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Abstract 

The study area is found in Gindeberet district of West Shewa zone in Oromia Regional State of 

Ethiopia.This area is highly susceptible to active surface processes due to the presence of rugged 

morphology with steep scarps, sharp ridges, cliffs, deep gorges and valleys. This study aimed to 

identify and evaluate the causative factors and to prepare the landslide susceptibility maps (LSMs) 

of the study area. Two bivariate statistical models i.e. Information value(IV) and the Frequency 

ratio(FR), were used. First, active, reactivated and passive landslides and scarps were identified 

using Google Earth image interpretation and extensive field survey for landslide inventory. A total 

of 580 landslide were randomly selected into two datasets in which (80%)460 landslides were used 

for modeling and (20%)116 landslidesfor validation. conditioning factors (slope, aspect, curvature, 

distance from stream, distance from lineaments, lithology, rainfall and land use) were combined 

with a training landslide dataset in a ArcGIS to generate LSMs which weredivided into verylow, 

low, moderate, high and veryhigh susceptibility zones. LSMs for IV and FR models were validated 

using the Area under(ROC) curve showing a success rate of 0.836 and 0.835 respectively and a 

predictive rate of 0.817 and 0.818 respectively wich showed a good performance of both models. 

The resulting LSMs can be used for land use planning and management. 

Keywords:GIS,Frequency Ratio,Information Value, Landslide Susceptibility,Gindeberet,Ethiopia 
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1. Introduction 

Surface of the earth is always in a dynamic change as a result of different mass wasting processes 

such as landslide and these changes are more common in mountainous terrains. Landslide is defined 

as a mass movement of rock, debris or earth down a slope resulting in a geomorphic change of the 

Earth’s surface (Glade 1997).It can be triggered by various natural external stimuli such as intense 

and/or prolonged rainfall, volcanic eruption, earthquake, snow melts and also human actions that 

affect the drainage or groundwater condition.   

Globally, every year landslide disasters cost lives of thousands and billions of USD in property 

damage. These phenomena cause lots of damage affecting people, organizations, industries and the 

environment (Glade 1997). Ethiopia is one of the mountainous countries which are characterized by 

a steep slope, deep gorge; frequent fault escarpment, highly weathered rock, and intensive and 

prolonged rainfall. All those conditions are favorable for the occurrence of slope movements after 

rainy seasons in most parts of the country (Woldearegay 2013). According to many studies 

conducted in Ethiopia (Woldearegay 2008; Ibrahim 2011 cited in Meten et al. 2015), landslides in 

Ethiopia had resulted in the loss of human and animal lives, damages in infrastructures and 

properties in the last five decades.  

The current study area is found in Gindeberet District, West Shewa Zone, Oromia Region in 

Central Ethiopia. This area is highly susceptible to landslide problems with the occurrence of many 

active landslides in the last few decades which extensively damaged gravel roads, houses and 

farmlands in which the magnitude of the problem  is alarming and the vulnerability of the people’s 

lives and property from landslides needs special attention and so far the area has not been studied 

before in a greater level of detail.  

The development of more advanced qualitative and quantitative methods and GIS data-processing 

techniques have allowed conducting numerous studies effectively and as a result, landslide 

susceptibility, hazards and risk assessment have attracted attentions of many researchers 

(VanWesten et al. 2006). According to Aleotti and Chowdhury (1999), there are two general 

approaches that can be used to study landslide susceptibility. These are the field-based qualitative- 

and data-driven quantitative approaches. Field-based, qualitative (heuristic) approach directly 

depends on the researcher’s expertise because all of the decision rules to prepare the landslide 

susceptibility maps are evaluated by the researcher. Statistical methods are used to estimate the 

relative contributions of the factors responsible for slope instability and to make some predictions 
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based on these factors (Suzen 2002). Accordingly, the data analysis in statistical approaches can be 

grouped into two i.e. bivariate and multivariate methods (Soeters and vanWesten 1996). The aim of 

this paper is to generate the landslide susceptibility maps of the study area using GIS-based 

information value and frequency ratio models. 

2. Study Area 

The study area is found in Gindeberet District which is located in West Shewa Zone of Oromia 

Region in Central Ethiopia (Figure 1). The area is located 182Km northwest of Addis Ababa and 

geographically bounded between 37° 40ʹ to 37°57ʹE longitudes and 9°30ʹ to 9°40ʹN latitudes. This 

area can be classified into two main physiographic regions of plateau area and rugged terrain with 

an elevation ranging from 1386 to 2600m a.s.l. Due to the presence of sharp ridges, cliffs, rugged 

slope faces, steep scarps, deep gorges and valleys, the area is highly susceptible to active surface 

processes. The drainage pattern of the area is dendritic type in which the river channel follows the 

slope of the terrain. As observed in physiographic map of the study area in Figure 2, the slopes of 

the study area are facing towards the north and south directions.The study area is divided into three 

agro-ecological zones of the highland, midland and lowland. The wet season starts on May and 

extends up to October and the peak wettest season occurs during July and August. This area 

receives rainfall twice in a year with a heavy precipitation from June to September and light to 

moderate precipitation from mid-March to mid-April. In July and August, the peak rainfall is in 

between 300 and 400 mm per month respectively in which more than 50% of the annual 

precipitation is accumulated during these months. The study area is moderately vegetated and most 

parts of the ridges are covered by eucalyptus trees, wild grass and scattered bushes. Most of the 

gentle slopes and flat land in the study area are intensively used for agricultural purpose and grazing 

land for livestock production. The most dominant agricultural crops are “teff”, sorghum, barley, 

wheat, maize, pulses and small scale production of vegetables. 
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Fig. 1 Location Map of the Study area 
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Fig. 2 Physiography of the study area 

3. Data used and Methodology 

In order to achieve the objective of this research work four main stages were followed including 

data acquisition and organization, database construction and analysis, preparing the landslide 

susceptibility maps and finally verification and comparison of the landslide susceptibility maps.  

3.1. Data Acquisitionand Organization 

The data acquisition part of this research work was based on primary and the available secondary 

data. Secondary data includes both published and unpublished papers. Topographic map, regional 

geological map and meteorological data were collected from the Ethiopian Geospatial Information 

Agency, Geological Survey of Ethiopia and National Metrology Agency of Ethiopia respectively. 

DEM of the study area was used to generate topographic parameters such as slope, aspect and 

curvature. Google Earth images were used to identify the land cover and geomorphologic features 

of the study area. After a comprehensive and thorough literature review and preliminary site 
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investigation, a detailed field work was carried out to collect the primary data such as description of 

different types of lithological units and identifying their relative degree of weathering, visually 

inspection of slope steepness, collection of available spring location, mapping both active and 

landslide scar locations and identification of materials involved, failure mechanisms, state of 

activity (active, dormant etc.) and measuring of their size and shape and identifying land use and 

human activities and their role for  landslide occurrence in the study area. 

 

Fig. 3 Flowchart of the research work 
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3.2. Landslide inventory map 

The landslide inventory map (Figure 4) was produced through intensive field survey and Google 

Earth image interpretation with time series data. Extensive field studies conducted in mid-

November to mid-December 2019 was used to map known landslides using GPS locations and 

check the size and shape of the landslides to identify the type of movements and the materials 

involved and to determine the landslides state of activity (active, reactivated, dormant etc.). In this 

study, a landslide inventory with a total of 580 (24356 pixels) landslides were identified and 

mapped as vector-based polygons then converted to the raster format with a pixel size of 30m by 

30m in ArcGIS software and they were randomly subdivided into two data sets i.e. 80%(20336 

pixels) or (464 landslides) used for the susceptibility model building and 20%(4020 pixels) or (116 

landslides) used for model validation (Figure 4). From a total 580 landslides, 98 landslides were 

identified during the field work and the remaining landslide polygons were identified and collected 

from Google Earth image. Landslide distributions in the study area are dominantly found in 

northern and southern parts of the study area which are characterized by rugged and steep slopes, 

deep gorges, highly fractured and weathered rocks.  The inventory is composed of debris slide, 

rotational and translational slide, progressive creep movement, rock slides and rock fall and 

complex types of landslide. All landslide events are represented by polygon features and these 

landslides affect a total area of 21.88Km2 and the maximum area of the landslide polygon was 

0.7576Km2 and the minimum area was 0.000389Km2. In this study, the landslide classification 

system developed by Varnes (1978) was used.  

 



8 

 

 

Fig. 4 Landslide inventory map 

3.3. Landslide Causative Factors 

The selected factors for landslide susceptibility assessment in a GIS-based study must be 

operational, represented over the entire area, variable, fundamental and measurable (Ayalew and 

Yamagishi 2005). Based on the above criteria eight predisposing factors were selected including 

slope, aspect, curvature, lithology, landuse/landcover, rainfall, distance from rivers and distance 

from lineaments. These eight landslide causative factors were prepared in a raster format using the 

same spatial projection (WGS 1984 UTM zone 37N) and cell size of  30 × 30 m using ArcGIS 10.4 

which is used to evaluate the spatial relationship between them and the landslides in the study area. 

Topographic parameters such as slope, aspect and curvature maps were extracted from digital 

elevation model(DEM). The lithological map was prepared from data collected in the field and from 
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existing geological map while the landuse/landcove map was generated from Google Earth image 

interpretation with field survey and verification.  The lineament map was prepared from 3D Google 

Earth image interpretation with field survey and the distance from lineament was prepared through 

GIS based buffering analysis. Distance from stream map was extracted from drainage map of the 

study area and constructed through Euclidean distance buffering. The rainfall map was prepared by 

interpolating the 30-year average rainfall data of the five nearest rain gage stations of the study area 

using IDW interpolation in the spatial analyst tool in order to get spatially distributed rainfall raster 

map.  

3.3.1. Aspect 

Aspect is defined as the slope direction, it have an essential influence on landslide occurrence as it 

controls the exposure of slope to sunlight, cold and hot winds and rainfall(Huang et al 2015). The 

aspect map of the study area is derived from DEM using ArcGIS software and classified into nine 

classesi.e. Flat, North,Northeast,East, Southeast, South, Southwest, West and Northwest (Figure 

5a). 

3.3.2. Slope  

As slope angle increases gravity's parallel component increases and the perpendicular component 

decreases, so slope failure occurs more frequently on the steeper slope (Huang et al 2015). The 

slope of the study area was derived from DEM using GIS software. Slope of the study area range 

between 0° - 69.97° and it was classified into 8 classes of 0° – 5°, 5° – 10°, 10° – 15°, 15° – 20°, 

20° – 25°, 25° – 35°, 35° – 45°, 45° – 69.97° (Figure 5b). 

3.3.3. Curvature 

Curvature is defined as the rate of change of slope gradient in a particular direction and controls the 

hydraulic condition and gravity. Curvature may refer to the convex, concave and flatness of a slope. 

According to Pradhan (2010), Alkhasawneh et al. (2013) as cited in Meten et al. (2015) the negative 

value refers valley, positive value refers hill slope and zero/ near zero values refer to flat land area. 

Curvature of the study area was derived from DEM by ArcGIS software and classified in to three 

classes of convex, concave and flat (Figure 5c). 
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3.3.4. Distance from Stream 

The probability of landslide occurrence increases as distance to the stream decreases (Cellek 2019). 

In this study, a drainage network was extracted from stream network shape file and then the 

distance to drainage was generated by Euclidean distance in ARCGIS 10.4. Finally, the distance to 

drainage was reclassified into fourteen classes: 0 – 50, 50 – 100, 100 – 150, 150 – 200, 200 – 300, 

300 – 400, 400 – 500, 500 – 900, 900 -1400, 1400 – 1800, 1800 – 2000, and > 2000 meter (Figure 

5d). 

3.3.5. Distance from Lineament 

The potential of landslide increases as the distance from lineaments decreases, (Pradhan and Lee 

2007). Lineaments of the study area were prepared from Google Earth image interpretations and 

field survey. Then the distance to lineament was generated by Euclidean distance in ARCGIS 10.4 

software which was reclassified into ten classes of 0 – 100, 100 – 200, 200 – 300, 300 – 400, 400 – 

500, 500 – 800, 600 – 1200, 1200 – 1700, 1700 – 2200 and >2200meter (Figure 5e). 

3.3.6. Lithology 

Lithological variations often lead to a difference in strength and permeability of rocks and have a 

significant role in landslides occurrence (Sarkar et al. 2013). In the current study, lithological map 

of the study area (Figure 5f) was prepared from existing regional geological map and detail field 

survey. The study area contains six lithological units namely Quaternary Superficial sediment, 

alluvial deposits, Residual soil, Basalt, Limestone and Sandstone. 

3.3.7. Land use  

Land cover is also one of the key factors responsible for the occurrence of landslides, since, barren 

slopes are more prone to landslides (Gomes et al 2005). The land use map of the study area (Figure 

5g) was prepared from Google Earth image interpretations and the analysis of this factor with 

landslide was done using ArcGIS tools. Seven land-use types were identified including dense 

forest, moderate forest, sparse forest, shrubs, bare land, agricultural land and settlement. 
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3.3.8. Rainfall 

Rainfall plays an important role in reducing the shear strength and increasing pore pressure (Yalcin, 

2007). The available data from five rain gage stations surrounding the study area was obtained from  

Ethiopian National Meteorological Agency(Kachisi, Yejube, Alge, Hareto and Fincha). These rain 

gage stations were interpolated using IDW interpolation technique that can be used to compute the 

unknown spatial rainfall data from the known data of sites that are adjacent to the unknown site 

(Chen and Liu, 2012) in ArcGIS and were classified in to five classes i.e.,  1621 – 1645, 1645 – 

1670, 1670 – 1695, 1695 – 1719 and 1719 – 1744mm/year (Figure 5h). 

 



12 

 

 

 

Fig. 5 Landslide causative factors used in this study a) Aspect, b) Slope, c) Curvature, d) Distanc    

from Stream, e) Distance from Lineament, f) Lithology, g) Land Use, h) Rainfall 

3.4. Information Value Method  

The information value(IV) model is a bivariate statistical analysis method that was developed from 

information theory and developed by Yin and Yan (1988) and a little bit modified by (VanWesten 

1993). The objective of the information value model was to find the combination of significant 

factors by determining the probability of a landslide event based on the comprehensive information 

available. This method is important to determine the degree of influence of individual causative 

factors responsible for landslide occurrence (Kanungo et al. 2009). Information value for each 

factor class can be calculated using:       𝐼𝑉 = log(𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦/𝑝𝑟𝑖𝑜𝑟 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦)                                                                (1)     



13 

 

Where a conditional probability is the ratio of landslide pixels in a class to the class pixels and prior 

probability is the ratio of the total number of landslide pixels to the total number of study area 

pixels. In a practical sense, the information value of each factor class is calculated as: 

I(H, Xi) = log
𝑁𝑝𝑖𝑥(𝑆𝑖) 𝑁𝑝𝑖𝑥(𝑁𝑖)⁄∑ 𝑁𝑝𝑖𝑥 (𝑆𝑖) ∑ 𝑁𝑝𝑖𝑥 (𝑁𝑖)⁄                                                                                                                   (2) 

whereas I(H, Xi) is the information value of a factor class; Npix(Si) is the number of pixels of a 

landslide within class i; Npix(Ni) is the number of pixels within class i; Σ Npix(Si) is the number of 

pixels of a landslide within the entire study area; Σ Npix(Ni) is the number of pixels within the 

entire study area. Therefore, the landslide susceptibility index (LSI) for each pixel was computed by 

summing the information values of each factor class as follows: 

LSI = ∑ I(H, Xi)𝑛𝑖=0  = ∑ (ln) Npix(Si) Npix(Ni)⁄∑ Npix(Si) ∑ Npix(Ni)⁄                                                                                          (3)𝑛𝑖=0  

When LSI < 0, the likelihood of a landslide is less than average; when LSI = 0, the likelihood of a 

landslide is average; when LSI > 0, the likelihood of landslide is greater than average. This means 

that the greater the information value, the greater the possibility of a landslide. 

3.5. Frequency Ratio Method 

The frequency ratio approach is based on the observed relationships between the distribution of 

landslides and each landslide related factor to correlate between the landslide locations and the 

landslide factors in the study area (Lee and Pradhan 2007). To calculate the frequency ratio, the 

area ratio of landslide occurrence and non-occurrence was calculated for different classes or types 

of each factor after which an area ratio for the class or type of each factor of the total area was 

calculated. 

Frequency ratio (FR) =
 Slide ratio Class ratio                                                                                                  (4) 

 

Slide ration = Number of Landslide pixel in classTotal number of Landslide pixels                                                                                            (5) 

Class ratio = 
Number of pixels in individual classTotal number of pixels in whole class                                                                                    (6)       
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Frequency Ratio =   

Landslide pixels in each classLandslide pixel in the whole areaArea pixels in each class Area pixels in the whole area                                                   (7) 

The FR value represents the degree of the correlation between landslide and the concerned class of 

the conditioning factors. So a value of 1 means an average value. If the value is > 1, there is a high 

correlation and FR < 1 means a lower correlation.Then, the landslide susceptibility index was 

calculated using LSI = ∑ 𝐹𝑅 =  FR1 + FR2 + FR3+. . +FR8 . The higher the LSI value, the greater 

will be the risk (Huang et al. 2015). 

4. Result and Discussion 

4.1. Relationship between Landslide Occurrence and Causative Factors 

To evaluate the contribution of each factor towards landslide susceptibility in this study, the 

landslide distribution data layer has been compared to various thematic data layers separately. The 

number of landslide pixels falling on each class of the thematic data layers has been recorded and 

weights have been calculated on the basis of both Information value and Frequency ratio methods 

(Table 1 & 2).  

For both models, (slope class > 45º), (aspect classes of northwest, west, southwest, south and 

southeast facing slopes), (curvature classes of concave and convex), (distance from stream classes 

of < 300 m), (distance from lineament classes of < 800m), (lithology classes of alluvial soil, basalt, 

limestone and sandstone), (rainfall classes of 1621 – 1645, and 1645 – 1670 mm/year) and  (land 

use/land cover classes of sparse forest, moderate forest and bare land) showed a higher probability 

of landslide occurrence.    
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Table 1 Rating of each factor class from a spatial relationship between each factor class and landslide using information value model 

Data Layers Class Npix(Ni) % Npix(Ni) Npix(Si) %Npix(Si) Con Prob(X) Prior Prob(Y) (X/Y) IV 

Slope(degree) 

0 - 5 216161 35.42 3680 18.10 0.017 0.033 0.51 -0.29 

5 - 10 138995 22.78 1257 6.18 0.009 0.033 0.27 -0.57 

10 - 15 96285 15.78 1767 8.69 0.018 0.033 0.55 -0.26 

15 - 20 57043 9.35 2108 10.37 0.037 0.033 1.11 0.04 

20 - 25 33386 5.47 2170 10.67 0.065 0.033 1.95 0.29 

25 - 35 37079 6.08 3953 19.44 0.107 0.033 3.20 0.51 

35 - 45 19043 3.12 2697 13.26 0.142 0.033 4.25 0.63 

> 45 12267 2.01 2704 13.30 0.220 0.033 6.61 0.82 

Aspect 

Flat 149049 24.42 4860 23.90 0.033 0.033 0.98 -0.01 

N 24130 3.95 389 1.91 0.016 0.033 0.48 -0.32 

NE 86591 14.19 2117 10.41 0.024 0.033 0.73 -0.13 

E 30771 5.04 947 4.66 0.031 0.033 0.92 -0.03 

SE 113819 18.65 3956 19.45 0.035 0.033 1.04 0.02 

S 44034 7.22 1560 7.67 0.035 0.033 1.06 0.03 

SW 113661 18.63 4539 22.32 0.040 0.033 1.20 0.08 

W 24932 4.09 1108 5.45 0.044 0.033 1.33 0.13 

NW 23272 3.81 860 4.23 0.037 0.033 1.11 0.04 

Curvature 

Concave 55844 9.15 5444 26.77 0.097 0.033 2.93 0.47 

Flat 463404 75.94 8243 40.53 0.018 0.033 0.53 -0.27 

Convex 91011 14.91 6649 32.70 0.073 0.033 2.19 0.34 

Distance 

from 

Stream(m) 

0 - 50 41163 6.75 2628 12.92 0.064 0.033 1.92 0.28 

50 - 100 38932 6.38 2512 12.35 0.065 0.033 1.94 0.29 

100 - 150 39192 6.42 2377 11.69 0.061 0.033 1.82 0.26 

150 - 200 28757 4.71 1548 7.61 0.054 0.033 1.62 0.21 

200 - 300 72724 11.92 3222 15.84 0.044 0.033 1.33 0.12 

300 - 400 60345 9.89 1973 9.70 0.033 0.033 0.98 -0.01 

400 - 500 61492 10.08 1548 7.61 0.025 0.033 0.76 -0.12 

500 - 900 170262 27.90 2828 13.91 0.017 0.033 0.50 -0.30 

900 - 1400 79100 12.96 1256 6.18 0.016 0.033 0.48 -0.32 

1400 - 1800 13956 2.29 268 1.32 0.019 0.033 0.58 -0.24 

1800 - 2000 2063 0.34 66 0.32 0.032 0.033 0.96 -0.02 

> 2000 2273 0.37 110 0.54 0.048 0.033 1.45 0.16 
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Distance 

from 

Lineament(m) 

0 - 100 68305 11.19 2361 11.61 0.035 0.033 1.04 0.02 

100 - 200 58332 9.56 2618 12.87 0.045 0.033 1.35 0.13 

200 - 300 61697 10.11 3237 15.92 0.052 0.033 1.57 0.20 

300 - 400 47562 7.79 2955 14.53 0.062 0.033 1.86 0.27 

400 - 500 44865 7.35 2422 11.91 0.054 0.033 1.62 0.21 

500 - 800 88972 14.58 3550 17.46 0.040 0.033 1.20 0.08 

800 - 1200 67273 11.02 1664 8.18 0.025 0.033 0.74 -0.13 

1200 - 1700 53148 8.71 1094 5.38 0.021 0.033 0.62 -0.21 

1700 - 2200 40920 6.71 435 2.14 0.011 0.033 0.32 -0.50 

> 2200 79185 12.98 0 0.00 0.000 0.033 0.00 0.00 

Lithology 

 

QSD 45960 7.53 306 1.50 0.007 0.033 0.20 -0.70 

Basalt 152777 25.03 5860 28.82 0.038 0.033 1.15 0.06 

Residual Soil 152864 25.05 372 1.83 0.002 0.033 0.07 -1.14 

Alluvial Soil 4088 0.67 218 1.07 0.053 0.033 1.60 0.20 

Limestone 106874 17.51 6497 31.95 0.061 0.033 1.82 0.26 

Sandstone 147695 24.20 7083 34.83 0.048 0.033 1.44 0.16 

Rainfall(mm) 

1621 - 1645 55457 9.09 4315 21.22 0.078 0.033 2.33 0.37 

1645 - 1670 70735 11.59 4513 22.19 0.064 0.033 1.91 0.28 

1670 - 1695 75689 12.40 2179 10.71 0.029 0.033 0.86 -0.06 

1695 - 1719 143296 23.48 1453 7.14 0.010 0.033 0.30 -0.52 

1719 - 1744 265082 43.44 7876 38.73 0.030 0.033 0.89 -0.05 

 

Land use 

Bare land 129304 21.19 6257.00 30.77 0.048 0.033 1.45 0.16 

Shrubs 2146 0.35 32.00 0.16 0.015 0.033 0.45 -0.35 

Dense Forest 6839 1.12 0.00 0.00 0.000 0.033 0.00 0.00 

Settlement 54390 8.91 39.00 0.19 0.001 0.033 0.02 -1.67 

Moderate Forest 35616 5.84 2385.00 11.73 0.067 0.033 2.01 0.30 

Sparse Forest 44078 7.22 3104.00 15.26 0.070 0.033 2.11 0.32 

Agricultural Land 337887 55.37 8519.00 41.89 0.025 0.033 0.76 -0.12 

Where; Npix(Si) is the number of pixels of a landslide within classes i; Npix(Ni) is the number of pixels within classes, QSD is 

quaternary superficial sediments. 
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Table 2 Rating of each factor class from a spatial relationship between each factor class and landslide using frequency ratio model 

Data Layers Class 

Class   

Pixels 

% class   

   pixels 

Landslide  

   Pixels 

% Landslide  

 pixels Slide Ratio(a) Class Ratio(b) FR =a/b 

Slope(degree) 

0 to 5 216161 35.42 3680 18.10 0.181 0.354 0.511 

5 to 10 138995 22.78 1257 6.18 0.062 0.228 0.271 

10 to 15 96285 15.78 1767 8.69 0.087 0.158 0.551 

15 to 20 57043 9.35 2108 10.37 0.104 0.093 1.109 

20 to 25 33386 5.47 2170 10.67 0.107 0.055 1.950 

25 to 35 37079 6.08 3953 19.44 0.194 0.061 3.199 

35 to 45 19043 3.12 2697 13.26 0.133 0.031 4.250 

> 45 12267 2.01 2704 13.30 0.133 0.020 6.615 

Aspect 

Flat 149049 24.42 4860 23.90 0.239 0.244 0.978 

N 24130 3.95 389 1.91 0.019 0.040 0.484 

NE 86591 14.19 2117 10.41 0.104 0.142 0.734 

E 30771 5.04 947 4.66 0.047 0.050 0.924 

SE 113819 18.65 3956 19.45 0.195 0.187 1.043 

S 44034 7.22 1560 7.67 0.077 0.072 1.063 

SW 113661 18.63 4539 22.32 0.223 0.186 1.198 

W 24932 4.09 1108 5.45 0.054 0.041 1.334 

NW 23272 3.81 860 4.23 0.042 0.038 1.109 

 

Curvature 

Concave 55844 9.15 5444 26.77 0.268 0.092 2.925 

Flat 463404 75.94 8243 40.53 0.405 0.759 0.534 

Convex 91011 14.91 6649 32.70 0.327 0.149 2.192 

Distance 

from 

Stream(m) 

0 - 50 41163 6.75 2628 12.92 0.129 0.067 1.916 

50 - 100 38932 6.38 2512 12.35 0.124 0.064 1.936 

100 - 150 39192 6.42 2377 11.69 0.117 0.064 1.820 

150 - 200 28757 4.71 1548 7.61 0.076 0.047 1.615 

200 - 250 72724 11.92 3222 15.84 0.158 0.119 1.330 

250 - 300 60345 9.89 1973 9.70 0.097 0.099 0.981 

300 - 500 61492 10.08 1548 7.61 0.076 0.101 0.755 

500 - 900 170262 27.90 2828 13.91 0.139 0.279 0.498 

900 - 1400 79100 12.96 1256 6.18 0.062 0.130 0.476 

1400 - 1800 13956 2.29 268 1.32 0.013 0.023 0.576 
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1800 - 2000 2063 0.34 66 0.32 0.003 0.003 0.960 

>2000 2273 0.37 110 0.54 0.005 0.004 1.452 

Distance 

from 

Lineament(m) 

1 - 100 68305 11.19 2361 11.61 0.116 0.112 1.037 

100 - 200 58332 9.56 2618 12.87 0.129 0.096 1.347 

200 - 300 61697 10.11 3237 15.92 0.159 0.101 1.574 

300 - 400 47562 7.79 2955 14.53 0.145 0.078 1.864 

400 - 500 44865 7.35 2422 11.91 0.119 0.074 1.620 

500 - 800 88972 14.58 3550 17.46 0.175 0.146 1.197 

800 - 1200 67273 11.02 1664 8.18 0.082 0.110 0.742 

1200 - 1700 53148 8.71 1094 5.38 0.054 0.087 0.618 

1700 - 2200 40920 6.71 435 2.14 0.021 0.067 0.319 

> 2200 79185 12.98 0 0.00 0.000 0.130 0.000 

Lithology 

QSD 45960 7.53 306 1.50 0.015 0.075 0.200 

Basalt 152777 25.03 5860 28.82 0.288 0.250 1.151 

Residual Soil 152864 25.05 372 1.83 0.018 0.250 0.073 

Alluvial Soil 4088 0.67 218 1.07 0.011 0.007 1.600 

Limestone 106874 17.51 6497 31.95 0.319 0.175 1.824 

Sandstone 147695 24.20 7083 34.83 0.348 0.242 1.439 

Rainfall(mm) 

1621 - 1645 55457 9.09 4315 21.22 0.212 0.091 2.335 

1645 - 1670 70735 11.59 4513 22.19 0.222 0.116 1.915 

1670 - 1695 75689 12.40 2179 10.71 0.107 0.124 0.864 

1695 - 1719 143296 23.48 1453 7.14 0.071 0.235 0.304 

1719 - 1744 265082 43.44 7876 38.73 0.387 0.434 0.892 

 

Land use 

 

Bare land 129304 21.19 6257.00 30.77 0.308 0.212 1.452 

Shrubs 2146 0.35 32.00 0.16 0.002 0.004 0.447 

Dense Forest 6839 1.12 0.00 0.00 0.000 0.011 0.000 

Settlement 54390 8.91 39.00 0.19 0.002 0.089 0.022 

Moderate Forest 35616 5.84 2385.00 11.73 0.117 0.058 2.010 

Sparse Forest 44078 7.22 3104.00 15.26 0.153 0.072 2.113 

Agricultural Land 337887 55.37 8519.00 41.89 0.419 0.554 0.757 

 



19 

 

4.2. Landslide susceptibility mapping 

4.2.1. Information Value Method  

The calculated information value for each parameter classes is converted into raster map in 

ArcGIS, then the landslide susceptibility index was prepared by summing the information values 

of all parameters corresponding to each pixel in the map using raster calculator.  

LSI = IVSlo + IVAsp + IVCurv + IVDis-Str + IVDis-Lin +IVLitho + IVRain + IVLU                                  (8) 

Where IVSlo, IVAsp, IVCurv, IVDis-Str, IV Dis – Lin, IVLitho, IVRain and IVLU are the information values 

for slope, aspect, curvature, distance from stream, distance from lineament, lithology, rainfall 

and landuse respectively. 

when LSI < 0, the likelihood of a landslide is less than average; when LSI = 0, the likelihood of a 

landslide is equal to average; when LSI > 0 is greater than average with a greater information 

value which means a higher probability of landslide occurrence.  

For IV model, the final LSI values of the study area range from -5.29 to 2.67 which was 

classified into five classes of verylow (-5.29 to -3.02), low (-3.02 to -1.62), moderate (-1.62 to -

0.5), high (-0.5 to 0.53) and very high (0.53 to 2.67) using the natural breaks method. LSI, 

landslide percentage, landslide density and area coverage of landslide susceptibility class were 

shown in Table 3. 

4.2.2. Frequency Ratio Method 

The fundamental concept of this method is to calculate the ratio between the density of the 

phenomena in a given class and the density of the same class (Lee and Talib 2005). In the 

present study with the help of ArcGIS 10.4, the landslide factors were converted into raster maps 

with a pixel size of 30*30m. The spatial relationship between landslide locations and each 

landslide factor was analyzed and the number of landslide pixels in each class has been evaluated 

and the frequency ratio for each factor class is calculated. Then the Frequency Ratio ratings of 

factors in the form of raster maps were summed in ArcGIS using raster calculator to prepare the 

landslide susceptibility index (LSI) as follows.  

LSI = ∑ 𝐹𝑅 =  FR1 + FR2 + FR3 + ⋯ + FR8                                                                                                                                  (9) 
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A higher LSI means a higher susceptibility to landslide while a lower one indicates a lower 

susceptibility (Bui et al. 2012). LSI values range from 2.19 to 20.01 in the FR model. Using the 

reclassify function, the LSI map was reclassified into five classes of very low (2.19 – 5.74), low 

(5.74 – 7.97), moderate (7.97 – 10.33), high (10.33 – 13.26) and very high (13.26 – 20.01) by 

using the natural breaks method. LSI, landslide percentage, landslide density and area coverage 

of landslide susceptibility class were shown in Table 4. 

Table 3 LSI, landslide percent, and landslide density of IV 

 

Table 4 Landslide susceptibility classes index and landslide percent, of FR 

LSP = Landslide susceptibility pixels and TPLSP = Training landslide pixels 

 

 

 

Landslide 

Susceptibility Class 

 

LSI 

 

LSP 

 

LSP(%) 

 

TLSP 

TLSP a 

 (%) 

LSM 

Area(Km2) 

LSM 

Area b  

(%) 

VeryLow 

-5.29 - - 3.02 43734 

 

7.17 

 

23 

 

0.11 

 

39 7.1 

Low 
-3.02 - -1.62 

136995 

 

22.45 

 

81 

 

0.4 

 

123 22.4 

Moderate -1.62 - -0.5 145615 23.86 1339 6.58 131 23.9 

High -0.5 - 0.53 179599 29.43 6499 31.96 162 29.5 

VeryHigh 0.53 - 2.67 104315 17.09 12394 60.95 94 17.1 

Total 610258  20336  549  

Landslide 

Susceptibility Class 

 

LSI 

 

LSP 

 

LSP(%) 

 

TLSP 

TLSPa    

(%) 

LSM 

Area 

(Km2) 

LSM 

Area b 

(%) 

VeryLow 2.19 – 5.74 159321 26.11 55 0.27 143 26.1 

Low 5.74 – 7.97 169780 27.11 1496 7.36 153 27.8 
Moderate 7.97 – 10.33 162592 26.64 5606 27.57 146 26.7 
High 10.33 –13.26 77772 12.74 5418 26.95 70 12.7 

Very High 13.26 –20.01 40793 6.68 7698 37.85 37 6.7 

Total 610258  20336  549  
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   Fig. 6 Landslide Susceptibility Map of the study area using  
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4.3. Verification of the susceptibility maps 

4.3.1. 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 resulting area under the 

curve indicates the probability that more pixels were correctly labeled than incorrectly labeled 

(Ghorbanzadehet al. 2018). Therefore, the greater AUC values indicate a higher accuracy of the 

resulting susceptibility map. The success rate assesses how many landslides sites, which are used 

in the model, are successfully captured by the susceptibility map and consequently represents a 

measure of model efficiency (Neuhäuser 2012).The predictive rate calculates the percentage of 

the independent landslides captured with the susceptibility map. Therefore, it can be assessed 

how many “unknown” landslides could be “predicted” (Neuhäuser 2012). In the ROC method, 

the area under the curve(AUC) values, ranging from 0.5 to 1.0, are used to evaluate the accuracy 

of the model. AUC close to 1 suggest a higher model reliability while near or less than 0.5 

suggest that the model is invalid (Chung and Fabbri 2003).  

In this study, to obtain the success and predictive rate, the calculated susceptibility index values 

were sorted in descending order and classified into 100 classes and combined with training and 

validating landslide raster. Success rate was obtained by comparing the 80% (training landslide 

pixels) with the landslide susceptibility maps of both models and the predictive rate was obtained 

by comparing the 20% (validation landslide pixels) which were not included in the models 

producing the landslide susceptibility maps of both models.  The results showed that the AUC of 

the success and predictive rate curves for the IV model are 0.836 and 0.817while for FR model, 

it was 0.835and 0.818 respectively (Figure 6). The AUC of the success and predictive rate curves 

range between 0.8 and 0.9 indicating a good performance of both models. 

4.3.2. Landslide Density Index (LDI) 

In this study, the LDI value was obtained by combining the training landslides and validation 

landslide with landslide susceptibility and calculated using equation 10.  The higher LDI on the 

high and very high landslide susceptibility regions further confirmed that the model is reliable 

and accurate (Fazye et al. 2018). As a result the LDI value for both models increased from very 

low to very high susceptibility classes as presented in Table 5. 

LDI= 
𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝐿𝑎𝑛𝑑𝑠𝑙𝑖𝑑𝑒 𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐿𝑎𝑛𝑑𝑠𝑙𝑖𝑑𝑒                                                                                                                             10 
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Fig. 6 Success and Predictive rate Curves for a) IV and b) FR models 

Table 5 LDI value for IV and FR 

In
fo

rm
a
ti

o
n

 v
a
lu

e 

LS Class LSI LSP 
%of  

LSP(a) 
TLP 

% of  

TLSP(b) 

LDI  

(b/a) 
VLP 

%of  

VLP(c) 

LDI 

(c/a) 

Verylow -5.29  to  -3.02 43734 7.17 23 0.11 0.016 0 0.00 0.00 
Low -3.02  to  -1.62 136995 22.45 81 0.40 0.018 31 0.77 0.03 

Moderate -1.62  to  -0.50 145615 23.86 1339 6.58 0.276 383 9.53 0.40 
High -0.50  to 0.53 179599 29.43 6499 31.96 1.086 1231 30.62 1.04 

Veryhigh 0.53 to 2.67 104315 17.09 12394 60.95 3.565 2375 59.08 3.46 
Total 610258 100 20336 100 

 
4020 100 

 
 

F
re

q
u

en
cy

 R
a
ti

o
 

LS Class LSI LSP 
% of 

 LSP(a) 
TLP 

% of 

TLSP(b) 

LDI 

(b/a) 
VLP 

% of  

VLP(c) 

LDI 

 (c/a) 

Verylow 2.19 – 5.74 159321 26.11 55 0.27 0.01 7 0.17 0.01 

Low 5.74 – 7.97 169780 27.82 1496 7.36 0.26 450 11.19 0.4 

Moderate 7.97 – 10.33 162592 26.64 5606 27.57 1.03 1010 25.12 0.94 

High 10.33 – 13.26 77772 12.74 5481 26.95 2.11 1159 28.83 2.26 

Veryhigh 13.26 –20.01 40793 6.68 7698 37.85 5.66 1394 34.68 5.19 

Total 610258 100 20336 100 
 

4020 100 
 

5. Conclusion 

The main aim of this research work was the application, testing and comparison of a bivariate 

statistical models which are capable of describing the relationship between landslides and a 

number of causative factors to create reliable susceptibility maps for land use planning and 

management. To achieve this objective, two bivariate statistical methods i.e. information value 

and frequency ratio models have been used. A total of 580 landslides have been identified from 

Google Earth image interpretations and field survey. Then, 80%(464 landslides) were used as 
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training landslides to build the models while the remaining 20%(116 landslides) were used as 

testing landslides to evaluate the performance of the models eight predisposing factors (slope, 

aspect, curvature, distance from stream, distance from lineament, lithology, annual rainfall and 

land use) were used for the analysis and evaluation of the spatial relationship between these 

factors and landslides. The resulting LSMs from both models were subdivided into five 

susceptibility classes. The information value that have positive value and frequency ratio greater 

than 1 were found in the factor classes of a slope greater than 15°, curvatures of concave and 

convex and aspect of southeast, south, southwest, west and northwest facing slopes. In case of 

distance from stream, the five factor classes in between 0 and 300m and in case of distance from 

lineaments, the six factor classes in between 0 and 800m showed the highest probability of 

landslide occurrence. Lithological units (basalt, alluvial soil, limestone and sandstone), two 

rainfall classes in between 1621 and 1670mm/year and land use(bare land, sparse and moderate 

forest) had a high probability for landslide occurrence. LSI map of the study area was prepared 

based on IV and FR methods in ArcGIS10.4 using the spatial analyst tools of raster calculator 

and reclassified into five susceptibility classes of very low, low, moderate, high and very high 

using the natural breaks method of classification to produce the final landslide susceptibility 

maps. Finally, the models was validated using area under ROC curve and Landslide Density 

Index (LDI). In particular, the fitting performance and the prediction capability of the resulting 

landslide susceptibility models have been ascertained using the same landslide data which is 

used to obtain the model itself (training 80%) and independent landslide information which was 

not used to construct the model (validation 20%) respectively. In this study, AUC of the success 

rate and predictive rate curves range between 0.8-0.9 indicating a good performance of both 

models. The information value and frequency ratio models were validated using the Area under 

the curve(AUC) of the receiver operating curve(ROC) curve with a success rate of 0.836 and 

0.835 respectively and a predictive rate of 0.817 and 0.81 respectively. 

Generally, for a regional-scale map(1:50,000) of the study area, the bivariate statistical models 

(Information value and frequency ratio models) were found to be reliable. Besides this, the 

procedures of producing LSMs were relatively simple and cost-effective. The findings of this 

study can help land use planners, geologists and civil engineers to identify areas that are 

susceptible to landslides. Since the results are of regional-scale, the LSMs may be less useful for 

a site-specific development that requires large-scale maps. 
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Recommendation 

Increasing the vegetation cover of the area by planting the trees, controlling the drainage system 

found in the study area, applying preventive measures such as retaining and gabion walls and 

achieving widespread public awareness about landslide hazards can reduce the risk.  
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Figures

Figure 1

Location Map of the Study area Note: The designations employed and the presentation of the material on
this map do not imply the expression of any opinion whatsoever on the part of Research Square
concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.



Figure 2

Physiography of the study area Note: The designations employed and the presentation of the material on
this map do not imply the expression of any opinion whatsoever on the part of Research Square
concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.



Figure 3

Flowchart of the research work



Figure 4

Landslide inventory map Note: The designations employed and the presentation of the material on this
map do not imply the expression of any opinion whatsoever on the part of Research Square concerning
the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of
its frontiers or boundaries. This map has been provided by the authors.



Figure 5

Landslide causative factors used in this study a) Aspect, b) Slope, c) Curvature, d) Distanc from Stream,
e) Distance from Lineament, f) Lithology, g) Land Use, h) Rainfall Note: The designations employed and
the presentation of the material on this map do not imply the expression of any opinion whatsoever on
the part of Research Square concerning the legal status of any country, territory, city or area or of its



authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.

Figure 6

Landslide Susceptibility Map of the study area using Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its



authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.

Figure 7

Success and Predictive rate Curves for a) IV and b) FR models


