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ABSTRACT 
9 

The present study reflects the contributions of geo-environmental factors that were analyzed for the development of landslide 
10 

hazard zonation map using certainty factor method and index of entropy method. Heavy rainfall, unscientific excavation of slopes 
11 

during road construction, expansion of infrastructure, and unplanned growth in urban population were the major factors for 
12 

unstable slopes in the Lesser Himalayan region. Historical database, interpretation of satellite and Google earth images were used 
13 

to identification of 248 landslides. The data collected using remote sensing images have been verified by conducting ground truth 
14 

surveys undertaken from January 2018 to October 2020 in preparing the landslide inventory of the study area. Inventory thus 
15 

generated was divided into 70% training and 30% validation datasets. Relationships between slope failure and its causative 
16 

factors (relief, slope, aspect, curvature, lithology, soil, weathering, land use, lineament density, rainfall, and density of drainage 
17 

networks) were analyzed by using certainty factor (CF) and index of entropy (IOE) methods. The analysis of all causative factors 
18 

and assigning relative weightage values by using the index of entropy and certainty factor models leads to the generation of 
19 

Landslide hazard zonation maps of the region. Finally, the landslide prediction accuracy of hazard zonation maps was calculated 
20 

by drawing Successive Rate Curve (SRC) curves for both training and validation datasets. The outcomes of this study will be 
21 

useful to government agencies, planners, decision-makers, researchers, and general land-use planners for sustainable development 
22 

of the study area. 
23 

Keyword:  Certainty Factor, Index of Entropy, Landslide Hazard, Successive Rate Curve. 
24 

1. Introduction 
25 

The hill stations are favored tourist destinations in Himachal Pradesh and the major source of revenue for the government. 
26 

The approaches of these tourist stations are only roads that are excavated along the hill slopes of the Lesser Himalayan region. 
27 

Most of the roads in the region are cut across by major tectonic zones which pose a serious threat of collapse due to tectonic 
28 

disturbance and shear structures. The road widening practice for commuting the large chunk of tourist and heavy vehicles was 
29 

mainly unscientific resulted in making the slopes more vulnerable to slide due to an earthquake event or due to heavy rainfall. 
30 

Dalhousie is one of the famous tourist attractions in Himachal Pradesh for its natural beauty and approach to this tourist station is 
31 

made possible only by excavating hill slopes composed of shale, schist, phyllites, slates, and debris material. The road between 
32 

Lahru to Dalhousie has many such landslide zones due to the presence of highly jointed and friable rocks comprising phyllite, 
33 

slates, and shales. These geomaterials undergo a significant reduction in cohesion (c) and angle of friction (ɸ) values. Since the 
34 

tendency of the slopes to show failure depends upon several internal (soil type, lithology type, lineament orientation, 
35 

geomorphology, weathering, slope angle, and land use, etc.) and external (rainfall and seismic) factors. The classification of all of 
36 

these slope failures is based on movement and material type described by Varnes 1978.  
37 
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Sustainable development of such an area requires mitigation measures for slope stability and to prevent further degradation 
38 

of the slope. The proposed area lies between 75°51’E, 76°35’E (latitudes) to 32°35’N, 32°26’N (longitudes) and covering an area 
39 

of 273.55 Km2 (Fig. 1). This region also inhabits a village population of 8122 (2011 census). The proposed area was not  
40 

41 

Fig.1: Location map of study area  
42 

mapped for landslide susceptibility even though the national highway 154A and state highway 28 runs through various towns and 
43 

villages between Lahru and Chamba. Some major landslides of the area are Kalidhar  and Narollah landslides (Fig.2 a and b). 
44 

Kalidhar landslide is a transitional landslide and Narollah landslide is a complex type of landslide governed by debris and 
45 

transitional. Although some studies have been reported from Chmaba along national highway 154A leading to Bharmour valley 
46 

(Singh and Sarda 2017) but there is no comprehensive landslide susceptibility mapping of the proposed study area. Bi-variate, 
47 

multivariate and statistical techniques such as logistic regression analysis, modified Bayesian estimation, information values, 
48 

certainty factors, probabilistic based frequency ratio model, landside nominal risk factors, index of entropy, weighting factors, 
49 

weighted linear combinations of instability factors, weights-of-evidence and soft data computing approaches such as support 
50 

vector machine and artificial neural network, etc. were proposed by various authors (Van Westen et al. 2003; Guzzetti et al. 2005; 
51 

Chung and Fabbri 1999 and 2003; and Lee et al. 2007). Considering the topographical, geological, and metrological 
52 

characteristics of the study area and using expert opinion, the use of certainty factor and index of entropy methods are preferred 
53 

for landslide hazard assessment of the study area. Finally, landslides hazard zonation maps are validated through successive rate 
54 

curve methodology.    
55 



 56 

Fig.2: Active landslides in the study area, (a) Kalidhar (transitional and rock debris) landslide near Chowari at SH28 (b) Narollah landslide 2 
57 

km from Lahru at NH154A. 
58 

2. Data Collection and Database Construction 
59 

The landslide hazard zonation requires analysis of major components like slope failure types with their location, length, 
60 

width, and causative elements that effects `the slide zone (Ozdemir and Altural 2013). Field surveys, aerial photographs, satellite 
61 

image interpretation, Google earth images, and literature research for historical landslide records were considered in the 
62 

development of landslide inventory (Lee and Talib 2005). Methods applied for landslide hazard zonation depend upon the 
63 

accuracy of landslide inventory data (Akgun et al. 2008). 
64 

Inventory of landslides was prepared to cover 248 slide zones using Cartosat-1D, Linear Imaging Self-Scanning System 
65 

(LISS-IV), Google earth images from January 2018 to October 2020 and verified by extensive field visits (Fig. 3a). The landslide 
66 

information was compiled into different data sets i.e.  174 (70%) slide zones out of 248 landslides were categorized as the 
67 

training dataset and 74 (30%) of the slides zones were categorized as a validation dataset. At first, 30 m resolution imagery of 
68 

Cartosat-1D sensor was obtained from NRSC for the development of the digital elevation model (DEM). Slope gradient, slope 
69 

aspect, relative relief, and curvature maps were developed from the digital elevation model. Survey of India toposheets ( 1:50,000 
70 

scale) and national remote sensing center (ISRO) data were used for developing lineament density, drainage density, 
71 

geomorphological and lithological maps in geographical information system (GIS) environment. Land use and the land cover 
72 

map was developed from high-resolution LISS IV satellite images acquired on 7th July 2019 and has 5.8 m resolution.  
73 

The elevation of the region is one of the most utilized parameters in landslide occurrences (Ercanoglu et al. 2004; Rozos et 
74 

al. 2011; Youssef et al. 2015). The minimum elevation of the region is 656 m near Lahru bus stand although the maximum 
75 

elevation is 2757 m near Khazaiar Lake in Dalhousie, altitude range (656-2757m) was classified into four classes: 656-1190 m, 
76 

1191-1580 m, 1581-2040 m, 2041-2757 m (Fig. 3b).  Slope angle is also one of the important factors in the study of landslide 
77 

hazard zonation due to the direct relationship between slope angle and landslide frequency (Dai et al. 2001; Dragic´evic´ et al. 
78 

2015). Distance traveled by mass on the slope and their movement types are controlled by angle of slope (Demir et. Al 2013).  In 
79 

the present study, a slope gradient map was developed from a digital elevation model and classified into five categories (Fig. 3c). 
80 

During slope gradient examination of the region (Kayastha et al. 2013; Liu et al. 2014) water bodies and flat terrain was found 
81 

between 0 to 15º, flood plain (15º-30º), low hilly areas (30º-45º), hilly area (45º-60º), and hilly area covered with highly dense 
82 

vegetation (60º -80º). The slope aspect is additionally considered as a significant factor in occurrences of landslides since the 
83 

angle of slopes influences parameters like precipitation, discontinuities, and daylight (Su¨zen and Doyuran 2004; He et al. 2012). 
84 

The frequency of landslides was higher towards slope angle facing high exposure towards precipitation and daylight than the 
85 

(a) (b) 



slope angle facing less exposure to precipitation and daylight (Bijukchhen et al. 2013). A total of eight classes i.e north, northeast, 
86 

east, southeast, south, southwest, and west direction were developed from the slope aspect map of the region (Fig. 3d).   
87 

The lithology of the region also plays a vital role in slope failures as it controls erosion and weathering of rocks. Mostly ten 
88 

types of rock formation (Upper Siwalik, Pindru, Mandi, Khokan, Khalel (Lilang group), Ghar, Dharmsala, Chamba, Dalhousie 
89 

granite and Alluvium) were found in the region (Fig. 3e). The lithology map for the study area was prepared which is a modified 
90 

version after Singh and Thakur 1989; Keshar Singh 1993 and 2011. The maximum area of the region is covered by metamorphic 
91 

rocks (78.68%) sedimentary rocks (14.03%) and igneous rocks (13.22%). The soil of the region is also one of the important 
92 

variables in landslide occurrences. The soil map of the study region was prepared using different maps obtained from the National 
93 

Bureau of  
94 
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Fig.3: Thematic layers of landslides: (a) Landslides Inventory Map (b) Relative Relief (c) Slope Gradient (d) Aspect Gradient Map (e) 

95 

Lithology [alluvium (AL), Chamba formation (CF), Dharamsala formation (DF), ghar formation (GF), khalel formation-lilang group (KF-LG), 
96 

kokhan formation (KoF), Mandi formation (MF), pindru formation (PF), river and upper siwalik (US)] (f) Soil [sandy skeletal soil (SSS), rocky 
97 

outcrops (RO), loamy skeletal soil with loamy surface (LSS_LS), loamy skeletal soil (LSS), loamy surface (LS), calcareous loamy soil (CLS)] 
98 

(g) Weathering (h) Drainage Density (i) Lineament Density (j) Land Use/ Cover (k) Rainfall (l) Curvature 
99 

 
100 

Soil Survey and Land Use Planning (NBSS and LUP) and the National Remote Sensing Center (NRSA) having a base scale of 
101 

1:50,000. Thus, six types of soil classes (sandy skeletal soil, rocky outcrops, loamy skeletal soil with loamy surface, loamy 
102 

skeletal soil, loamy soil, and coarse loamy soil) were identified in the region (Fig. 3f). Soil erosion and weathering process also 
103 

control the landslides frequency in the region. The weathering map developed using remote sensing data shows different rates of 
104 

weathering and thus classified into four categories i.e. very high erosion (24.62%), high erosion (36.42%), moderate (3.47%), and 
105 

slight erosion (35.49%; Fig. 3g). The density of drainage networks is developed using data of cartosat 1D sensor digital elevation 
106 

model and digitization of drainage networks from Survey of India (SoI) toposheet 43P/14, 43P/15, 52D/2 and 52D/3 at the scale 
107 

of 1:50,000. The drainage networks in the region show a dendritic drainage pattern that flows from southwest to northeast and 
108 

southwest to southeast direction. 
109 

Drainage density of the region has been classified using GIS tool and categorized the region having  i.e very low (9.76%), 
110 

low (26.02%), moderate, (31.68%), and high (30.37%) drainage density (Fig. 3h). Lineament density map was developed from 
111 

the published lineament maps after Singh (2011, 1993) and Singh and Thakur, 1989) using GIS tools and reclassified them into 
112 

four classes of lineament density i.e. Very low (30.37%), low (31.68%), moderate (28.66%), and high (9.76%) lineament density 
113 

class (Fig. 3i). LISS IV satellite imagery was used to develop a landscape map and validated using field checks during 2018 to 
114 

2020 (Fig. 3j). According to the landscape map, maximum areas of the land cover occupied by vegetation i.e. forest (46.31%), 
115 

sparse vegetation (13.75%), and shrub (9.79%) followed by rocky terrains (5.42) and land use i.e. agriculture land (19.57%), 
116 

settlement (3.39%) and road networks (0.70%). Minimum area of the region was covered by water bodies (1.08%) i.e. stream 
117 

networks (0.99%), snow cover (0.08%) and rivulets (0.01%).  Among all the factors, rainfall has been found to be the vital factor 
118 

for incidences of landslides. Rainfall dataset has obtained from Indian Metrological Department (IMD), Shimla (H.P.) for the 
119 

period of January 2018 to October 2020 to produce rainfall map by using kriging countering technique. Rainfall map was 
120 

(l) (k) 



classified into four classes 1437-1547mm, 1548-6127mm, 6128-1691mm and 1692-1752mm (Fig. 3k).  Minimum rainfall of 
121 

1437-1547mm was recorded in Lahru and maximum rainfall of 1692-1752 mm was recorded in Dalhousie region. Three types 
122 

(flat, convex and concave) of curvature fields were found in the region, developed from digital elevation model of the region (Fig. 
123 

3l) and during analysis it has been observed that curvature of terrain also plays a major role in landslide activation.  
124 

3. Methodology 
125 

a. Certainty Factor Model 
126 

The Certainty Factor (CF) approach was one of the conceivable proposed idealness capacities to deal with issue of 
127 

consolidating various information layers; heterogeneity and vulnerability of the information.Several scholars have used this 
128 

model for identification of landslide hazard zones (Go ¨kc¸eoluetal. 2005; Kanungo et al. 2011). CF weight values were obtained 
129 

by using Eq.-1. 
130 
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132 

Where ijCF denotes certainty factor weight values, ijf denotes the probability of landslides in each class i  of each parameter 
133 

j  and  f prior probability having total number of landslide event occurring in the study area. Certainty factor weight values 
134 

were obtained in the range of -1.0 to 1.0 from equation 1. A negative value of each class shows low probability of landslides 
135 

whereas a positive value indicates high probability of landslides frequency in each class of each parameter (Pourghasemi et al. 
136 

2012e). Density of landslides in each parameter class was analysed for the calculation of certainty factor weight values. Thematic 
137 

layers of certainty factor were developed from CF weight values (Table 1) by using Eq. 1. The, pair wise comparison matrix tool 
138 

in excel was used for the combination of CF values. The combination of two CF values were shown in the form of X and Y (Eq. 
139 

2). Landslide hazard index (LHI) values were obtained by using pair wise comparison method to sum up all CF values. LHI 
140 

values were classified into five groups by using the natural break classification method using GIS tool (Constantin et al. 2011; Xu 
141 

et al. 2012; Krishna et. al. 2018).  
142 
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143 

b. Index of Entropy Model 
144 

Bivariate statistical analysis was carried out for identification of landslide hazard zones by applying index of entropy model 
145 

on various causative factors indentified for this study. Vlcko et al. (1980) proposed this methodology which includes assigning 
146 

relative weights for each input variables. This relative weight value is further expressed in terms of index of entropy. This was 
147 

obtained by analyzing the influence of various causative factors which defines the entropy level of that particular factor. The final 
148 

information coefficient )(
j

W  was calculated using mathematical equations as defined by (Constantin et al. 2011; Devkota et al. 
149 

2013; Jaafari et al. 2014; Youssef et al. 2014a, b):   
150 
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b
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Where,   a represents the class percentage in each parameter and  b represents the landslide percentage in each class of each 
153 

parameter; 
ij

P probability of landslides,   






ij
P demonstrates the density of landslides, number of classes were demonstrated by 

154 

 jS , however, entropy values  jH and  jmaxH were analyzed for each parameter by using  Eq. 5 and 6.   
155 
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Information coefficient jI value was obtained for the each parameter by using Eq. 7. Analysis was done is GIS environment 
160 

for the development landslide hazard zonation map by using Eq. 9. 
161 
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162 

where YIOE is the sum of all the classes; i is the number of a particular parametric map (1, 2,..., n); z is the number of classes 
163 

within the parametric map with the greatest number of classes; mi is the number of classes within the particular parametric map; 
164 

C is the value of the class after secondary classification and Wj is the weight of a parameter. 
165 

 
166 

Table 1:  Landslide factors analysis using certainty factor (CF) and index of entropy (IOE) models. 
167 

Thematic 

Layer 

Factor Classes Percentage of 

pixels in class  

(a) 

Percentage  of 

Landslide 

Pixels  

(b) 

CF Index of Entropy 

Pij (Pij) Hj= 

sum([pij]*l

og([pij],2) 

Hj 

Max=

log2Sj 

Wj=

IjPij 

Slope 

Gradient 

0-15 21.83 0 0 0 0 1.90 2.32 0.97 

15-30 18.98 18.93 0.06 1.00 0.19 

30-45 22.24 22.75 0.22 1.02 0.19 

45-60 23.33 25.75 0.09 1.10 0.21 

60-80 13.62 30.46 -0.36 2.24 0.42 

Aspect 

Gradient 

North East 9.62 10.48 0.13 1.09 0.13 2.17 3.00 0.32 

East 2.91 0.61 0.23 0.21 0.03 

South East 13.34 19.44 -0.44 1.46 0.18 

South 11.81 1.39 -0.13 0.12 0.01 

South West 12.32 33.75 0.16 2.74 0.34 

West 12.27 0.18 0.54 0.01 0.00 

North West 13.50 32.96 -0.15 2.44 0.30 

North 24.23 1.19 -0.15 0.05 0.01 



Lithology Alluvium 3.48 0 0 0 0 1.21 3.46 0.76 

River 0.36 0 0 0 0 

Dalhousie Granite 2.77 0 0 0 0 

Chamba Formation 6.51 14.53 0.57 2.23 0.08 

Dharamsala Formation 11.92 0.35 0.53 0.03 0.00 

Ghar Formation 1.12 1.57 0.21 1.41 0.05 

Kalhel Formation (Lilang 

Group) 

28.06 5.06 0.33 0.18 0.01 

Khokan Formation 12.52 17.11 -0.80 1.37 0.05 

Mandi  Formation 30.32 9.52 0.07 0.31 0.01 

Pindru Formation 0.71 0.43 -0.61 0.61 0.02 

Upper Siwalik 2.23 51.42 0.97 23.02 0.79 

Soil Loamy Skeletal Soil With 

Loamy Surface 

17.85 1.29 -0.83 0.07 0.01 0.80 2.58 0.72 

Loamy Skeletal Soil 35.47 11.22 -0.60 0.32 0.07 

Rocky Outcrops 4.79 0 0 0 0 

Loamy Soil 18.58 5.95 0.71 0.32 0.07 

Sandy Skeletal Soil 19.82 81.54 -0.16 4.12 0.85 

Coarse Loamy Soil 3.49 0 0 0 0 

Weathering Slight Erosion 35.49 0.46 -0.61 0.01 0.00 1.33 2.00 0.42 

Moderate Erosion 3.47 13.62 -0.71 3.93 0.60 

High Erosion 36.42 68.03 -0.27 1.87 0.29 

Very High Erosion 24.62 17.90 0.46 0.73 0.11 

Lineament 

Density 

Very Low 9.76 12.86 -1.00 1.32 0.31 1.94 2.00 0.14 

Low 26.02 15.72 -0.64 0.60 0.14 

Moderate 36.55 34.18 0.29 0.94 0.22 

High 27.67 37.24 0.34 1.35 0.32 

Drainage 

Density 

Very Low 9.30 1.01 -0.41 0.11 0.03 1.69 2.00 0.52 

Low 28.66 21.85 -0.54 0.76 0.23 

Moderate 30.37 30.35 0.36 1.00 0.30 

High 31.68 46.78 0.63 1.48 0.44 

Land use and 

cover 

Khajiar Lake 0.01 0 0 0 0 1.99 3.32 0.82 

River 0.99 0 0 0 0 

Snow Cover 0.08 0 0 0 0 

Forest 46.31 4.81 -0.89 0.10 0.01 

Agriculture Land 19.57 27.75 0.29 1.42 0.07 

Rocky Terrain 5.42 8.91 0.40 1.65 0.08 

Shrub 9.79 17.19 0.43 1.76 0.09 

Settlement 3.39 6.15 0.47 1.82 0.09 

Sparse Vegetation 13.75 26.94 0.49 1.96 0.10 

Road 0.70 8.25 0.92 11.77 0.58 

Relative 

Relief 

656-1190 24.92 30.03 -0.17 1.20 0.32 1.89 2.00 0.20 

1190-1581 31.76 44.56 -0.72 1.40 0.37 

1581-2041 25.46 13.59 0.33 0.53 0.14 

2041-2757 17.86 11.82 0.15 0.66 0.17 

Rainfall 1437-1547 3.28 14.73 0.91 4.49 0.61 1.47 2.00 0.39 

1628-1691 23.01 38.66 -0.37 1.68 0.23 

1548-6127 34.79 8.78 0.24 0.25 0.03 

1692-1752 38.92 37.82 -0.61 0.97 0.13 

Curvature Flat 5.56 0 0 0 0 0.85 1.58 0.97 

Convex 46.92 27.70 0.56 0.59 0.28 



Concave 47.51 72.30 -0.16 1.52 0.72 

4. Result and Discussion 168 

a. Landslide Hazard Zonation using Certainty Factor Model (CF) 169 

Certainty factor (CF) weight values were obtained through analysis of relationship between landslides inventory and its 
170 

factors to each class by using eq. 1. Negative CF weight values of the factors indicate the stable zones of slopes whereas positive 
171 

weight values indicate unstable zones (Table 1). The final landslide hazard zonation map was prepared by using CF model as 
172 

shown in Fig. 4a. 
173 

CF weight values for the slope class of 35-45° were found to be 0.22 (highest) CF weight value trailed by 45-60° slope class 
174 

with CF weight value (0.09). Slope class of 60-80° has lowest negative CF weight value (-0.36) and zero CF weight value was 
175 

obtained for the slope class of 0-15° as this area was covered by water bodies and flood plains. Result of slopes analysis using CF 
176 

model shows that numbers of landslides increases upto slope angle of 45° then it tends to decrease as slope angle increases 
177 

greater than 45° due to slope angle upto 45° was occupied by sandstones, fragmented shales, clay and movement of tectonic 
178 

plates in the form of main central thrust (MCT) and main boundary thrust (MBT). In case of aspect gradient, negative CF weight 
179 

values of -0.44 in south east direction, south (-0.13), north west (-0.15) and north (-0.15) facing slopes indicates the least number 
180 

of slope failures. Slopes facing west (0.54) were more prone to occurrences of landslides trailed by east (0.23) facing slopes. In 
181 

case of lithology, maximum CF weight value (0.97) has been obtained for Upper Siwalik formation trailed by Chamba (0.57) and 
182 

Dharamsala (0.53) formations. Khokan (-0.81) and Pindru (-0.61) formations were less effected by landslides whereas no 
183 

landslides were obsereved in alluvium and Dalhousie granites. During analysis of soils of the study area using CF model, the only 
184 

positive CF weight value (0.71) was found for loamy soils. The least CF weight value (-0.83) was found for loamy skeletal soil 
185 

with loamy surface, which was trailed by loamy skeletal soil (-0.60) and sandy skeletal soil (-0.16). It was found that none of the 
186 

landslides took place in coarse loamy soil and rocky outcrops zone. In case of weathering, the influence of weathering processes 
187 

in landslide hazard was also examined by distinguishing different zones of erosion in the region. Zones with very high erosion 
188 

have the maximum CF weight value (0.46) indicating large number of landslides. In case of lineament density, CF weight value 
189 

(0.34) was obtained for the high lineament density trailed by moderate lineament density with CF weight value (0.29). Very low 
190 

(-1.00) and low (-0.64) CF weight values for lineament density class were found to be less affected by landslides. Drainage 
191 

networks density also play vital role in influencing the slope failures in the region. High density drainage networks with CF 
192 

weight value (0.63) have maximum influence in slope failures followed by moderate density of drainage networks with CF 
193 

weight value (0.36). In case of analysis of land use and land cover, forest area had obtained negative CF weight value (-0.89) and 
194 

whereas human interfered infrastructures i.e. road (0.92), settlement (0.47) and agriculture land (0.29) had maximum influence on 
195 

landslides. In the case of rainfall,  it was found that high rainfall zones, 1692-1752mm with CF weight value (-0.61) and 1548-
196 

1627mm (-0.37) were least affected by slope failures, as maximum area of the region was covered by highly dense vegetation and 
197 

was less exposed to weathering and morphological process. 1437-1547mm (0.91) rainfall zone had maximum influence on 
198 

landslide occurrence trailed by 1548-6127mm (0.24) rainfall. Relative relief of the area was also analyzed using CF model. The 
199 

positive and negative CF weight values of relative relief were found to be decreasing as altitude of the region increases. 
200 

Maximum CF weight value (0.33) was obtained for 1581-2041m altitude followed by 2041-2757m altitude with CF weight value 
201 



(0.15). 1190-1581m altitudes had least CF weight value (-0.72) trailed by 656-1190m with CF weight value (-0.17). In case of 
202 

curvature, terrains with flat and concave (-0.16) slopes were least affected by slope failures while convex curvature with CF 
203 

weight value (0.56) was most affected by slope failure. Land use and cover changes, weathering, lithology, lineament density, 
204 

drainage density and rainfall parameters were found to be prime factors affecting slope failures and landslide occurrences in the 
205 

present study area.  
206 

 207 

Fig.4 (a): Certainty factor landslide hazard (b) Index of entropy model landslide hazard map 
208 

 209 

b. Landslide Hazard Zonation using Index of Entropy Model 
210 

Landslide hazard zonation map was developed using an index of entropy methodology (Fig. 4b).  Landslide inventory of 
211 

study area was interlinked with each class factor using GIS software which helped in the analysis of landslide density (P ij) in each 
212 

class of each factor (Table 2). Resultant weight values for each factor were analyzed by using Eq.8.  
213 

From the analysis it was observed that the slope class 60°-80° has (Pij)  value of 0.42. This was followed by slope class of 
214 

45°-60° with (Pij) value of (0.21) and slope class of 15°-30° having (Pij) value of (0.19) whereas slopes between 0° to 15° were 
215 

found to have no slope failures due to flat terrain.  In case of aspect gradient, the vulnerability of slopes shown reducing trend 
216 

from southwest direction having (Pij) value of 0.34 followed by northwest (0.30), southeast (0.18), and northeast (0.13) has least 
217 

vulnerability while east, west, north and south-facing slopes are also less vulnerable. In the case of curvature, concave slopes 
218 

(0.72) have favorable conditions for slope failures than convex (0.28) and flat terrain. In the case of relative relief, 656-1190m 
219 

(0.32) had the highest (Pij) while 1581-2041 and 2041-2757m had the least (Pij) weight values. The numbers of slope failures 
220 

decreases as the altitude of the study area increases, due to less interference by humans, highly dense vegetation, and igneous 
221 

rock bodies. From the investigation of soil (Pij) value of sandy skeletal soil (0.85) has a high influence on slope failures followed 
222 

by loamy (0.07and loamy skeletal soil with the loamy surface while rocky outcrops and coarse loamy soil did not influence 
223 

occurrences of slope failures. In the case of weathering, 81.65% of slope failures were influenced by moderate (0.60) and high 
224 

weathering processes while the least number of slope failures were recorded with a slight erosion class. For the lithology, upper 
225 

Siwalik (0.79) followed by Chamba (0.08), Khalel -Lilang Group (0.05) formations are vulnerable to slope failures while Mandi 
226 

(a) (b) 



formations of lithology have the least occurrence of slope failures. In case of density of lineaments, high class (0.32) had the 
227 

highest influence on landslide occurrences while low classes (0.14) had the least influence. In the case of drainage density, 
228 

77.13% of landslides were associated with high (0.44) and moderate (0.30) classes of drainage density classes. It shows that toes 
229 

cutting of slopes through drainage networks had the highest influence on slope failures in the region. In the case of land use and 
230 

land cover, human interference like road networks (0.58), settlement (0.091), and agriculture (0.068) had a high weight of 
231 

occurrences of slope masses in the region while forest class had the least influence. Rainfall was one of the most influential 
232 

factors for slope failures in the study area. The maximum number of landslides was associated with low profile rainfall between 
233 

1437-1547mm (0.61) as most of the area has been exposed. Heavy rainfall regions (1692-1752 mm) had less number of 
234 

landslides as such areas were covered by highly dense vegetation. For analysis of the influence of each factor resultant, weight 
235 

(Wj) for each factor was analyzed. Slope (0.97), curvature (0.97), land use and cover (0.82) had high resultant weight (Wj) values 
236 

while lineament density (0.14) and relative relief (0.2) had the least resultant weight (Wj) values.   
237 

c. Landslide Hazard Index 
238 

Landslide hazard index (LHI) values of certainty factor and IoE methodologies were classified into five hazard classes i.e. 
239 

from  very low hazard (-0.07 to -0.05), low hazard (-0.05 to -0.03), moderate hazard (-0.03 to -0.01), high hazard (-0.01 to 0.1) 
240 

and very high hazard (0.1-1.0) by using natural break reclassification tool in GIS (Fig. 4). It was found that 1.6% and 1.79% of 
241 

landslides were occupied in the very low hazard class of CF and IoE methods, followed by low hazard zone (15.63% and 14.98% 
242 

), moderate hazard zone (24.08 and  28.21%), high hazard zone (29.21% and 11.50%) and very high hazard zone (24.44% and 
243 

11.49%).  In all 53.65% and 22.99 % of landslides fall in the high and very high landslide hazard zone of classes while 17.23% 
244 

and 16.77% of landslides were occupied by low and very low hazard class.  
245 

5. Validation of Landslide Hazard Maps 
246 

Landslide hazard maps accuracy analysis was essential for the validation of predictive models Gorsevski et al. 2000; Chung 
247 

and Fabbri 2003). The area under curve (AUC) method was useful in the validation of landslide hazard zonation maps which 
248 

represents in the graphical form. The commutative frequency of landslides in each class of hazard zonation was represented by 
249 

specific rate curve values.  
250 

The rate curve method was divided into successive and prediction rate curve methods. SRC (training dataset) method was 
251 

used for the testing and the prediction rate curve (validation data set) method was used for validation of landslide hazard. 
252 

Training and validation datasets were developed by categorizing landslide inventory into 70% for the training data set and 30% 
253 

for the validation data set. Accuracy of landslides hazard maps was analyzed by calculation of area under the curve (AUC) which 
254 

were formed by each class accuracy values. These values were represented in graphical form. X-axis denotes the cumulative 
255 

percentage of each class and Y-axis denotes the cumulative percentage of landslides in each hazard zone class.  The relationship 
256 

between the failure of slope and their responsible factors (relief, slope, aspect, curvature, lithology, soil, weathering, land use, 
257 

lineament density, rainfall, and density of drainage networks) was analyzed by using certainty factor and index of entropy 
258 

methods. Training dataset of landslide inventory gave 79.66% (CF) and 78.93% (IoE) accuracy and validation set of landslide 
259 

inventory gave 79.03% (CF) and 78.02% (IoE) of accuracy through analysis of the area under a curve by using successive rate 
260 



curve method. Validation results show that selected parameters were applicable for landslide hazard mapping of the study area 
261 

using CF and IoE methods (Fig. 5).  
262 

 263 

Fig. 5: (a) Successive rate curve (b) Prediction rate curve analysis for validation of landslide hazard maps. 
264 

 
265 

6. Conclusion 
266 

Estimated areas of landslide hazard zones were analyzed using certainty factor (CF) and Index of Entropy (IoE) methods in 
267 

the present study area of district Chamba, Himachal Pradesh, India. Twelve causative factors (slope, aspect, lithology, soil,  
268 

weathering, lithology, land use/cover, rainfall, lineament density, drainage density, relative relief, and curvature) were identified 
269 

to be responsible for the occurrence of landslides in the region. These causative factors were analyzed using certainty factor and 
270 

index of entropy models. Out of 242 landslides of the region, 73 (30%) landslides were selected randomly for predictive rate 
271 

curve analysis and 169 (70%) landslides were selected randomly for successive rate curve analysis. Landslide hazard zonation 
272 

maps were produced by using CF and IoE methods and classified into a very low hazard zone, low hazard zone, moderate hazard 
273 

zone, high hazard zone, and very high hazard zone. Accuracy of landslide hazard maps was analyzed using the area under curve 
274 

method. Successive rate of landslide inventory gives an accuracy of 79.67% (CF) and 78.93% (IoE) and Prediction rate of 
275 

landslide inventory give 79.03% (CF) and 78.02% (IoE) of accuracy through analysis of the area under the curve by using 
276 

successive rate curve method. Lithology, soil, lineament density, and curvature of the slope were the major internal factors while 
277 

rainfall was the major external factor responsible for slope failure in the study area. The current investigation will help the 
278 

metropolitan organizers, engineers, and architects to oversee slope masses and identify areas susceptible to slope failures so as 
279 

timely and adequate mitigation measures can be applied in the study area. 
280 
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Figures

Figure 1

Location map of 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

Active landslides in the study area, (a) Kalidhar (transitional and rock debris) landslide near Chowari at
SH28 (b) Narollah landslide 2 km from Lahru at NH154A.



Figure 3

Thematic layers of landslides: (a) Landslides Inventory Map (b) Relative Relief (c) Slope Gradient (d)
Aspect Gradient Map (e) Lithology [alluvium (AL), Chamba formation (CF), Dharamsala formation (DF),
ghar formation (GF), khalel formation-lilang group (KF-LG), kokhan formation (KoF), Mandi formation
(MF), pindru formation (PF), river and upper siwalik (US)] (f) Soil [sandy skeletal soil (SSS), rocky
outcrops (RO), loamy skeletal soil with loamy surface (LSS_LS), loamy skeletal soil (LSS), loamy surface



(LS), calcareous loamy soil (CLS)] (g) Weathering (h) Drainage Density (i) Lineament Density (j) Land
Use/ Cover (k) Rainfall (l) Curvature 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 4

(a): Certainty factor landslide hazard (b) Index of entropy model landslide hazard 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

(a) Successive rate curve (b) Prediction rate curve analysis for validation of landslide hazard maps.


