al. 2006). The Mila region 
is characterized by seven lithological classes (Fig. 5a), while the 
lithological nature of the studied site shows a predominance of 
silty clays and/or marls to a depth of about 10 m. The analysis of 
the observations made on the ground showed that the majority of 
landslides are mainly recorded in these clayey-marly formations 
or Mio-Pliocene formation seriously threatens all infrastructures, 
dwellings, and the road network.

Slope gradient

Slope is a measure of the rate of change in elevation in the 
direction of the steepest descent and is generally taken into 

account for the dynamics of the processes governing the 
development of terrain. Slope is the main cause of landslides. 
Because of this direct relationship between slope angle and 
landslides, it is frequently used to prepare landslide susceptibility 
maps. The slope gradient map of the study area is shown in 
Fig. 5b. We note that the highest density of landslides is in the 
(20–30°) class, followed by the (10–20°) category.

Slope aspect

The aspect is defined as the direction of the compass in 
which a pent-measured in degrees from north in a clock-
wise direction, ranging from 0 to 360°. Slope exposure is 
considered to be an important factor indirectly influencing 
slope stability, as the effect of climatic conditions (such as 
sunlight, winds, precipitation, and snow) controls humidity 
and water content of the soil and therefore these mechani-
cal characteristics, which determine the risk of landslides 
(Magliulo et al. 2008; Dieu et al. 2011; Bourenane et al. 
2015). The map (Fig. 5c) is showing that the slopes of Mila 
town have been classified into nine classes. The slopes ori-
ented from north to south dominate the study area.

Altitude

The intensity of slope movements increases with elevation; 
in this study, digital elevation model (DEM) was used to 
perform an elevation map based on the reclassification 

Fig. 4   Examples of the most 
recent landslides occurred in 
2020 that caused ground defor-
mations and severe damage to 
buildings, roadways, and public 
infrastructures in the urban area 
of Mila city (Bounemeur 2019)
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Fig. 5   a Lithology; b slope; c 
appearance; d altitude; e use 
of land; f NDVI; g density of 
wad (datum reference: WGS 84, 
UTM zone 32)
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function in ArcGIS. The altitudes have been classified into 
five classes, ranging between 166 and 1099 m (Fig. 5d).

Land use

Arid and poorly vegetative lands make the slope more prone 
to erosion and landslide (Gomes et al. 2005), so land use 
considered as an important parameter included in this study. 
Production of a land use map of Mila town by digitizing a 
land use map using google explore, it is reclassified into 
five classes: vegetation, horticulture land, agriculture land, 
forests, and built and empty land (Fig. 5e).

Normalized difference vegetation index

Vegetation significantly influences the stability of natural 
slopes (Bo et al. 2008). The normalized difference vegeta-
tion index, also called NDVI, is constructed from red (R) 
and near infrared (PIR). The normalized vegetation index 
highlights the difference between the visible band of red 
and that of the near infrared. NDVI = (PIR − R)/(PIR + R) 
(Fig. 5f).

Drainage density

The study area is characterized by a dense hydrographic 
network (Fig. 5g). This hydrographic network is a factor 

which plays an important and direct role in the triggering 
of ground instabilities (Gostelow, 1991) and may have an 
influence on the distribution of unstable areas (landslides) 
by modifying the behavior of the ground by erosion of the 
ravines which can initiate the rupture of the slopes. Differ-
ent studies, such as those of Dai and Lee (2001, 2002), have 
highlighted the influence of density and the organization of 
the hydrographic network accentuates all forms of instability 
of slopes, landslides, and differential erosion clearly visible 
throughout these flows.

The earthquake effect

In last years, the Mila region has experienced by several 
earthquakes, which have generated significant mate-
rial losses and damage to buildings and infrastructure. 
CRAAG​ (n.d.) said a tremor was detected on Friday, July 
17, 2020, at 9:12 a.m. of magnitude 4.5 degrees on the 
Richter scale. The same source specifies that the epicenter 
of this shock was located 1 km north of Sidi Merouane 
(Mila province). The second earthquake of magnitude 4.9 
on the Richter scale, which occurred on Friday morning 
08/07/2020 in the same region (Fig. 6), strongly impacted 
many homes. This earthquake, whose epicenter was 
located 2 km southeast of Hammala, in the same prov-
ince, caused a giant crack for several kilometers, crossing 
fields and places of residence. Fortunately, no human loss 
has been reported. According to the first images taken by 

Fig. 6   Damage observed by 
landslide caused by earthquake 
in Mila region
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citizens but also by civil protection teams dispatched to 
the site, hundreds of houses were severely impacted. In 
other words, the cracks were such that they are no longer 
habitable. The earthquake caused the complete collapse of 
two houses in the old town of Mila and a 4-story building 
in the district of El Kherba. The total area of El Kherba 
affected by the earthquake is 220 hectares.

Landslide susceptibility analysis

Landslide susceptibility mapping and analysis is done 
using frequency ratio and information value methods.

Frequency ratio model

The fundamental concept of this method is to calculate the 
ratio between the density of phenomena in a given class 
and the density of the same class (Lee and Talib 2005). 
LSI expressed using (Eq. 1):

In the study area, the frequency ratio (FR) for each 
causative factor class was calculated using Eq. 1.

After calculating the FR for every landslide conditioner 
factor using Microsoft Excel under ArcGIS, the FR value 
for every factor class was assigned by the joint within the 
ArcGIS tool. Subsequently, the landslide weighting fac-
tors were rasterized using the spatial analysis search tool. 
Afterward, the landslide susceptibility index (LSI) is esti-
mated by summation the frequency ratio of every factor 
type or class by the Map Algebra raster calculator of the 
spatial analysis tool and using (Eq. 2):

where LSI is the landslide susceptibility index, and FR is 
the frequency ratio of each landslide factor class. After the 
calculation of LSI, the index values were ranked and classi-
fied into different landslide susceptibility levels, in order to 
establish the final LSM using the standard deviation method 
in ArcGIS tool. The mean value of FR is equal to 1. If the 
value is > 1, indicates a maximum correlation and a lower 
value than 1 presents minimal correlation. Table 1 shows the 
results of this application.

Information value model

The statistical method used in this study is proposed by 
Yin and Yan (1988) and modified by Van Westen (1993), 

(1)FR =
Landslide pixel class

Area pixel class
=

%Landslide pixel class

%Area pixel class

(2)
LSIFR = FR∗Slope + FR∗Aspect + FR∗INDV + FR∗landuse

+ FR∗lithology + FR∗Altitude + FR∗DensityStream

is based on the comparison between the spatial distribution 
of phenomena and their various factors. First, the method is 
based on a statistical analysis using (Eq. 3):

where Wi is the weight given to the class of a particular 
thematic layer (e.g., clay or limestone in the layer lithology), 
Densclass is the landslide density within the thematic class, 
Densmap, is the landslide density within the entire thematic 
layer, Npix(Si) is the number of landslide pixels in a certain 
thematic class, Npix(Ni) is the total number of pixels in a 
certain thematic class, and n the number of classes in a the-
matic map. The natural logarithm is used to accommodate 
the large variation in the weights; the weight map of the 
causal factors considered can be overlaid and integrated in 
GIS software. The total weight (Wi) of each thematic layer 
in study area are determined and reported in Table 1. Finally, 
the weighted layers resulting were summed up (Eq. 4) (Van 
Westen 1997):

Results and discussion

Seven causative factors (Fig. 5) related to the causes of 
landslide occurrence including slope, aspect, altitude, 
lithology, land use, NDVI, and drainage density have 
been identified and analyzed, and thematic layers have 
been derived and prepared mainly from the following 
(Table 1): (i) the available national databases (geological 
maps, topographic map, DEM, precipitation map); (ii) 
aerial photographs and satellite image interpretation and 
Google Earth imagery analyses; and (iii) field geological 
investigation. The thematic layers generated in GIS software 
have been re-sampled in a 30 m × 30 m grid size in order to 
facilitate the easy raster-based computation. In the analysis, 
the influence of every predisposing factor on the landslide 
occurrence, the landslide density for every class of every 
factor was calculated by dividing the landslide occurrence 
area by the class’s area of every factor; for this purpose, all 
landslide causative factor maps were converted into raster 
and classified with the same pixel size (30 m × 30 m) in 
the same projection using Arc toolbox tools under GIS as a 
spatial analysis tool. Then, the landslide inventory raster map 
was overlapped with the landslide factor raster class through 
the combined spatial analysis tool under toolbox to extract 

(3)
Wi = ln

�

Conditional probability CP

Prior probability Pp

�

= ln
Densclass

Densmap
= ln

Npix(si)∕Npix(Ni)
∑n

i=1
Npix(Si)∕

∑n

i=1
Npix(Ni)

(4)
LSI = Wislope +WiAspect +WiINDV +WiLanduse

+WiLithology +WiAltitude +WiDensityStream
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landslide pixels for each landslide class of each factor. 
Then, the influence of each factor class was determined 
using equations of frequency ratio (Eq. 1) and statistical 
index (Eq. 3) methods. Finally, the results are summarized 
in Table 1. The statistical analysis of density based on the 
observed relationship between each factor and the spatial 
distribution of landslides is very useful to reveal the 
correlation between landslide locations and factors. In this 
study, the landslide density was applied and combined with a 
GIS to assess the relationship between the susceptibility and 
the triggering factors with landslide occurrences.

Regarding the geology, the occurrence of landslides in 
the region of Mila is closely related to the lithology and 
the soil property variations. In this study, the lithology 
was classified into seven classes as shown in (Fig. 5a). The 
landslide density percentage is highest in two lithological 
classes, continental Mio-Pliocene and the Tellian tablecloth 
of the Cretaceous flysch.

In terms of geomorphology, the slope gradient (Fig. 5b), 
the aspect (Fig.  5c), and the elevation (Fig.  5d) are 
considered as important controlling factors in slope stability. 
Landslide density is highest in the (20–30°) category 

Table 1   Spatial relationship between each factor contributing to a landslide and the landslide using information value model

Parameters Classes Class pixels % class pixels Landslide pixels % landslide pixels FR Informa-
tion value 
(Wi)

Slope (°) 0–3 9916 6.926 101 3.916 0.010  − 0.247
3–7° 53,301 37.229 1295 50.213 0.024 0.129
7–15° 72,133 50.383 1133 43.931 0.015  − 0.059
15–25° 7563 5.282 49 1.899 0.006  − 0.444
 > 25° 255 0.178 1 0.038 0.003  − 0.662

Aspect Flat 20,051 14.005 462 17.913 0.023 0.106
North 15,021 10.491 65 2.520 0.004  − 0.619
Northeast 14,042 9.808 29 1.124 0.002  − 0.940
East 9533 6.658 10 0.387 0.001  − 1.234
Southwest 7803 5.450 22 0.853 0.002  − 0.805
South 11,625 8.119 54 2.093 0.004  − 0.588
Southwest 18,152 12.678 181 7.018 0.009  − 0.256
West 22,437 15.671 578 22.411 0.025 0.155
Northwest 24,504 17.115 1178 45.676 0.048 0.426

Altitude 166–356 25,569 28.41 118 4.575 0.004  − 0.587
356–491 47,317 52.574 667 25.862 0.014  − 0.103
491–641 35,948 39.942 1497 58.045 0.041 0.367
641–839 22,074 24.526 281 10.895 0.012  − 0.147
839–1099 13,410 14.9 16 0.620 0.001  − 1.175

Land use Class 1 38,682 26.791 207 8.026 0.005  − 0.523
Class 2 381 0.263 4 0.155 0.010  − 0.230
Class 3 67,663 46.864 1616 62.659 0.023 0.126
Class 4 26,971 18.680 528 20.473 0.019 0.039
Class 5 10,682 7.398 224 8.685 0.020 0.069

INDV Faible vegetation 48,987 34.001 1472 57.076 0.030 0.224
Moyenne vegetation 57,668 40.026 906 35.129 0.015  − 0.056
Dense vegetation 37,420 25.972 201 7.793 0.005  − 0.522

Lithology Continental Mio-Pliocene 108,090 74.876 2025 78.518 0.018 0.020
Quaternary 16,386 11.350 70 2.714 0.004  − 0.621
Tellian tablecloth (Cretaceous) 16,776 11.621 439 17.022 0.026 0.165
Numedian sandstone 3106 2.151 45 1.744 0.014  − 0.090

Density 0–1.08 78,342 55.072 2034 79.329 0.025 0.155
1.08–2.16 22,686 15.947 284 11.076 0.012  − 0.160
2.16–3.23 28,722 20.190 229 8.931 0.007  − 0.356
3.23–4.29 12,502 8.788 17 0.663 0.001  − 1.124
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(Fig. 5b). The landslide density percentage is relatively low 
and increases with the orientation angle (aspect) reaching the 
maximum at the northwest aspect (Fig. 5c). The northwest 
oriented slopes are more affected by rainfalls. The elevation 
is associated with landslides as a result of other factors, the 
density is highest in the (491–641 m) category, and then 
decreases (Fig. 5d).

The land use is ranked with the factors causes the 
landslides in relation especially with the presence/absence 
of vegetation. In the study area (Fig. 5e), the landslide 
density is concentrated on the urban area (Fig.  5f). 
Variation of the vegetation in any area constitutes an 
important parameter affecting the slope failure, as the 
slope stability is very sensitive to the changes in vegetation 
state. The high density of landslides in these areas can 
be explained by a development of human activity in new 
inappropriate upland settlements because of the rapid 
growth of the population.

The distance from main rivers is considered as an 
important factor in characterizing the landslide susceptible 
areas. The landslide occurrences increased close to the wadis 
(Fig. 5g). This generates saturation of the soil and erosion 
on the banks that activate the dynamics of the slope (slope 
undercutting and removal of abutment).

Application of frequency ratio

To perform the frequency ratio modeling, every thematic 
map was crossed with the landslide inventory map using 
the ArcGIS software, and the FR in each class was calcu-
lated (Eq. 1). In this analysis, FR allowed us to perform a 
susceptibility model in the study area, showing the impor-
tance of each parameter in the occurrence of this event and 
the relative weight of each parameter class. These weights 
are presented in Table 1. Consequently, for the degree of 
slope, FR has a maximum value for the slope class (3–7°). 

Fig. 7   a Landslide susceptibility 
map produced using frequency 
model, b distribution pie chart 
of the landslide susceptibility 
classes
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Appearance analyses show that the maximum FR value 
(0.048) is for northwest, followed by west (0.025) and flat 
(0.023), indicating the maximum probability of landslide 
occurrence. Parameter lithology frequency results indicate 
that the gray Tellian tablecloth (Cretaceous) and continental 
Mio-Pliocene marl with a maximum FR value (0.026) is the 
most prone to landslides.

For the density of wadi, FR are distributed at a value of 0 
to 1.08 indicating a high probability of landslide occurrence. 
For FR, 0.041 corresponds an altitude of 491–641 m. Cor-
relation between land use, vegetation index, and landslides 
indicates that the landslide occurred respectively in class 
3 where NDVI is low corresponds to the increase of FR 
(0.030). Using Eq. 2 and reclassify function, the LSI map 
was reclassified into five classes: very low (14.25%), low 
(22.61%), moderate (27.75%), high (23.47%), and very high 
(11.89%) (Fig. 7a, b).

Application of information value

To perform the IV modeling, every thematic map was 
crossed with the landslide inventory map using the ArcGIS 
software, and the information value in each class was cal-
culated (Eq. 3). The resultant weights of each thematic map 
for the IV model are given in Table 1.

The combination thematic maps with the landslide 
inventory map in ArcGIS calculate the number of 
landslide pixels in each class. The final calculated LSI 
of the study area for the information value model ranges 
from 5.059 to 1.596. LSI’s positive and negative results 
mean that higher values indicate a high possibility of 
slippage. The LSI card was classified into five classes 
using the pauses (jenks) method (very low 8.92%, low 
18.67%, moderate 26.34%, high 24.75%, and very high 
21.30%) (Fig. 8a, b).

Fig. 8   a Landslide susceptibility 
map produced using informa-
tion value model, b distribu-
tion pie chart of the landslide 
susceptibility classes

Page 11 of 15    753Arab J Geosci (2022) 15: 753



1 3

Validation and comparison of the landslide 
susceptibility maps

For validation of the used models in this study, two statistical 
methods were used to evaluate the performance of the LSMs 
obtained. Both of ROC curve and SCAI methods are based 
on the mixture of the landslide susceptibility and landslide 
inventory map. ROC curve have comparing 30% of the landslide 
for model validation and 70% of the landslide for training, taking 
into account their spatial location using the random distribution 
technique. Then, we have validated the used models using ROC 
curves (Fig. 9).

The ROC curve is one of the useful statistical strategies 
used to represent the performance or the exceptional of the 
landslide susceptibility model. The area under curve (AUC) 
value is used to evaluate the efficiency of a forecast system by 
describing the system’s ability to predict accurately the non-
occurrence or the occurrence of a landslide event (Chung 
and Fabbri 2003; Yesilnacar and Topal, 2005). The AUC value 
and the correspondent performance (Yesilnacar and Topal, 
2005) can be rated as follows: 0.5–0.6 (poor performance 
model), 0.6–0.7 (average performance model), 0.7–0.8 (good 
performance model), 0.8–0.9 (very good performance model), 
and 0.9–1 (excellent performance model). ROC curves have 
been obtained by comparing the landslide validation data set, 
with the two LSMs and the area under curves were calculated 
for the two landslide models. These results indicate that the 

FR model has the highest accurate prediction (83.0%) than the 
SI (85.90%) models (Fig. 10a, b). From there, it is concluded 
that all the used models in this study showed practically very 
good accuracy in predicting the landslide susceptibility in the 
study area. The obtained LSMs had been additionally tested 
and validated the use of the two statistical regulations for spatial 
effective LSMs (Bai et al. 2010; Pradhan and Lee 2010). The 
percentages of landslides within the five susceptibility classes 
have been determined and presented in Fig. 9. It is deduced 
that the higher amount of landslides was scattered in the high 
and very high susceptibility classes, and the smaller amount of 
landslides was distributed in the low and very low susceptibility 
classes of the LSMs.

The solution oriented based on the SCAI method has been 
proposed to compare the results of two methods according to 
the LSM. The SCAI method was cited by Süzen and Doyuran 
(2004) as a validation tool for a landslide susceptibility map. In 
order to evaluate SCAI, we have used the following equation:

where SAP is the area susceptibility percentages and LP is 
the landslide percentage. According to Table 2, very high and 
high classes contained the minimum SCAI, for low and very 
low classes contain a maximum SCAI value. The results of the 
SCAI method confirmed that the IV method is more efficient 
than the FR method.

SCAI =
SAP

LP

Fig. 9   Histograms showing the 
distribution of active landslides 
zones falling into various sus-
ceptibility classes of different 
landslide susceptibility zonation 
maps

Fig. 10   Receiver operating 
characteristics (ROC) curve 
of the LSM. a Provide by 
frequency model, b provide by 
bivariate statistical model

(a) (b)
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Conclusions

Landslides are the most disastrous natural hazards in the 
northeast of Algeria; their assessment should be done 
before the construction of all types of engineering projects. 
In this study, we investigate the potential application of 
statistical models and the GIS as a relatively new approach 
for landslide susceptibility mapping in the city of Mila. 
Firstly, a landslide inventory map was prepared using 
aerial photographs and satellite image interpretation 
supported by field surveys. Then, seven landslide 
predisposing factors including the slope, aspect, altitude, 
land use, lithology, NDVI, and drainage density have 
been derived from satellite images, aerial photographs, 
geological map, DEM, and rainfall database. The LSMs 
were produced using two methods and classified into five 
susceptibility classes: low, very low, moderate, high, and 
very high.

For verification, the LSM obtained was compared to 
the known location of the landslide using ROC technique. 
According to the obtained AUC, the IV model has higher 
prediction performance (85. 90%) compared to the FR 
(83.0%) models. The results revealed also that all the used 
models provided good accuracy in landslide susceptibility 
mapping in the Mila town.

The LSMs in this study can be considered as a useful 
guide for future development and planning of the Mila 
urban area. These susceptibility maps give information on 
the spatial prediction probability of landslide in the area; 
they are a helpful and valuable tool for risk reduction. As 
our results were given at large-scale mapping, the exact 
extent of the slope instability areas and details of the high 
susceptibility areas are well determined; this will be useful 
for further detailed site-specific studies. The development of 
urbanization in landslide prone areas can be avoided if the 
LSM is available. Primarily based on the acquired LSMs, 
a variety of mitigation strategies has been advocated as 
a way to lessen the effect of the present landslides which 
encompass the subsequent: (i) restricting the development 
planning in landslide-prone areas by using the obtained 
LSMs; (ii) controlling by means of codes and urban rules the 

human activity in the landslide prone areas (i.e., excavation, 
construction, grading, cutting slopes, landscaping, irrigation 
activities, vegetation clearance…); (iii) protecting the existing 
developments by mean of physical mitigation measures 
(such as drainage, down counterfort berms that serve as 
buttresses, and protective barriers); finally (iv) developing 
and implementing of monitoring and warning systems.
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