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Abstract
In this study, landslide susceptibility mapping was carried out for Chemoga watershade upper Abay basin in
Ethiopia using a bivariate statistical models of Frequency Ratio (FR) and Information Values (IV). The main
objective of this study is to identi�ed landslide susceptibility areas using GIS and Bivariate Statistical Models.
Based on Google Earth imagery and �led survey, about 169 landslides were identi�ed and classi�ed randomly into
training landslides datasets (70%) and the remaining (30%) of landslides datasets were used for validation purpose.
The 10 landslides conditioning factors like slope, elevation, aspect, curvature, Topographic Wetness Index,
Normalized Difference Vegetation Index, road, river, land use and rainfall were integrated with training landslides to
determine the weights of each landslide conditioning factor and factor classes using both frequency ratio and
information value models. The landslide susceptibility maps were produced by overlay the weights of all the
landslide conditioning factors using raster calculator of the spatial analyst tool in ArcGIS 10.4. The �nal landslide
susceptibility maps were reclassi�ed as very low, low, moderate, high and very high susceptibility classes both FR
and IV models.This susceptibility maps were validated using landslide area under the curve (AUC). The results of
AUC accuracy models showed that the success rates of the FR and IV models were 0.870 and 0.901, while the
prediction rates were 0.880 and 0.923 respectively. The outcome of this paper will help decision-makers for land use
planning and landslide mitigation purpose in this study area.

1. Introduction
Landslides are one of the natural hazards causing a lot of casualties and property losses of all over the world [1]
[2]. Natural hazards such as landslides, �ood, earthquake and drought risk cannot be avoided completely but the
processes and consequences can be mitigated [3][4]. Landslides are more widespread than any other geological
event, and can occur anywhere in the world. They occur when large masses of soil, rocks or debries move down a
slope due to the effect of a natural phenomenon or human activity [5][6]. 

In Ethiopia landslides, mostly manifested as rock fall, earth slide, debris and mud�ow are among the major geo-
hazard, especially in the steep and hilly areas of the highlands with greater than 1500m altitude [7][8]. According
to [9], from 1960 to 2010 about 388 people are reported dead, 24 injured and a great deal of agricultural lands,
houses and infrastructures were affected. The occurrence of landslides is extremely complex phenomenon which
depends upon various factors such as geologic structure, lithological association, topography, rainfall, earthquake,
and human activity [10]. One of the most widely used approaches to reduce the landslide damages is preparing a
landslide susceptibility mapping using suitable models and selecting the effective conditioning factors [11][12].
Over the last decades, many studies have been used different models to prepare landslide susceptibility
mapping. These models include the frequency ratio model [13][4][14][15] [16][17][2][18]. A combination of both
frequency and Shannon entropy have been applied for landslide susceptibility mapping [19][20][21][22][23][24],
Weights of evidence model [25][12][26][27][28][29],Shannon entropy model [30][31][32][11][33]. Landslide
susceptibility models based on the bivariate frequency and Weights of evidence models [34] and frequency ratio
and information value models [35][1][10]. Landslide susceptibility models based on the bivariate frequency ratio and
multivariate logistic regression models [36][37][38][39][40] are used with the development of GIS techniques.
Geographical information system platforms help in the calculation and visualization of the cumulative effects of
conditioning factors on landslides.

However, each of the above-mentioned methods has certain limitation in terms of landslide susceptibility mapping
which may produce various conditions. Therefore, the combination of bivariate (FR and IV) statistical models is
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used in this study to �ll the limitation of every applied method. FR and IV methods are both bivariate statistical of
quanti�able methods in the study of natural hazards. Therefore, the study used FR and IV models with GIS to
generate landslide hazard areas to identify the high-risk areas and the most critical conditioning factors responsible
for landslides in the study area. The main objective of this study is to identify the landslide susceptibility areas
using GIS and the combination of bivariate (FR and IV) statistical models in Chemoga watershed, Upper Abay River
basin, Ethiopia. The results map will help the regional and local authorities and decision makers to mitigate the risk
of landslide hazard by developing different strategies.   

2. Materials And Methods
2.1 Description of the study area 

The Chemoga watershed is located in the upper Abay River basin Ethiopia with an area 1414.85km2. According
from UTM coordinate system, the location of watershed is approximately between longitudes 330000m E –
380000m E and latitude 1110000m N – 1170000m N direction as shown in �g. 1. Topographically, the altitude
ranges from 863m to 3946m and the slope angle varies from 0 to 67 degrees.  In terms of land use, most of the
watershed is covered by scrub/shrub and crop lands. The study area receives high amount of rainfall during the
summer season. The average recorded annual precipitation and temperature of the area was 1376 mm and 16.95
°C respectively.

2.2 Data source and methodology

In this study, to achieve the main objective was after using primary and secondary data. The primary data were
collected from �eld survey and observation and the secondary data for the study was acquired from governmental
and non-governmental institutions, journals, internet and other documents. The main data used for this study were
land sentinel 2 images and DEM of the area, Google earth imagery and topographical map of the area. The data
layer of land use and NDVI were derived from sentinel 2 images and DEM data used to create the slope, elevation,
aspect, curvature, and TWI data layers and their extents through spatial analysis tools. Another data was used in
this study, the average annual rainfall of metrological stations was obtained from the National Meteorological
Agency of Ethiopia. The main road and river were digitized from the topographical map of Ethiopia. The other data
sets of landslides were digitized from the study area of Google Earth imagery and �eld surveys. All the data layers
have been constructed and combined in ArcGIS 10.4 tool. ArcGIS tool was applied throughout the whole process in
this study. Accordingly, the FR and IV models were used to generate elaborative landslides susceptibility map. For
the purpose of assessment and validation of landslide  susceptibility map, the methodology shows in Fig 2. 

Table 1:  Type of conditioning factors, format and Source
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Type conditioning factors Format Source

Slope, Elevation, Aspect,
Curvature and TWI

 
 Raster

 

Derived from of DEM image (2021) 

Road and River  Vector Digitized from the study area of Topographic map, Ethiopian
Mapping Agency, Addis Ababa, Ethiopia

Land use and NDVI  Raster

 

Analyzed from Sentinel 2 images in the USGS (2021) 

Rainfall   

Vector 

Interpretation of Ethiopian National Metrological Agency, Addis
Ababa (1990 - 2021)

Landslide inventory  Digitized from Google Earth imagery and �eld survey 

2.3 Landslide inventory map

Landslide inventory mapping is the systematic mapping of existing landslides in a region using various techniques
such as �eld survey, aerial photographs or Google Earth imagery interpretation, satellite image interpretation, and
literature search for historical landslide records, technical and scienti�c reports, governmental reports, and the
interview of experts [41][42]. In this research, the landslide inventory map which has a total of 169 single
landslide locations was created based on Google Earth imagery digitized into points using GIS 10.4 and �eld
visits. Though there is no speci�c rule for de�ning how landslide occurrence will be allocated into training and
validation data sets [43], usually research work has been done by using 70% of landslides events as training data
sets for preparing landslide susceptibility model and the rest 30% have been used for validation of the output
model [44][14][11]. In this study, 118 (70%) of the landslides were used to training landslide susceptibility models
and the remaining 51 (30%) of the landslides were used to model validation, shown in �g 3.  

2.4 Landslide conditioning factors 

To identify a landslide occurrence conditioning factors is a very complex phenomenon. Because there is no any
standard rule to select which factor to be used or not, rather than deciding on the nature of area and data
availability [45]. In this study, ten conditioning factors were selected based on the literatures, effectiveness,
availability of data and the relevance with respect to land slide occurrence [23]. These conditioning factors are
slope, elevation, aspect, curvature, TWI, NDVI, road, river, land use and rainfall. All the selected conditioning factors
were used to perform the landslide susceptibility mapping. Each factor was converted to a raster format and was
classi�ed based on Jenks natural breaks method in ArcGIS application. 

In landslide susceptibility studies, slope is considered one of the major contributions of landslide conditioning
factor of slope failure [21][46]. According to the importance of slope conditioning factor in the landslide occurrence,
the study area was classi�ed into �ve classes in degree. With increase in slope angle, the possibility of
landslide occurrence increases [47][48][19]. Elevation is an important conditioning factor in landslide susceptibility
mapping and it also impacts the environmental conditions on slopes such as human activity, vegetation, soil
moisture and climate [49][50]. Curvature is a key an important role in the surface run off and ground in�ltration thus
affects the erosion of the surface and ground water condition of the region [17]. The curvature map of the study
area was classi�ed into concave (negative), convex (positive) and �at (zero) surfaces. In the case of curvature the
more negative the value, the higher the probability of landslide occurrence [29]. Aspect represents the direction that
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a slope faces [49]. Slope aspect affects erosion, surface evaporation, deserti�cation, solar heating and surface
weathering, thus affecting the occurrence of landslides [46][51]. Topographic wetness index (TWI) is among one of
the important factors responsible for the landslide, which can quantitatively display the control of terrain on the
spatial distribution of soil moisture, is a widely used terrain attribute. The TWI conditioning factor was obtained
from DEM with 30m spatial resolution by equation (1) to express as follows:

                          TWI = Ln (As/tan β)                                                                         (1)

Where, As is the speci�c catchment area (m2/m) and β is slope angle in degrees [52]. TWI is used to measure
topographic control of hydrological procedures [53]. Rainfall is considered to be one of the landslides occurrences a
conditioning factor. Rainfall map was prepared using station locations in the study area through the IDW
interpolation method of annual average precipitation (1990 - 2021). Road is one of the most effective factors on
landslide occurrence [1]. Road construction near the hillside may lead to changes in the natural conditions of areas.
River networks plays an important role in landslide occurrence factor closely to surface water. The NDVI
conditioning factor was obtained from Sentinel-2 satellite imagery with 30m spatial resolution by equation (2) to
express as follows:

Where, IR is the infrared and R is the red bands of the electromagnetic spectrum. NDVI values between −1.0 and 1.0,
where any negative values are mainly generated from clouds, water, and snow and values near zero are mainly
generated from rock and bare soil and the positive value indicates that the ground is covered by vegetation. Land
use is an important conditioning factor that affects the occurrence of landslides. The map of land use was derived
from Sentinel-2 satellite imagery, by using a supervised classi�cation technique in ArcGIS. The land use map was
classi�ed in to six classes. The study area is predominantly covered with the cropland and scrubs.

2.5. Landslide Susceptibility Modeling

2.5.1 Frequency Ratio model

Frequency ratio is one of the most widely adopted and popular methods for landslide susceptibility assessment [16]
[14]. FR is one of the most cited bivariate statistical analysis methods in natural hazard studies, like �ood, landslide
and drought hazards [56]. The frequency ratio is the ratio of the area where landslides occurred in the total study
area and also is the ratio of the probabilities of a landslide occurrence to a non-landslides occurrence for a given
attribute [57][58]. Generally, a greater ratio indicates a stronger relationship between a conditioning factor and
landslide and vice versa. A value of 1 is an average value for the area landslides occurring in the total area. If the FR
value is greater than 1 indicates a high probability of landslide occurrence, and a value less than 1 indicates a low
relationship between probabilities of landslide occurrence. The landslides susceptibility map (LSM) can be
calculated by summing the FR of all of the factors considered equation (3) as follows:
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Where LSM is landslide susceptibility map and FR represents for each factor type or class, n is the number of
factors. FR was applied the weights were assigned to each class of each conditioning factor. The FR can be
obtained by equation (4) as follows:

where the number of landslide pixels in class i of the factor X is represented by Npix (SXi); the total number of pixels
within factor Xj is represented by Npix(Xj); m is the number of classes in factor Xi; and n is the total number of
factors in the study area [58].   

 2.5.2 Information Value model

The information value (IV) model is a bivariate statistical approach that has the advantage of assessing landslide
susceptibility in an objective way from information theory and the model was originally proposed by [54] and later
slightly modi�ed by [42]. The information value model is used to evaluate the spatial re lationship between the
conditioning factor classes and the probability of landslide occurrence. Generally, the higher value of IV model
corresponds to the stronger relationship between the probability of landslide occurrence and the conditioning factor
class. A value of 0 is an average value for the area landslide occurring in the total area. If the IV value is greater than
0 indicates a high probability of landslide occurrence, and a value less than 0 indicates a low relationship between
the probabilities of landslide occurrence. Therefore, the landslide susceptibility map (LSM) for each pixel was
computed by summing the information values of each factor class as follows:

Where LSM is the landslide susceptibility map and IVi is the information value each factor class, n is the number of
factors. IV was applied, and the weights were assigned to each class of each conditioning factor. The information
value (IV) can be calculated using the following formula [54].  

Where Nslpix is a number of landslide pixels in a given class, Ncpix is the number of pixels in a given class, Ntspix is
a total number of landslide pixels in the study area, and Ntapix is a total number of pixels in the study area.               

3. Results And Discussion
3.1 Application of Frequency Ratio (FR) model

FR was measured for each class of every landslide conditioning factor by dividing the landslide occurrence ratio by
the area ratio. The results of the FR model for each of the classes of effective factors are shown in Table 2. In
general, the FR value of 1 indicates the average correlation between landslide occurrence and effective factors. If
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the FR value would be greater than 1, there is a high landslide occurrence and FR value less than 1 indicates that
low landslide occurrence [43]. The analysis of FR for the relationship between landslide occurrence and slope
degree indicate that class 330 – 670

, the highest FR value of 9.27 among the other classes of slope degree, it
indicating that a high landslide occerence. The remaining classes of slope are a low probabilities of landslide
occurrence. In the study area, was observed that when landslide occurrence probability increased as the slope
gradient increased up to a certain extent and then, it decreased with results of other literature studies [20]. Because
the Higher slope values trigger the effect of gravity and also increase shear stress [42]. According to the relationship
between landslide occurrence and elevation factor indicate that, the ranges between 1509m – 2042m with a value
of FR is 2.78, which implies a high probabilities of landslide occurrence in the study area. The elevation ranges
between 863m -1509m, 2042m – 2513m, 2513m -3059m and 3059m – 3946m, have the lowest FR values (0.28,
0.99, 0.41 and 0.53 respectively), indicating that a low probabilities of landslide occurrence. Commonly, as the
elevation increases, the probability of landslide occurrence increases up to a certain extent and then, it decreased. In
the case of aspect factor classes are the most abundance on east facing (FR=1.03), south east facing (FR=1.60),
south facing (FR=1.24), south west facing (FR=1.42),west (FR=1.24) and northwest (FR=1.04), indicating a high
probabilities of landslide occurrence. However, the remaining aspect classes have the lowest abundance of FR value
less than 1, it indicates that a low probabilities of landslide occurrence. Considering the case of land use, results
show that the water body, forest area, grass and scrub/shrub and bare land use types have values of FR (2.07, 1.50,
1.54 and 22.92 respectively), which implies that a high probabilities of landslide occurrence. The highest FR value
of bare land are due to its exposure to erosion and soil moisture [37]. In the case of curvature factor classes of
concave (-16.55 – (-0.98)) and convex (0.75 – 20.22), have the highest value of FR (1.39 and 1.38) respectively,
indicating a high probabilities of landslide occurrence. Subsequently, at curvature class of �at slope (-0.98 – 0.75),
has a low FR value (0.70), indicating that a low probabilities of landslide occurrence. Distance from the road classes
6985m - 11577m with a value of FR (2.05), has the greatest impact on landslide coherence. Commonly, the
landslide frequency increases as the distance from roads decreases. Therefore, the existing road and the on-going
constructions disturb the stability of slope there by increasing the probability of landslide occurrence with results of
other literature studies [19][20].  According to [60], the landslides probability decreases with the increasing distance
from river networks. In this study area, distance from river networks, 2560-4133m class exerts the highest in�uence
on landslide occurrence in this study. The reason is that permanent rivers are the main source of moisture for
landslide occurrence. In the NDVI, the FR value is greater than one, where the NDVI classes -0.04– 0.10 and 0.23 –
0.48, indicating a high probabilities of landslides occurrence. This class of NDVI means bare land, built up areas
and scrubs. However, the remaining NDVI classes have low FR value less than one; with relatively high vegetation
coverage can easily lead to landslide occurrence. The relationship between TWI landslide probabilities showed that
2.72 – 5.30, class has the highest value of FR (1.98), greater than one. With regard to the conditioning factor
rainfall, three classes with 1484 – 1519mm/yr, 1519 - 1539mm/yr, and 1539 - 1563mm/yr have a higher FR value
than the other classes and are the most landslide occurrence classes. 

3.2 Application of Information Value model

The information value of each conditioning factor was calculated through equation (5), and the spatial relationship
between each conditioning factors and �ood occurrence is shown in (Table 2). The relationship is re�ected by the IV
values of the factor classes. If the factor class of IV value would be negative, there is a low landslide occurrence. On
the other hand, if the factor class of IV value would be positive, there is a high probability landslide occurrence [42].
 The analysis of IV for the relationship between landslide occurrence and slope degree indicate that class 330 – 670

is highly prone to landslide having the highest IV value of 0.967 in high-lying areas,  whereas the �at slope showing
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less probability of landslide occurrence. It can be indicated that as the slope is higher, the incidence of landslide is
high and vice versa. According to the relationship between landslide occurrence and elevation factor indicate that
the lower class 1509m – 2042m (IV= 445), which implies a high probabilities of landslide occurrence and all other
classes have very less impact on landslide occurrence in the study of area. Generally, the behavior of landslide is
mostly occurred on the higher area. In the case of aspect conditioning factor classes are the lowest abundance on
�at facing (IV= -0.534), north (IV = -0.434), and northeast (IV= -0.166) indicating a low probabilities of landslide
occurrence. However, the remaining aspect classes have the most abundance of IV value is postive, it indicates that
a high probabilities of landslide occurrence. Considering the case of curvature, the class of �at has the lowest value
of (IV= -0.156), indicating a low probabilities of landslide occurrence in this area.  Subsequently, at curvature classes
of convex and concave slope have a high value of IV (0.142 and 0.139) respectively, indicating that a high
probabilities of �at occurrence. In this study, distance from the road has a highest  abundance of IV value is 0.312
 the class between 6985 to 11577m, it indicates that a high probabilities of landslide occurrence. But the rest
classes are a lower abundance of IV   values, it indicates that a low probabilities of landslide occurrence. Commonly,
the occurrence of landslide increases as the distance to road decreases. Therefore, the existing road and the on-
going constructions disturb the stability of slope there by increasing the probability of landslide occurrence. A high
IV value (0.178) for subclass 2560 – 4133m was observed for the factor distance to the river. However, the
remaining sub classes have the lowest abundance of IV value is negative, it indicates that a low probabilities of
landslide occurrence in this study. In the NDVI, the IV value is positive, where the NDVI classes -0.04 - 0.10, and 0.23-
0.48, indicating a high probabilities of landslide occurrence. This class of NDVI means water body and bare lands.
However, the remaining NDVI classes have low IV value is negative; with relatively high vegetation coverage can
easily lead to landslide occurrence. The relationship between TWI landslide occurrence probabilities showed that
2.72 – 5.30, classe has a positive value of IV is 0.297, it indicates that a higher landslide occurrence. Land use, each
class has a different in�uenced on landslide and settlements and crops land can reduce the landslide. However,
forest area, water body, grasses and bare land have a high impact on landslide occurrence in this study. Rainfall is
another important conditioning factor for the impact of landslide occurrence shown in (Table 2). The average
annual rainfall classes 1484 – 1519mm/yr, 1519 – 1539mm/yr and 1539 – 1563mm/yr have the positive value of
IV (0.122, 0.06 and 0.091), respectively, indicating that a high lansslide occurrence. However, the other classes have
a negative value of IV (-0.988 and -0.157), indicates that a lower probabilities of landslide occurrence. 

Table 2: Spatial relationship between each conditioning factors and landslide occurrence using   FR and IV models
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Conditioning Factors Classes Class
Pixels

%Class
Pixels

Landslide
Pixels

%Landslide
Pixels

FR IV

TWI 2.72 - 5.30 323931 25.08 1594 49.64 1.98 0.297

5.30 - 6.40 494455 38.28 830 25.85 0.68 -0.171

6.40 - 7.72 268130 20.76 440 13.7 0.66 -0.18

7.72 - 9.42 142058 11 260 8.1 0.74 -0.133

9.42 - 16.72 63073 4.88 87 2.71 0.55 -0.256

Land use Water body 582 0.05 3 0.09 2.07 0.317

Forest 59977 4.64 223 6.94 1.5 0.175

Crops land 639319 49.5 1217 37.9 0.77 -0.116

Grass/Scrub/Shrub 451440 34.95 1730 53.88 1.54 0.188

Settlements  139820 10.82 9 0.28 0.03 -1.587

Bare land 509 0.04 29 0.9 22.92 1.36

NDVI (ratio) (-0.04)- 0.10 231989 17.96 1007 31.36 1.75 0.242

0.10 -0.12 458792 35.52 945 29.43 0.83 -0.082

0.12 - 0.18 367141 28.42 692 21.55 0.76 -0.12

0.18 - 0.23 180380 13.97 410 12.77 0.91 -0.039

0.23- 0.48 53345 4.13 157 4.89 1.18 0.073

Road (m) 0 -3253 392519 30.39 752 23.49 0.77 -0.112

3253 - 6985 327932 25.39 641 20.02 0.79 -0.103

6985 - 11577 264136 20.45 1342 41.92 2.05 0.312

11577 - 16936 174099 13.48 380 11.87 0.88 -0.055

16936 - 24399 133032 10.3 86 2.69 0.26 -0.584

Rainfall (mm/yr) 1484 - 1519 196729 15.23 647 20.15 1.32 0.122

1519 - 1539 331512 25.67 946 29.46 1.15 0.06

1539 - 1563 438126 33.92 1343 41.82 1.23 0.091

1563 - 1593 195465 15.13 50 1.56 0.1 -0.988

1593 - 1636 129815 10.05 225 7.01 0.7 -0.157

River (m) 0 - 1243 384766 29.79 949 29.55 0.99 -0.003

1243 - 2560 363147 28.12 787 24.51 0.87 -0.06

2560 - 4133 304347 23.57 1139 35.47 1.51 0.178

4133 - 6072 160917 12.46 306 9.53 0.76 -0.116

6072 - 9327 78320 6.06 30 0.93 0.15 -0.812
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Slope (degree) 0 - 7 447188 34.62 263 8.19 0.24 -0.626

7 - 13 449831 34.83 467 14.54 0.42 -0.379

13 - 21 244633 18.94 607 18.9 1.00 -0.001

21 - 33 107403 8.32 892 27.78 3.34 0.524

33 - 67 42592 3.3 982 30.58 9.27 0.967

Curvature (ratio) Convex (-16.55 -
(-0.98)

248830 19.26 858 26.72 1.39 0.142

Flat (-0.98 - 0.75) 721286 55.84 1253 39.02 0.7 -0.156

Concave (0.75 -
20.22)

321531 24.89 1100 34.26 1.38 0.139

Elevation (m) 863 - 1509 334549 25.9 235 7.32 0.28 -0.549

1509 -2042 216355 16.75 1497 46.62 2.78 0.445

2042 - 2513 482883 37.39 1190 37.06 0.99 -0.004

2513 -3059 169167 13.1 172 5.36 0.41 -0.388

3059 - 3946 88693 6.87 117 3.64 0.53 -0.275

Aspect (direction) �at (-1) 82464 6.38 60 1.87 0.29 -0.534

North (0 - 22.5 and
337.5 - 360)

213107 16.5 195 6.07 0.37 -0.434

Northeast (22.5 -
67.5)

123845 9.59 210 6.54 0.68 -0.166

East (67.5 - 112.5) 151109 11.7 388 12.08 1.03 0.014

Southeast (112.5 -
157.5)

158025 12.23 629 19.59 1.6 0.204

South (157.5 -
202.5)

131648 10.19 407 12.68 1.24 0.095

Southwest (202.5 -
247.5)

142068 11 502 15.63 1.42 0.153

West (247.5 -
292.5)

146211 11.32 449 13.98 1.24 0.092

Northwest (292.5 -
337.5)

143170 11.08 371 11.55 1.04 0.018

3.3 Landslide susceptibility maps

Map of each conditioning factor is prepared with the help of ArcGIS 10.4 and then the frequency ratio values were
calculated. The calculated FR values for each pixel in the LSM indicate the relative susceptibility to landslide
occurrence. The higher pixel values of LSM have the higher landslide susceptibility while the lower pixel values will
have lower susceptibility. The landslide susceptibility map was calculated based on the frequency ratio values that
have been determined in the training process that can be added in a raster calculator of ArcGIS 10.4, as follows:
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FSM = (FR slope +FR elevation + FR aspect + FR land use + FR curvature + FR road + FR river + FR NDVI + FR TWI + FR rainfall)       
                                                                                  (7)

The LSM values for the frequency ratio model in the study area range from 14 to 81. These values were classi�ed
into �ve susceptibility classes of very low, low, moderate, high and very high susceptibility using the geometrical
interval method for visual interpretation (Fig.5a). From the output of analysis carried out using the ArcGIS 10.4
(table 3), the very low and low susceptibility zones cover 17.36% and 31.86% of the study area respectively, whereas
the moderate, high, and very high susceptibility zones cover 27.10%, 17.50%, and 6.18% of the total area,
respectively. 

The landslide susceptibility map was produced from information value model (Fig. 5b). The simplest landslide
susceptibility equation for this model is given as follows:    

LSM= (IV Slope + IV Elevation + IV Aspect + IV Land use + IV Curvature + IV road + IV river + IV NDVI + IV TWI + IV Rainfall)                  
                                    (8) 

The LSM value varies from -5.59 to 3.91 for information values model. These values were classi�ed into �ve
susceptibility classes of very low, low, moderate, high and very high susceptibility using the Jenks natural breaks
method. Then, the very low susceptible zone covers 9.17% of the total study area, whereas low, moderate, high, and
very high susceptible zones cover 24.15%, 34.81%, 22.35% and 9.52% of the total area, respectively (Table 3).    

Table 3:  Landslide susceptibility classes and summery of FR and IV models

Landslide susceptible
classes

FR model IV model

Range Area in
(km2)

Area in
(%)

Range Area in
(km2)

Area in
(%)

Very low 14 -
27

245.62 17.36 -5.59 –
-2.35

129.73 9.17

Low 27 -
35

450.80 31.86 -2.35 - -1.34 341.72 24.15

Moderate 35 -
43

383.44 27.10 -1.34- -0.45 492.47 34.81

High 43 -
54

247.59 17.50 -0.45 –
0.71

316.20 22.35

Very high 54 -
81

87.40 6.18 0.71 – 3.91 134.72 9.52

3.4 Validation of landslide susceptibility maps

After obtaining the landslide susceptibility maps using FR and IV models, their validation is necessary in order to
check their reliability. Without model validation, landslide susceptibility maps will not be meaningful. In the present
study, the performance of the LSM produced by FR and IV models, were evaluated using area under the curve (AUC).
The area under the curve (AUC) is the measure that indicates the accuracy of the landslide susceptibility maps by
creating success and prediction rate curves. The success rate curve represented the model �tness to existing
landslide and the comparison of the training dataset with the landslide susceptibility map provides the success rate
curve. The prediction rate curve indicates the model e�ciency to predict future landslide and the comparison of the
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validation dataset with the landslide susceptibility map provides the prediction rate curve [61][43]. For this study,
118 (70%) of the landslides were used to training landslide susceptibility models and the remaining 51 (30%) of the
landslides were used to model validation. The success and predictive rate curves can be created for both FR and IV
models by using ROC module in ArcGIS 10.4 tool. The AUC rate curves were drawn through the x-axis both the
training and validation landslides (true positive rate) and y-axis (false positive rate). The total AUC can be used to
determine prediction accuracy of the susceptibility map qualitatively in which larger area means higher accuracy
achieved. The AUC value ranges from 0.5 to 1.0 are used to evaluate the accuracy of the model [61]. The qualitative
relationship between AUC and prediction accuracy can be classi�ed as follows; excellent (0.9 – 1.0); very good (0.8 -
0.9); good (0.7 - 0.8); average (0.6 - 0.7) and fair (0.5 - 0.6), [61]. If AUC value is close to 1.0, then the model will have
ideal performance, where as a value is equal or less than 0.5, then the model will have poor performance [62]. The
result showed that, the AUC of the success rate curves were 0.870 for the FR model and 0.901 for the IV model,
which be equivalent to 87.00% and 90.10% predication accuracy respectively (Fig 6a). The AUC of the prediction
rate curves were 0.880 for the FR model and 0.923 for the IV model, which be equivalent to 88.00% and 92.30%
predication accuracy respectively (Fig 6b). The AUC of the success rate and predictive rate curves range between
0.8-0.9, indicating that a very good performance of FR model. Also, the success rate and predictive rate curves range
between 0.9-1.0, indicating that excellent performance of IV model. Therefore, based on the calculated AUC, it is
clearly that the IV model exhibited better result for landslide susceptibility mapping in this study.   

4. Conclusion
In this study, frequency ratio and information value models were used to identify the landslides susceptible areas in
Chemoga watershade, Ethiopia. Ten landslides conditioning factors were selected based on the availability and
effective data. These factors were slope, elevation, aspect, land use, curvature, road, river networks, NDVI, TWI and
rainfall to prepare landslide susceptibility maps. A landslide inventory map was prepared using Google earth
imagery and �led survey assessment. For this process, 169 landslide locations were identi�ed and mapped. Also
classi�ed into 70% (118) landslides were used to training and 30% (51) of the landslides were used to validation
purpose. The susceptibility maps produced by FR and IV models were divided into �ve susceptibility classes such
as very low, low, moderate, high, and very high susceptibility classes based on geometric interval method. The AUC
rate curve quantitatively indicates the performance of the susceptibility maps. The model of information value
results showed that the accuracies of success rate (90.10%) and predicative rate (92.30%) of the landslide
susceptibility map. Similarly, the model of frequency ratio results showed that the accuracies of success rate
(87.00%) and predicative rate (88.00%) of the landslide susceptibility map. Finally, this study con�rmed that the
models of FR and IV were found to be simple, reliable and effective models for landslide susceptibility mapping of
the study area. The �nal output of landslide susceptibility maps can help the decision makers as basic information
for the concerned authorities of government and no governmental, district and zonal level of land use planning to
perform proper actions in order to prevent and mitigate the existing and future landslides occurrence.
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Figures

Figure 1

Location map of study area
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Figure 2

Work�ow of the methodology
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Figure 3

Landslide inventory map
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Figure 4

Landslide conditioning factors; (a) Land use (b) Aspect (c) Road (d) Elevation (e) Curvature (f) Slope (g) River (h)
Rainfall (i) NDVI and (j) TWI
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Figure 5

Landslide susceptibility map using (a) Frequency Ratio (FR) and (b) Information Values (IV) models

Figure 6

The AUC of success rate curve (a) and predication rate curve (b) both FR and IV models


