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DEM Resolutions for Landslide Susceptibility Modeling  

Abstract: In landslide susceptibility mapping, the digital elevation model (DEM) is one of the most essential data 

sets, which is frequently used. Therefore, evaluate the effects of the spatial resolution of DEM on the landslide 

susceptibility model is very important. Hence, this paper is analyzed only the effects of the spatial resolution of DEM, 

Advanced Spaceborne Thermal Emission, and Reflection (ASTER) was used for DEM data source. The ASTER DEM 

was resampled to 45, 60, 75, and 90 m spatial resolutions. A set of geodatabases were built using Geographic 

Information System (GIS), which contains landslide governing factors and landslide inventory. Frequency ratio (FR) 

and certainty factor (CF) statistical methods were employed to generate a landslide susceptibility map. Landslide 

density and area under the curve (AUC) were applied to evaluate the model's performance for each DEM resolution. 

The results of the predictive rate curve value of AUC showed a coarser DEM resolution (90 m) produced the best 

performance and prediction accuracy. This indicated that a coarser DEM resolution produced higher predictive 

accuracy than fine resolution. Concerning the statistical models, the frequency ratio model produced very good 

accuracy at the coarser DEM resolutions (75 and 90 m). The predictive rate curve value of AUC ranges from 86-92% 

for the FR model and 81-89% for the CF model which indicating very good accuracy of the models to predict future 

landslide incidence in the study area. Therefore, it is possible to endorse statistical methods (frequency ratio, and 

certainty factor) respect with to DEM resolution, is satisfactory to landslide susceptibility mapping.  
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Introduction  
Landslides can be defined as the mass moments of soil, rock, debris, or earth down a slope under the influence of the 

force of gravity (Brunsden 1979; Cruden 1991).  Although rainfall, anthropogenic activity, and earthquake are the 

main triggering factors for landslide occurrence, complex geological conditions, geomorphological conditions, surface 

process, and hydrological conditions are factors that strongly influenced landslide occurrence in Ethiopia (Kifle 2013; 

Wubalem and Meten 2020). Landslide is becoming the most destructive geo-hazards in the hilly and mountainous 

parts of north, south, northwestern and central Ethiopia that resulted in the loss of life, economic loss, destruction of 

cultivated and non-cultivated land, destruction of engineering structures, and environmental disruption. In the last two 

years, from 2018 - 2020, rainfall triggered landslides also caused 120 people to die, 60 people to injure, 8,091 

households to displace, houses to damage, and to destruct widely cultivated and non-cultivated lands in different parts 

of the country. The study area is one of the areas that frequently affected by rainfall-triggered landslide incidences. 

Landslide in this area resulted in the damage of houses, farmlands, and the loss of animal and human lives. Preparing 

of landslide susceptibility map in this region is very essential to reduce the damages by landslide incidence. However, 

prediction modeling of landslide susceptibility depends on a multifaceted environment of many scales dependent on 

landslide-governing factors including geomorphologic features, geological features, hydrological/climatic features, 

geodynamic and anthropogenic conditions in a given terrain. For example, geomorphological features slope, aspect, 

curvature, and hydrologic feature distance to drainage and drainage density can drive from Digital Elevation Model 

(DEM). The prediction accuracy of the landslide susceptibility model highly depends on the resolution of DEM.  

Therefore, proper DEM resolution selection is one of the most important elements in landslide susceptibility modeling 

followed by landslide inventory mapping. However, it depends on the average size of a landslide in a given Terrain.  

In literature, landslide susceptibility mapping conducted considering fine and coarse DEM resolution (Dietrich and 

Montgomery 1998; Li and Zhou 2003; Lee et al. 2004). Hence landslides occur as large to very large sizes,  fine DEM 

resolution could not necessarily result in high prediction accuracy in landslide susceptibility mapping (Mahalingan 

and Olsen 2016; Mahalingan et al. 2016; Pradhan and Sammen 2017). Because the fine DEM resolution enhanced 

detailed morphometric features than a large landslide, morphometric features. Li and Zhou (2003) were conducted a 

landslide susceptibility modeling considering fine and coarse DEM resolution (5, 10, 20, 40, and 80 m) and conclude 

fine DEM resolution (20m) received the highest accuracy. Similarly, landslide susceptibility modeling conducted 
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considering 2 to 40m and 5 to 25 m DEM resolution by Palamakumbure et al. (2015) and Schogel et al (2018), 

respectively. They concluded that the highest predictive accuracy was received at 10m DEM resolution. Nevertheless, 

Tarolli and Tarboton (2006) conducted landslide susceptibility modeling considering 2 to 50m DEM resolution and 

found the fine resolution of DEM less than 10m does not represent the physical process responsible for landslide 

occurrence due to extreme detail in terrain features.  In the same way, Catani et al (2013) did landslide susceptibility 

modeling using fine and coarse DEM resolution and found fine DEM resolution received lower prediction accuracy 

than coarse DEM resolution. Tian et al (2008) conducted a landslide study considering 5 to 90m DEM resolution and 

found coarse DEM resolution (90m) received the highest prediction accuracy. Similarly, Zhou et al. (2020) conducted 

landslide susceptibility mapping considering fine and coarse DEM resolution (30, 40, 50, 60, 70, 80, and 90) and 

found coarse DEM resolution (70m) received the highest prediction accuracy. Whatever the results of the prediction 

accuracy of the landslide susceptibility model considering fine and coarse DEM resolution, the effects of DEM 

resolution depend on the average sizes of a landslide in a region (Lee et al 2010). The fine DEM resolution is more 

appropriate for small average landslide size whereas coarse DEM resolution is appropriate for relatively large average 

landslide size.  

There are several approaches established for landslide susceptibility mapping and they are broadly classified as 

quantitative and qualitative models. The use of mapping techniques for landslide susceptibility mapping highly 

depends on the local environmental condition, triggering factors, types of the landslide, and availability of data 

(Yilmaz 2009). Qualitative methods required well-experienced experts and the analysis was performed based on the 

expert opinions and the intrinsic properties of landslides (Ayalew and Yamagishi 2005). The analytical hierarchy 

process (AHP) and weight linear combination are examples of qualitative methods. Quantitative methods are classified 

into deterministic, data mining, and statistical methods. The deterministic methods are numerical modeling which can 

apply when the intrinsic properties of the ground condition are homogeneous and the study area is relatively small. 

The statistical methods widely used throughout the world and provide reliable results (Varnes 1984; Dai and Lee 

2002; Donati and Turrini 2002; Ayalew and Yamagishi 2005; Duman et al. 2006; Regime et al. 2014;  Meten et al. 

2015; Chandak et al. 2016;  Zhang et al. 2017; Kouhpeima et al. 2017; Wubalem and Meten 2020). The statistical 

methods such as bivariate and multivariate methods are very important to develop a statistical relationship between 

landslide events and landslide governing factors as well as to predict future landslide occurrence (Guzzetti et al. 1999; 
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Yilmaz 2009; Sakar et al. 2013; Chandak et al. 2016; Zhang et al. 2017; Kouhpeima et al. 2017; Wubalem and Meten 

2020). Bivariate statistical methods are applicable based on the statistical relationship between landslide governing 

factors and density of landslide in a region (Chen and Wang 2007; Jia et al. 2010; Karimi et al. 2010; Pradhan et al. 

2011; Ciampaline et al. 2016). Frequency ratio, information value, certainty factor, the weight of evidence are 

examples of bivariate statistical methods. They can help to evaluate the statistical contribution of each factor classes 

using the GIS tool (Chung and Fabbri 2003, 2005; Saha et al. 2005; Sarkar et al. 2006; Lee and Pradhan 2006, 2007; 

Akgun et al. 2008; Kanungo et al. 2009; Pradhan et al. 2010c, 2011, 2012; Kanungo et al. 2011; Pourghasemi et al. 

2012a; Sujatha et al. 2012; Pourghasemi et al. 2013c; Liu et al. 2014; Qiqin et al. et al. 2019; Zine et al. 2019). A 

multivariate statistical method helps to determine the statistically significant landslide factors which include logistic 

regression and discrete analysis (Ayalew and Yamagishi 2005; Yalcin et al. 2011; Meten et al. 2015; Wubalem and 

Meten 2020; Zhou et al. 2020). In recent times, advanced data mining methods have been widely used in landslide 

susceptibility modeling, including random forest, boosted regression tree, classification and regression tree, Naïve 

Bayes, support vector machines, kernel LR, logistic model tree, index of entropy, and artificial neural networks. 

However, data mining methods are time-consuming, are incapable to determine the effects of each landslide factor 

class, and require high computing capacity, and the internal calculation process of these methods is intensive and 

cannot easily be understood (Wubalem 2020). Although there is a bit little difference in the degree of predictive 

accuracy, both statistical and data mining methods provide reliable predictive accuracy 

 The main objective of this research is to evaluate the effects of DEM resolution on landslide susceptibility modeling. 

For this purpose, statistical methods, including frequency ratio and certainty factor methods applied considering 30, 

45, 60, 75, and 90m DEM resolutions. The accuracy of results of landslide susceptibility maps at different DEM 

resolutions was evaluated using the receiver operating characteristic curve (ROC), landslide density, and area under 

the curve (AUC) analysis. The resulted maps will use for landslide mitigation purposes and regional land use planning 

and will provide important information for researchers to choose the appropriate DEM resolution for landslide 

susceptibility mapping. 
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Study Area and Geological Setting 

The study area (Gundwin)  covers approximately 323 km2 in the northwestern highlands of Ethiopia, and lies between 

37.9° E, 38.39° E longitude, 10.8° N, and 11.06° N latitude, which characterized by mountain peaks, deep gorge 

(valley), plateau and undulating topography with minimum and maximum altitudes of 1,198m and 3,199m, 

respectively (Fig. 1). Many tributaries are available in the entire study area and joined the Gonji and Tigidar River, 

which drains into the Abay River. The various streams in the study area caused the removal of soil through stream 

bank erosion. From field observation evidence, the study area is highly affected by gulley erosion, which also resulted 

in landslide incidences. The study area also characterized by tropical (1,830m), subtropical (1,830 – 2,440m) and cool 

(> 2,440m) climate zones. Annual rainfall of the study area varies from 762 mm – 1,824 mm, which showed a 

pronounced seasonality with the heaviest rainfall being in July and August.  

Fig. 1 Location Map of the Study Area 
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Material and Methods 

Materials  

Data used 

Relevant data including Advanced Spaceborn Thermal Emission and Reflection (ASTER) Digital Elevation Model 

(DEM) with 30 m resolution, historical landslide events, geological map, and meteorological data were collect (Table 

1). These data were collected from Field Survey, Google Earth Imagery from the USGS website, Geological Survey 

of Ethiopia (GSE), United States Geological Survey (USGS), and Ethiopian National Meteorological Agency (Table 

1).  The landslides location of the study area was identified using detailed field surveys, historical records, and Google 

Earth imagery analysis. These are classified into training and testing landslide data sets. The training landslide data 

sets used for model preparation, whereas the testing landslide data sets are used for model prediction accuracy 

evaluation. Based on the data availability, the local environment condition, literature, field evaluation, and local people 

interview, eight landslides-driving factors were determined. Using ArcGIS 10.1, the landslide driving factor maps and 

landslide inventory maps were prepared. Drainage density, Distance to drainage, slope angle, slope aspect, and 

curvature were derived from 30 m and resampled 45, 60, 75, and 90m resolution of Digital Elevation Model (DEM). 

The lithological layer digitized from the existing geological map of the Debre Markos sheet at a scale of 1:250,000. 

The land use map of the study area was prepared using ERDAS, ArcGIS, Sentinel 2 image, and Google Earth Imagery 

analysis.  

Table 1 Table Information source for the various landslides factors used in the landslides susceptibility mapping 

Data Map Format Source 
Landslide 

Inventory 

Landslide 

Inventory Map 

Vector 

(shapefile) 
Google Earth Imagery, Field Survey and Historical record 

Geology Lithology Map 
Vector 

(shapefile) 

Digitized from Geological map of Debre Markos Sheet  provided by 

the Geological Survey of Ethiopia at 1:50, 000 

Digital Elevation 

Model (DEM) 

Slope Angle 

Map 
Raster 

(grid) 

 

Derived from 30 m DEM, using ArcGIS 10.1, Downloaded from 

USGS Aspect Map 

Curvature Map 

Hydrology 

Distance to 

Stream 

Stream Density 

Raster 

(grid) 

Developed from DEM and buffering using distance to Euclidian and 

line density 

Meteorological 

data 
------- 

Vector 

(shapefile) 
Ethiopian National Meteorological Agency 

Land use Land use Map 
Vector 

(shapefile) 

Sentinel 2 image in the USGS, Field Survey and Google Earth 

Imagery 
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Landslide Inventory 

In landslide susceptibility mapping, landslide inventory mapping is one of the key elements to study the spatial 

relationship between landslide and landslide governing factors. The accuracy of landslide inventory data can influence 

the results of landslide susceptibility mapping. Landslide inventory data can be prepared using various techniques like 

the aerial photograph or Google Earth Imagery interpretation, field investigation, and evaluation of archived data 

coupled with GIS tools (Van Westen et al.  2008). Landslide inventory map used as the base for future landslide 

prediction by evaluating the relationship between the existing landslide event and landslide driving factors 

(Mohammad et al. 2011; Yalcin et al. 2011; Corominas et al. 2014). Van Westen et al (2000) prepared a landslide 

inventory map using GIS from field investigation, historical landslide events, and satellite image analysis. Landslide 

inventory maps can be also prepared using field surveys and Google Earth Imagery (Meten et al. 2015; Roy and Saha 

2019; Zine et al. 2019; Wubalem and Meten 2020). In this study, from active and old landslide scarps, 894 landslides 

were identified using detailed fieldwork, historical landslide record, and time series Google Earth Imagery analysis. 

It digitized into polygons using a GIS tool with the help of Google Earth Imagery; finally, a landslide inventory map 

produced and stored in a geodatabase. From local people's witness and time series Google Earth Imagery analysis, the 

study area was frequently affected by landslide incidence due to heavy and prolonged rainfall and the presence of 

unconsolidated soil deposits as well as highly weathered basalt rock unit. Debris flow, earth flow, earthfall, weathered 

rockslide, and Soil slide types of landslides are dominant in the study area. In literature, most of the researchers' 

classified landslides into 70% for training data sets and 30% for testing landslide data sets (Meten et al. 2015; Haoyuan 

et al. 2016; Anis et al. 2019; Qiqing et al. 2019; Roy and Saha 2019; Zine et al. 2019). Using ArcGIS 10.1, these 

landslides classified randomly into 70% (626) for training landslide data sets and 30% (268) for validation data sets 

keeping their spatial distribution. In landslide susceptibility mapping, evaluating the size and distribution of landslides 

is very important to use an appropriate DEM resolution. As a result, statistical analysis was performed to determine 

the distribution and the size of the landslide (Fig. 2). The analysis of observed landslides in the study area showed that 

the area of the largest landslide is 161,502.2 m2, the smallest is 130.2 m2, the average is 5,731.9 m2, and the standard 

deviation is12, 133.5 m2. As the result showed, 75% of landslide areas are covered by large landslides.  
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Fig. 2 landslide size and distribution 

  



9 

 

Landslide Factors 

The select of landslide governing factors to use as input parameters in the landslide susceptibility model is one of the 

most important steps, besides, DEM resolution selection and landslide inventory mapping. In this research, the eight 

most significant landslide factors that can initiate the landslide incidence in the study area have been selected based 

on the data availability, statistical analysis, local environmental conditions, literature review, local person interview, 

and field evaluation. These are distance to drainage, drainage density, rainfall, land use, slope angle, aspect, curvature, 

and lithology. They are taken into account to examine the spatial relationship between them and landslide occurrence 

in the study area. Distance to drainage (five classes), drainage density (seven classes), slope angle (five classes), aspect 

(ten classes), and curvature (three classes) maps were constructed (Fig. 3) for each of 30, 45, 60, 75, and 90 m 

resolution Digital Elevation Model (DEM). After downloading the 30 m resolution and the remaining DEM 

resolutions (45, 60, 75, and 90 m) derived by resampled 30 m resolution. The lithological map of the study area was 

prepared through digitization from 1:250,000 existing geological maps of Debre Markos sheet from the Geological 

Survey of Ethiopia, which has five classes (highly weathered basalt, slightly weathered basalt, alluvial soil, residual 

soil, and colluvial sediments). The land use map of the study area was prepared by digitized from Google Earth 

Imagery, and the supervised classification of Sentinel 2 images. The earthquake is not considered in the present work 

because the study area is so far from the active Earthquake sites. Table 1 shows, the source of various landslide factors 

used in landslide susceptibility mapping.  

Slope angle is one of the most important factors in slope stability analysis which is directly related to the effects of 

gravity i.e. the shear stresses acting on the displacement of hill slopes (Bui et al. 2017). In this research, the slope map 

reclassified into five classes (<7°, 7°-15°, 15°-25°, 25°-36°, 36°-74°). The direction of the slope and controls the 

variation of slope morphology and hydrology which in turn indirectly affects the slope stability condition is the 

characteristics of slope aspect (Meten et al. 2015; Ilia and Tsangaratons 2016; Nicu and Asandulesei 2018; Zhou et 

al. 2020). As indicated in Fig. 3, the slope aspect reclassified into 10 classes (flat (-1), north (0-22.5), northeast (22.5-

67.5), east (67.5-112.5), southeast (112.5-157.5), south (157.5-202.5), southwest (202.5-247.5), west (247.5-292.5), 

northwest (292.5-337.5) and north (337.5-3600)) slope facing. Curvature is one of the landslides governing factors 

that measure the roughness of a given terrain.  The curvature may refer to the convexness, concaveness, and flatness 

of a slope, which controls the hydraulic condition, and the effects of gravity for slope stability. In this research, the 
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curvature map is reclassified into three classes (convex, concave, and relatively flat area). In the study area, landslides 

are common in concave and convex shaped slope. This is because of the hydraulic and gravity effect of concave and 

convex slopes. The concave upward slope enhanced rainwater impounding and infiltration into the soil mass. This 

further enhances the reduction of shear strength of soil mass in the slope. Land use and land cover is another key factor 

for landslide occurrence. The land use map of the study area encompasses seven classes including forest, woodland, 

cropland, bare land, grassland, waterbody, and scatters bush (Fig. 3). In the study area, landslides occurred in scattered 

woodland, bare land to scattered vegetation covers, and along stream/river banks. This confirms that land use/cover 

has a great role in slope instability. Distance to drainage and drainage density reflects the degree of river and surface 

incision of the given watershed. In the study area, landslide occurrence has a strong relation with distance to drainage 

(<200 m, 200-300 m, 300-400m, 400-500 m, 500-600 m and >600 m) and stream density (0-2.9, 2.9-5.8, 5.8-8.7, 8.7-

11.5, 11.5-14.5, 14.5-18.2, and 18.2-27.3 Km/Km2). Therefore, in this research, distance to drainage and drainage 

density is very important landslide factors to use as input parameters in landslide susceptibility modeling. Lithology 

is one of the most commonly used input parameters for landslide susceptibility modeling because it can control the 

surficial process, hydrological and mechanical properties of the slope material. The lithology of the study area has 

five classes including colluvial deposit, highly weathered basalt, slightly weathered basalt, residual soil, and alluvial 

soil deposit (Fig. 3). Rainfall is one of the most important landslides triggering factors. As usual, slope failure will 

occur when shear stress in the slope exceeds the shear strength of slope material due to a change in rainfall pattern in 

a specified region. As rainwater infiltrates into the slope through soil or rock pores, the degree of saturation of soils 

or rocks will increase and the groundwater level will raise. This will also lead not only to an increase in pore water 

pressure and moisture content of the soil but also a decrease in effective stress in soil grains and reduce the shear 

strength of the slope material. As the moisture content increase in soil mass, the surface tension between particles and 

the intermolecular attractive force between soil particles will decrease. This causes the soil to behave as a fluid. This 

is again causing slope failure.  Mostly, slope failure has occurred in the middle, end of July, August, and September 

with intense and prolonged rainfall in the study area. This shows that rainfall is one of the most important triggering 

factors for slope failure in the study area. However, rainfall effects depend on intensity, duration, soil depth, slope 

gradient, the rate of soil erosion, and anthropogenic activity. Although there is no adequate rain gage station in the 

study area, the rainfall data collected in various representative rain gage station and interpolated into 10 classes (610.5-
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729.9, 729.9-826.1, 826.1-899.1, 899.1-958.7, 958.7-1,031.7, 1,031.7-1,117.9, 1,117.9-1,200.8. 1,200.8-1,283.7, 

1,283.7-1,363.3, 1,363.3-1,456.2 mm) using IDW in the GIS spatial analysis tool.  

Fig. 3 landslide governing factor maps of the study area 

Methods  

For this research, data collection, Field investigation, landslide inventory mapping, Google Earth Imagery analysis, 

landslide factor evaluation, and mapping, GIS-based frequency ratio, and certainty factor LSM and validation were 

applied. Geodatabase building is one of the most fundamental elements in landslide susceptibility mapping. Thus, A 

set of ten geodatabases were built using Geographic Information System (GIS) for each DEM, eight landslide 

governing factors, and landslide inventory. These databases contained landslide inventory and landslide factors with 

the same projection (UTM) and pixel size. After the databases were built, an evaluation of the relationship between 

landslide and landslide factors as well as the determination of the statistical significance of each landslide factor is the 

next step in landslide susceptibility mapping. Then, eight landslide factor maps were reclassified into subclass and 
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overlaid with reclassified training landslide data sets. Weight ratings for all landslide factor classes apportioned 

statistically using Excel as showed in Eq. (1, 3 & 4). These weighted maps rasterized-using lookup in spatial analyst. 

After rasterized the factor maps, the landslide susceptibility index maps generated by sum-up all raster maps using a 

raster calculator in Map Algebra. These maps (LSI) are classified into a fivefold classification scheme: very low, low, 

moderate, high, and very high susceptibility classes using natural breaks (Fig. 5 and 6). Finally, the accuracy of the 

models was evaluated using the prediction rate curve and landslide density based on observed testing landslide data 

sets.  

Frequency Ratio Model 

It is one of the bivariate probability methods, which is pertinent to determine the association between landslide 

occurrence and landslide causative factor classes. The frequency ratio (FR) is the ratio of areas where the landslide 

occurred in the areas of the landslide factor class to the areas where landslides not occurred. When the FR value is 

greater than one, it indicates the strong rapport between factor class and landslide occurrence in a given terrain, 

however, the ratio value less than one is indicated a weak relationship between landslide occurrence and landslide 

factors, which means a low probability of landslide occurrence (Bonham-Carter 1994; Lee and Talib 2005). It can be 

calculated using Eq. 1. 

F𝑅 =
𝑎

𝑏
=

Nslpix
Ntslpix
Ncpix
Ntcpix

                                                                                                                                       (1) 

Where FR is frequency ratio, Nslpix is a landslide pixel/area in a landslide factor class, Ntslpix is the total area of a 

landslide in the entire study area (a), Ncpix is an area of the class in the study area and Ntcpix is the total pixel area 

in the entire study area (b). In the present research work, the frequency ratio for each causative factor class was 

calculated using Eq.1, and the results are summarized in Table 2. 

After calculation of the frequency ratio for each landslide factor class using Microsoft Excel and GIS, the frequency 

ratio value for each factor class is assigned through the join in the ArcGIS tool. Then the weighted landslide factors 

were rasterized using the lookup tool in spatial analysis. The landslide susceptibility index indicated the degree of 

susceptibility of the area for landslide occurrence. The landslide susceptibility index (LSI) of the study area was 

calculated by carefully summing up the weighted rasterized factor raster maps using Eq. 2, by raster calculator in Map 
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Algebra of the spatial analysis tool. To get the landslide susceptibility index, the frequency ratio of each factor type 

or class is summed as in Eq. 2. 

LSI =∑FRiXi

n

i=1

                                                                                                                                     (2) 

𝐿𝑆𝐼 =  𝐹𝑅 ∗ 𝑆𝑙𝑜𝑝𝑒 𝑟𝑎𝑠𝑡𝑒𝑟 +  𝐹𝑅 ∗ 𝐴𝑠𝑝𝑒𝑐𝑡 𝑟𝑎𝑠𝑡𝑒𝑟 +  𝐹𝑅 ∗ 𝐶𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒 𝑟𝑎𝑠𝑡𝑒𝑟 +  𝐹𝑅 ∗ 𝐿𝑖𝑡ℎ𝑜𝑙𝑜𝑔𝑦 𝑟𝑎𝑠𝑡𝑒𝑟 

+  𝐹𝑅 ∗ 𝐿𝑎𝑛𝑑 𝑢𝑠𝑒 𝑟𝑎𝑠𝑡𝑒𝑟 +  𝐹𝑅 ∗ 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑡𝑜 𝑑𝑟𝑎𝑖𝑛𝑎𝑔𝑒 𝑟𝑎𝑠𝑡𝑒𝑟 + 𝐹𝑅

∗ 𝐷𝑟𝑎𝑖𝑛𝑎𝑔𝑒 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑟𝑎𝑠𝑡𝑒𝑟 + 𝐹𝑅 ∗ 𝑅𝑎𝑖𝑛𝑓𝑎𝑙𝑙 𝑟𝑎𝑠𝑡𝑒𝑟                           

Where LSI is the landslide susceptibility index, n is the number of landslide factors, Xi is the landslide factor and FRi 

is the frequency ratio of each landslide factor type or class. After the landslide susceptibility index was calculated, the 

index values were classified into a different level of landslide susceptibility zones using natural breaks in the ArcGIS 

tool.  The higher the value of the landslide susceptibility index (LSI), the higher the probability of landslide occurrence, 

but the lower the LSI indicating, the lower the probability of landslide occurrence. 

Based on the natural break classification, the landslide susceptibility map of the study area has five classes such as 

very low, low, moderate, high, and very high landslide susceptibility class (Fig. 5). 

 Certainty Factor Model 

The certainty factor is one of the probabilistic methods that widely used for landslide susceptibility mapping for 

different data (Kanungo et al. 2011; Sujatha et al. 2012; Pourghasemi et al. 2013c; Liu et al. 2014).  Shortliffe and 

Buchanan (1975) proposed the certainty factor (the probability function) for landslide susceptibility mapping later 

Heckeman (1986) improved it and it expresses mathematically as: 

𝐶𝐹 =

{
 

 
𝑃𝑃𝑎 − 𝑃𝑃𝑏

𝑃𝑃𝑎(1 − 𝑃𝑃𝑏)
  𝑖𝑓 𝑃𝑃𝑎   ≥ 𝑃𝑃𝑏  

𝑃𝑃𝑏 − 𝑃𝑃𝑏
𝑃𝑃𝑏(1 − 𝑃𝑃𝑎)

  𝑖𝑓 𝑃𝑃𝑎 ≤ 𝑃𝑃𝑏

                                                                                               (3) 

         

Where PPa is the conditional probability of landslide in the defined area a and PPb is the prior probability of landslide 

in the defined entire study area b. The CF value ranges from -1 to 1, a positive value indicates increasing certainty of 

landslide occurrence, and a negative value indicates decreasing of certainty of landslide occurrence. If the certainty 

value is close to zero, it means there is no adequate information about the relation between landslide factor classes 
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and landslide occurrence; therefore, it is difficult to give any certainty of landslide occurrence (Sujantha et al. 2012; 

Dou et al. 2014).  

The CF values were calculated for all landslide factor classes through overlaying landslide factors with landslides 

using Eq. 3 and Eq. 4.  After the calculation of CF for each landslide factor class, the landslide susceptibility index 

(LSI) is determined as in Eq. 5. 

𝑍 = {

𝑋 + 𝑌 − 𝑋𝑌𝑋, 𝑌  ≥ 0 
𝑋 + 𝑦

1 − min(|𝑋|, |𝑌|)
        𝑋 ∗ 𝑌 < 0

𝑋 + 𝑌 + 𝑋𝑌𝑋,           𝑌 < 0                 

                                                                                        (4) 

Where Z is the calculated CF value, X and Y are two different layers of information. 

LSI = ∑CFiXi

n

i=1

                                                                                                                                         (5) 

 

𝐿𝑆𝐼 =  𝐶𝐹 ∗ 𝑆𝑙𝑜𝑝𝑒 𝑟𝑎𝑠𝑡𝑒𝑟 +  𝐶𝐹 ∗ 𝐴𝑠𝑝𝑒𝑐𝑡 𝑟𝑎𝑠𝑡𝑒𝑟 +  𝐶𝐹 ∗ 𝐶𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒 𝑟𝑎𝑠𝑡𝑒𝑟 +  𝐶𝐹 ∗ 𝐿𝑖𝑡ℎ𝑜𝑙𝑜𝑔𝑦 𝑟𝑎𝑠𝑡𝑒𝑟 +

 𝐶𝐹 ∗ 𝐿𝑎𝑛𝑑 𝑢𝑠𝑒 𝑟𝑎𝑠𝑡𝑒𝑟 +  𝐶𝐹 ∗ 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑡𝑜 𝑑𝑟𝑎𝑖𝑛𝑎𝑔𝑒 𝑟𝑎𝑠𝑡𝑒𝑟 + 𝐶𝐹 ∗ 𝐷𝑟𝑎𝑖𝑛𝑎𝑔𝑒 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑟𝑎𝑠𝑡𝑒𝑟 +

𝐶𝐹 ∗ 𝑅𝑎𝑖𝑛𝑓𝑎𝑙𝑙 𝑟𝑎𝑠𝑡𝑒𝑟         

Where LSI is the landslide susceptibility index and CFi is the certainty factor. 

Landslide Susceptibility Map Validation 

Evaluation of Landslide susceptibility map is a vital element in landslide prediction modeling, without validation, the 

landslide susceptibility maps will not have a grantee in the scientific world, and it is unusable (Wubalem and Meten 

2020). Validation of the landslide susceptibility model is very essential to appraise the degree of precision of modeling 

using different validation techniques (Gorsevski et al 200; Chung and Fabbri 2003). For this purpose, the landslide 

area was classify based on time, space, and random partition (Chung and Fabri 2003, Lee and Pradhan 2007, and 

Meten et al. 2015). The landslides in the study area were classified into 70% (626) training landslide data sets and 

30% (268) validation landslide data sets randomly keeping their spatial distribution. The value of the area under the 

curve (AUC) is used to appraise the performance of the model, and its value range from 0.5 – 1 (Yesilnacar and Topal 

2005). When the AUC value in between the range of 0.9 – 1, the model has excellent performance; if an AUC value 

in between the range of 0.8 – 0.9, the model has very good performance. If the AUC value between the range of 0.7 – 

0.8, the model has good performance. If the AUC value between the range of 0.6 – 0.7, the model has an average 
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performance. However, if AUC values between the range of 0.5 – 0.6 and equal to 0.5 or less than o.5, the model has 

poor performance (Yesilnacar and Topal 2005). The AUC contains a success rate curve and the prediction rate curve, 

which was calculate by overlaid landslide susceptibility map with training and validation landslide data sets. The 

success rate curve and prediction rate curve helps to evaluate the efficiency of the model and how well the model and 

landslide governing factors can predict landslide incidence, respectively. The accuracy of the models was also 

validated using the landslide densities in each of the landslide susceptibility classes. Landslide density is the ratio of 

percent of a landslide in a susceptibility class to the percent of susceptibility class which is calculated by overlaid 

validation landslide with landslide susceptibility map. As an increase in the value of landslide density with increase 

landslide susceptibility classes, the accuracy of the model becomes higher. 

Results and Discussions  

Results 

In this section, the results of ten landslide susceptibility models which were generated at different DEM resolutions 

(30, 45, 60, 75 &90 m) using FR and CF statistical methods presented and compared. 

Statistical Relationship of Landslide Factors and Past landslides  

Using the frequency ratio (FR) and certainty factor (CF) methods, the statistical relationship between the landslide 

governing factors and the existing landslides was calculated through overlaid of landslides with landslide governing 

factors by ArcGIS tool. After calculated the FR and CF values of factor classes for each of five DEM resolutions (30, 

45, 60, 75, and 90 m), the statistical significance of each factor class for landslide probability was analyzed (Fig. 4). 

When the FR value > 1, positive for CF, the factor class has a strong statistical correlation for landslide probability 

but if it is less than one, and negative for CF, the factor class shows a weak statistical correlation for landslide 

probability. In the case of slope angle and drainage density, the FR and CF values increased as the slope angle and 

drainage density increased, then the landslide occurrence probability increased (Fig. 4).  The colluvial deposit and 

slightly weathered basalt are indicating a strong statistical correlation to landslide occurrence probability (Fig. 4). As 

indicated in Fig. 4, the aspect class of flat, N, SW, and W facing of the slope have higher statistical significance for 

landslide occurrence probability as the gully erosion, drainage density, and springs concentrated in these aspect 

classes. In the case of slope curvature, the concave and convex shaped slope class showed a strong statistical 

correlation for landslide occurrence probability (Fig. 4) due to the rainwater impounding effect and the effects of 
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gravity, respectively. As indicated in Fig. 4, the land use/cover (bare land, scatter bush, woodland, and moderate 

forestland) has shown a strong statistical association for landslide occurrence probability. The first class of distance 

to drainage indicated a strong statistical association for landslide occurrence probability (Fig.4,), but as the distance 

increased the effects of the river for landslide incidence decreased. The effects of rainfall depending on the intensity, 

duration of rainfall, the hydraulic behavior and depth of soil, slope gradient, the rate of soil erosion, and anthropogenic 

activity. As showed in Fig. 4, the rainfall class of 826.1-899.1 mm, 899.1-958.7 mm, and 958.7-1,031.7 mm) indicated 

a strong statistical association for landslide occurrence probability. 
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Fig. 4 the statistical relationship between landslide governing factor classes and past landslides 
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Landslide Susceptibility Models 

To evaluate the effects of DEM resolution, each of the ten landslide susceptibility maps classified into five schemes 

of classification: Very low, low, moderate, high, and very high susceptibility classes (Fig. 5) using the natural break 

classification method. Fig. 5 &.6., indicated landslide susceptibility maps that produced using FR and CF considering 

five DEM resolutions, respectively. Regardless of the DEM resolution, the success rate curve and prediction rate curve 

values of AUC for the FR method is higher and showed very good performance to classify the region based on the 

degree of susceptibility of the area. As the results of susceptibility maps of each DEM resolution indicated in Fig. 7, 

the high and very high susceptibility area distribution and extent are more or less similar except the 45 and 90 m 

resolutions, which showed few differences. The high and very high susceptibility classes are mainly distributed in the 

fragile topography, middle and lower parts of the watershed area on non-vegetated area, dense stream network where 

many historical landslides were observed. Nevertheless, the low and very low susceptibility classes are mainly found 

in the flat and dense vegetation areas of upstream and water divider zones of the regions. From the factor class analysis 

of FR and CF models, the slope angle, distance to drainage, drainage density, land use, and lithology indicting higher 

landslide probability.  
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Fig. 5 landslide susceptibility maps of five DEM resolution using the frequency ratio method 
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Fig. 6 Landslide susceptibility maps of five DEM resolution using the certainty factor method 



21 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7 Landslide susceptibility area distribution of each five DEM resolutions for frequency ratio (FR) 

and certainty factor (CF) methods 
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Area Under the Curve (AUC) Analysis 

The landslide susceptibility maps of the study area endorsed employing training and testing/validation landslide data 

sets with the success rate curve and predictive rate curve. The success rate curves for the two models were calculated 

from the training landslide data sets through combining tools with landslide susceptibility classes, which were used to 

evaluate how well the models classified the region based on the existing landslide events (Meten et al. 2015; Silalahi 

et al. 2019). The prediction rate curve for the three models was calculated from the validation landslide datasets, which 

were used to evaluate how well the models can predict the unknown forthcoming landslide incidence (Mezughi et al. 

2011; Silalahi et al. 2019).  

Fig. 8, Showed the AUC values of ten susceptibility maps at different DEM resolution for validation and training 

landslides. Each of the curves displayed the values of AUC for the FR and CF statistical methods with corresponding 

DEM resolution (30, 45, 60, 75, and 90 m). As indicated in Fig. 8, the success rate curves value of AUC for the FR 

model ranges from 81% – 85%, which fell in the range of very good performance for each of ten models at the different 

DEM resolution. Although the AUC values for the five DEM resolutions do not constant, the models classified the 

region very well. The AUC value of success rate curves for the CF model with five DEM resolutions range from 76-

81%, which fell in the range of good to very good model performance. When someone wants to compare the model 

performance of the FR and CF statistical methods considering the results of five DEM resolution, the FR model 

showed a little bit better performance (Fig. 8). Fig. 8 showed the AUC value of prediction rate curves of FR and CF 

range from 81-92%, which fell in the range of very good to excellent prediction accuracy for five DEM resolutions. 

The AUC value for DEM resolution finer than 60 m except for some anomaly in 45 m, the results closely imitate, 

indicating higher model performance and higher prediction accuracy for FR and CF models. For DEM resolution 

coarser than 60 m, the result showed very sharp increments, indicating very good model performance and prediction 

accuracy. In general, the AUC value of prediction rate curves for the FR and CF models considering five DEM 

resolution is more or less the same, but it becomes peak when the DEM resolution coarser (75 and 90 m). For the 

study area, the maximum AUC value in the prediction rate curve was found in 90 m DEM resolution. The AUC values 

of prediction rate curves are slightly higher than the AUC values of success rate curves.  

The clear analysis of the AUC values of the prediction rate and success rate curves displayed in Fig. 9. This denotes 

the variation of AUC values within five DEM resolution for the FR and CF statistical methods. These curves form an 
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‘N’ shape as DEM resolution becomes coarser, indicting coarser raster resolutions do necessarily lead to a better 

landslide susceptibility mapping than the finer resolutions when the larger landslide covers a relatively large area than 

the small landslides. Even though the optimum models appeared as the resolution decreased/ coarser, it is difficult to 

conclude in a wide range of landslide susceptibility evaluation. For the 45 DEM resolution, the AUC value showed 

an anomaly performance increase. Based on the AUC value of success rate and prediction rate curves, the FR model 

for 90 m resolution becomes better statistical methods for both capable to predict landslide occurrence and capable to 

classify stable and unstable regions at coarser resolutions. In addition to AUC analysis, the landslide density analysis 

was performed to evaluate the performance and prediction accuracy of the models. Fig 9 showed the relationship 

between landslide distribution and landslide susceptibility classes. The value of landslide density (LD) increased as 

the landslide susceptibility grade increased for the five DEM resolution of FR and CF statistical methods. In particular, 

the landslide density showed an anomaly increased at 45 m resolution and become a peak when we moved to the 

coarser DEM resolution (90 m) of FR and CF models. This again confirms that the landslide susceptibility model is 

better at coarser DEM resolution. 
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Fig. 8  Receiver operating characteristics curve (ROC) of success and predictive rate curve for FR and CF methods 
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Discussion 

Landslide susceptibility map is the results of the statistical association of landslide and landslide governing factors 

which cannot be anticipating not only when the landslides will occur but also the volume and rate of recurrence of the 

landslide, however, it can predicting where the landslides will occur in a region. Although the landslide susceptibility 

maps have limitations to predict the time and the volume of future landslide occurrence, it is very important to get the 

spatial distribution of landslide-prone areas in a given terrain. Therefore, decision-makers can use the map for regional 

land use planning, landslide hazard mitigation, and prevention purposes (Fell et al. 2008; Oh et al. 2009; Yilmaz and 

Kskin 2009; Mezughi et al. 2011; Das and Lgcha 2019; Mandal and Mondal 2019; Silalahi et al. 2019). However, the 

performance of these predictive models of landslide susceptibility highly depends on the quality of the input 

parameters. Therefore, it is very important to evaluate the quality of the input parameters before use as input in the 

predictive modeling of landslide susceptibility. For example, DEM resolution can affect the quality of the predictive 

a 

b 

Fig. 9 a) Area under the curve (AUC) and DEM resolutions and b) landslide density and susceptibility classes 

relationship 
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landslide model that depending on the average sizes of landslides in the area. This is because the details of the 

morphometric information provided from the DEM (slope, aspect, curvature) depends upon its spatial resolution 

(Paudel et al. 2016). In this study, the scale effects of the morphometric (slope, aspect, curvature, distance to drainage, 

and drainage density) factors derived from 30 m and resampled 45, 60, 75, and 90 m DEM resolutions were analyzed. 

After analyzing the statistical association of landslide governing factors and preexisting landslides in the region using 

FR and CF methods under considering five DEM resolutions (30, 45, 60, 75, and 90 m), the landslide susceptibility 

maps of the study area were generated with five class of very low, low, moderate, high and very high susceptibility 

classes using natural break method. The resulted maps were compared for each of 30, 45, 60, 75 and 90 m DEM 

resolutions using receiver operating characteristics curve (ROC), area under the curve (AUC) of success rate, and 

predictive rate curves, and landslide density. As the outcomes indicated in Fig.8, the success rate and predictive rate 

curve values of AUC become maximum when the DEM resolution becomes coarser (90 m resolution). These results 

are similar to the early studies, which show that the coarser DEM resolutions (70 m) did necessarily yield the best 

performance of landslide susceptibility appraisal of a specific region (Palamakumbure et al. 2015; Mahalingam and 

Olson 2016; Mahalingam et al. 2016; Cama et al. 2016; Pradhan and Sameen 2017; Zhou et al. 2020). This important 

finding may be linked to the size of landslides that have occurred in the study area (Zhou et al. 2020). As designated 

in Fig.2, the frequency of the small landslides is more than the frequency of larger landslides; however, the areas 

covered by the larger landslides are more than the frequently occurred small landslides. As shown in Fig. 2, more than 

25% cumulative percent of landslides are covered by the larger landslides, but only 24.5% are small landslides. As a 

result, the model performance and prediction accuracy increased when the DEM resolutions become coarser in this 

case 90 m (Zhou et al. 2020). Therefore, this finding may serve as a base for researchers to choose the appropriate 

DEM resolution before landslide susceptibility mapping. The precision of the landslide susceptibility map highly 

depends on the DEM resolution, landslide governing factor selection, and the accuracy of the landslide inventory 

mapping.  For example, the use of fine DEM resolution allows us to capture more detailed morphometric features 

(Dietrich and Montgomery 1998) of small, shallow landslides (Penna et al. 2014; Ciampalini et al. 2016; Reichenbach 

et al. 2018; Zhou et al. 2020). Nevertheless, fine DEM resolution may not have a strong statistical correlation for 

landslide susceptibility analysis of large to very large, deep-seated landslides whose morphometric is appropriate for 

coarser DEM resolutions (Lee et al. 2010; Reichenbach et al. 2018; Zhou et al. 2020). Therefore, it is desirable to use 
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coarser DEM resolution to landslide susceptibility mapping where the size of landslides is relatively large by 

resampling fine DEM resolution.  

There is some literature regarding the comparison of prediction accuracy of the certainty factor method with the 

frequency ratio method. From the work of Haoyuan et al (2016), based on the predictive rate value of the area under 

the receiver operating characteristic curve (AUC), the frequency ratio and certainty factor models showed more or 

less similar predictive capacity, which is 81.18% for the certainty factor model and 80.14% for the frequency ratio 

model. However, CF has shown a bit of little performance than the Frequency ratio model. In the work of (Wubalem 

2020), the two models showed an almost similar AUC value of the prediction rate curve (87.03% for the certainty 

factor model and 88.8% for the frequency ratio model). Similarly in the present study, although the range of the 

predictive rate values for five DEM resolution (30, 45, 60, 75, and 90 m) fell in the same range of accuracy, the 

frequency ratio method showed a bit better performance (AUC=86-92%) than the certainty factor method with 

predictive rate value of AUC= 81-89%. Generally, the two bivariate statistical methods in literature and this study 

showed, the closer prediction capacity with AUC >80%, respectively fell in the range of very good performance 

(Yesilnacar and Topal 2005). In this study, the landslide validation results for two statistical methods are more or less 

closer to each other and it fell in the same range of very good performance. Besides this, the density of landslides for 

all DEM resolution shows an increased value from very low to very high susceptibility classes for FR and CF statistical 

methods (Fig. 9b). Therefore, from these results, the research work finds out that in landslide susceptibility mapping, 

the two models have equal potential to generate landslide-prone areas but DEM resolution selection, factor selection, 

and landslide inventory mapping required attention than statistical methods. 

Conclusion  

 Landslide susceptibility mapping is a very essential element in environmental management and to reduce damages 

due to natural hazards. However, the precision of this map is highly sensitive for DEM resolution, factors, and the 

accuracy of landslide inventory data. An appropriate DEM resolution will provide reliable and accurate results. In this 

study, various DEM resolutions using frequency ratio and certainty factor statistical methods were used to landslide 

susceptibility assessment. The results showed that the landslide susceptibility map produced from the 90 m DEM 

resolution is the most statistically significant. From this result, the conclusion can be drafted as using the finest 

resolution (in this case 30 m) does not always assure the best predictive accuracy. This agrees with the prior studies 
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(Palamakumbure et al. 2015; Mahalingam and Olson.2016; Mahalingam et al. 2016; Cama et al. 2016; Pradhan and 

Sameen 2017; Zhou et al. 2020). In this study, although the range of the predictive rate values for five DEM resolution 

(30, 45, 60, 75, and 90 m) fell in the same range of accuracy, the frequency ratio method showed a bit better 

performance (AUC=86-92%) than the certainty factor method with predictive rate value of AUC= 81-89%. 
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