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Abstract: Landslides in the Himalayan region are 
primarily controlled by natural parameters, including 
rainfall, seismic activity, and anthropogenic 
parameters, such as the construction of large-scale 
projects like road development, tunneling and 
hydroelectric power projects and climate change. The 
parameters which are more crucial among these are a 
matter of scientific study and analysis. This research, 
taking Solan district, Himachal Pradesh, India, as the 
study area, aims to assess the impact of 
anthropogenic activities on landslide susceptibility at 
a regional scale. Landslide distribution was 
characterized into two groups, namely Rainfall-
Induced Landslide (RIL) and Human-Induced 
Landslide (HIL) based on triggering factors. Multiple 
data such as slope angle, aspect, profile curvature, 
distance to drainage, distance to lineament, lithology, 
distance to road, normalized difference vegetation 
index (NDVI) and land use land cover (LULC) have 
been considered for delineating the landslide 
susceptibility zonation (LSZ) map. The effect of 
anthropogenic activities on landslide occurrences has 
been examined through the distribution of landslides 
along national highways and land use land cover 
changes (LULCC). Two sets of LSZ maps with a LULC 
of time interval covering five years (2017 & 2021) 
were prepared to compare the temporal progression 
of LULC and landslide susceptibility during the five 

years. The results indicated the significant impact of 
anthropogenic activities on the landslide 
susceptibility. LSZ map of the year 2021 shows that 
23% area falls into high and very high susceptible 
classes and 48% area falls into very low and low 
susceptibility classes. Compared to LSZ map of 2017, 
high and very high susceptible classes have been 
increased by 15%, whereas very low and low 
susceptible classes have been reduced by 7%. The 
present case study will help to understand the 
potential driving parameters responsible for HIL and 
also suggest the inclusion of LULC in landslide 
susceptibility analysis. The study will demonstrate 
new opportunities for research that could help 
decision-makers prepare for future disasters, both in 
the Indian Himalayan region and other areas. 
 
Keywords: Landslide; Anthropogenic; Human-
Induced Landslide (HIL); Rainfall-Induced Landslide 
(RIL) 

1    Introduction  

Landslide is a movement of a mass of soil (earth 
or debris) or rock down a slope (Couture 2011). 
Landslides can be initiated on slopes by natural 
causes (rainfall, snowmelt, changes in water level, 
stream erosion, earthquakes and volcanic activity) 
and man-made (disturbance by human activities like 
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mining, construction and climate change) or any 
combination of these parameters. Landslides are 
severe geohazard and frequently occur in countries 
including China, Italy, Indonesia, Japan, the 
Philippines, the United States and Switzerland. 
Landslides also occur in many countries that straddle 
the Himalayas, like Nepal, Pakistan, and India. In the 
last two decades, approximately 4.8 million people 
have been affected and more than 18000 casualties 
have been reported due to landslides worldwide 
(Wallemacq et al. 2018). 

Recent findings suggest that anthropogenic 
activities alter the topography (Ross et al. 2016). 
Many studies have reported that road construction 
and land use and land cover changes (LULCC) have a 
significant influence on landslide occurrences (Galve 
et al. 2015; Gariano et al. 2017; Guillard and Zezere 
2012; Jones et al. 2021; Meneses et al. 2019; Tanyas 
et al. 2022). Climate change is bringing more extreme 
weather patterns, with heavy rainfall becoming more 
frequent. More landslides are expected to be triggered 
in the high mountain region due to climate change 

(Merzdorf 2020). Many researchers have indicated 
the impact of anthropogenic activities and climate 
change on various parts of the world (Jones et al. 
2021; Meusburger and Alewell 2008). Liu et al. 
(2021a) have indicated that there will be an increase 
in the occurrence of landslides in the high mountains 
of Asia due to anthropogenic activities and climate 
change. 

In India, about 0.42 million km2, or 12.6% of the 
land area is prone to landslide hazards. Out of this, 43% 
falls in North East (NE) Himalayas, 33% falls in North 
West (NW) Himalayas and 24% in the Western and 
Eastern Ghats (NIDM 2019). Due to complex 
physiography and increasing anthropological 
activities, Himachal Pradesh is recognized for 
frequent landslide occurrences, especially during the 
monsoon season. Rainfall-induced landslide of 
Kotrupi on August 13 2017 was one such devastating 
incident. At least 46 people lost their lives as two state 
transportation buses got buried under a massive 
landslide along National Highway (NH) 154. In 2022, 
three people were killed in a landslide at Menus in 

Simaur district of Himachal 
Pradesh. Earlier, in the year 
2021, a massive landslide 
hit Himachal Pradesh, 
killing two persons while 
dozens were reported 
missing. 

For the proposed 
research study, Solan 
district, Himachal Pradesh, 
India has been selected (Fig. 
1). According to studies 
conducted in the past, 
landslide occurrence in 
Solan district, Himachal 
Pradesh has a wide 
distribution (Alsabhan et al. 
2022; Panchal and 
Shrivastava 2022). The 
impact of landslides has 
largely increased recently 
due to the growth in 
population and expansion 
of civilization in hazard 
prone hilly terrain. 
Undoubtedly, much work 
on the geohazard has been 
done in this part of the Fig. 1 Location map of the study area, Solan District, Himachal Pradesh, India.  
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Himalayas (Alsabhan et al. 2022; Nath et al. 2021; 
Panchal and Shrivastava 2021; Pandey et al. 2019; 
Pham et al. 2017; Sharma et al. 2020; Sharma and 
Prakash 2021; Sharma and Mehta 2012; Singh et al. 
2021) but there is an absence of detailed information 
about the anthropogenic activities and climate change 
and how these factors impact occurrences of 
landslides. As many highways are under construction 
and many are in the planning phase in Himachal 
Pradesh which continuously interferes and destabilize 
the natural bed slope. Deforestation along the 
highway alignment also enhances the risk of 
landslides in Himachal Pradesh. Highway 
construction in mountainous regions significantly 
influences landslide occurrences (Chuang and Shiu 
2018). 

Various qualitative and quantitative approaches 
have been proposed to map landslide susceptibility 
areas in the literature (Kaur et al. 2017). Generally, 
four primary types of Landslide Susceptibility 
Zonation (LSZ) models are developed: expert-based 
(Ghosh and Bhattacharya 2010; Pradhan et al. 2017), 
statistical (Abdo 2022; Mehrabi 2022), machine 
learning (Akinci et al. 2021; Akinci and Zeybek 2021; 
Gao et al. 2021; Kundu et al. 2011; T. Liu et al. 2021b; 
Pourghasemi et al. 2021; Wan et al. 2021), and a 
hybrid model (Al-Najjar et al. 2021; Lv et al. 2022; 
Pradhan et al. 2021). Geographic Information System 
(GIS) techniques are beneficial in modeling landslide 
hazards using various statistical models (Sangeeta 
and Maheshwari 2022, Sangeeta et al. 2020; Saha 
and Saha 2021; Saranaathan et al. 2021; Wadadar and 
Mukhopadhyay 2022). In the present study 
Frequency Ratio (FR) method has been adopted to 
evaluate landslide susceptibility. FR is a bivariate 
statistical method that is widely used along with GIS 
to develop LSZ maps (Basu and Pal 2019; Saha et al. 
2005). The relation between landslide incidence and 
landslide causative parameters can easily assess with 
the help of FR method (Vakhshoori and Zare 2016). 
Many studies have confirmed the accuracy of FR 
method is higher than other methods (Anbazhagan 
2015; Ding et al. 2017; Gholami et al. 2019; Griffiths 
2015; Huang et al. 2018; Nsengiyumva et al. 2018; 
Vakhshoori and Zare 2016). Recently FR based model 
has been used for LSZ mapping in many parts of the 
world by various researchers (Abdo 2022; Emadodin 
et al. 2021; Shano et al. 2021; Thomas et al. 2021). 

Based on the increase in the frequency of 
landslides in changing the climatic regime, a novel 

attempt to understand the influence of anthropogenic 
activities on landslide susceptibility in the Solan 
district, Himachal Pradesh, India has been made in 
this present research. For this purpose, the present 
study utilizes the statistical-based FR method. 
Various inherent landslide causative parameters, 
along with dynamic anthropogenic parameters have 
been used to prepare LSZ map. Spatial distribution of 
landslides has been categorized based on triggering 
parameters, i.e., Rainfall-Induced Landslides (RIL) 
and Human-Induced Landslides (HIL), to understand 
the behavior of anthropogenic parameters in landslide 
occurrence. A combined landslide inventory that is 
both RIL and HIL datasets have been used to develop 
LSZ map, whereas an individual sets of RIL and HIL 
were used to analyse the impact of anthropogenic 
activities on landslide occurrences. LSZ map of the year 
2021 shows that 23% area falls into high and very high 
susceptible classes. Compared to LSZ map of 2017, 
high and very high susceptible classes have increased 
by 15%. Results indicate a significant impact of 
anthropogenic parameters on LSZ in the Solan district. 
This study will contribute to the scientific knowledge 
advancements on landslide phenomena. Developed 
GIS-based ready-to-use digital maps may assist 
planners in overall landslide hazard management.  

2    Study Area and Methods 

2.1 Study area 

The study area is located in the Solan district, 
Himachal Pradesh, India. Fig. 1 shows the location of 
Solan district and landslide distribution. Solan district 
occupies an area of 1936 km2 and encloses 76.42° and 
77.20°E longitude and 30.05° and 31.15°N latitudes 
nestled on the lap of the Shivalik Ranges. Solan 
district lies in Seismic Zone IV, which is seismically 
very active. Solan district has high socio-economic 
importance from a tourism point of view and is 
known as Gateway to Himachal Pradesh as the NH 5 
passes through this district. The altitude varies from 
300 m to 3000 m (amsl). For Administrative 
purposes, the district has been divided into six sub-
districts and five blocks. There are 240 panchayats in 
the district, covering 2614 villages.  

2.2 Data, material and methods 

The data types for various causative parameters 
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and their resolution, scale and sources used in this 
study are the following (Table 1). 

2.2.1 Landslide inventory 

A landslide inventory is a detailed register of the 
distribution and characteristics of past landslides. In 
this study, the landslide records have been collected 
from the GSI Bhukosh portal. Landslide inventory is 
divided into two groups based on the triggering factor. 
One group is related to natural causes, i.e., rainfall. 
These landslides are referred to as Rainfall-Induced 
Landslides (RIL). Other landslides are induced due to 
human-related causes referred to here as Human-
Induced Landslides (HIL). HIL are defined as 
landslides that are directly or partially triggered by 
anthropogenic activities like modification of the 
topography, changes in the water circulations, land-
use changes and aging of infrastructure (Jaboyedoff et 
al. 2018). Combined landslide inventory which 
includes both RIL and HIL datasets, have been used 
to develop LSZ map. Further, separate datasets of RIL 
and HIL have been used for the impact assessment of 
anthropogenic activities on landslide occurrence. 
Landslide inventory map is given in Fig. 1. This 
inventory consists of 1030 landslides in the form of 
polygon data with a total of 1777 pixels. The largest 
aerial extent of a landslide is 122,000 m2 and the 
smallest extent of 20 m2. Landslides are also of varied 
types, involving different types of material and 
movement. Present landslide inventory contains 70% 
rock material and 30% debris material. 95% of 
landslides are slide movement and 5% have fall type 
of movement.  

2.2.2 Landslide causative parameters and 
thematic layers preparation 

The distribution of the landslides is significantly 
controlled by the topography, lithology, hydrology, 

NDVI and anthropogenic activities. Therefore, 
estimating the influence of these causative parameters 
on the occurrences of the landslides is essential to 
understand their operating mechanism and to 
develop an LSZ map. The first step of the landslide 
susceptibility analysis is to determine the physical 
significance of the parameters to be used. To obtain a 
reliable map, the relation of each parameter with the 
landslide distribution must be evaluated using 
correlation and statistical distribution analyses. 
Discussion related to landslide causative parameters 
is given here.  

(1) Topographic parameters  
Spatial distribution of altitude is given by a 

digital elevation model (DEM). Surface topography 
controls flow direction & source, soil moisture and 
affect climate and vegetation, which are essential 
parameters that control landslide incidences (Ayalew 
and Yamagishi 2005). Fig. 2 shows the classified DEM 
for the Solan district. In Fig. 2(a), the whole area of 
Solan district has been classified into five classes in 
ascending order of elevation, whereas, Fig. 2(b) 
indicates the percentage area and percentage of 
landslides in each class. Landslide incidences are 
highest in the elevation range (1024–1423 m) (Fig. 
2b).  

(2) Slope angle 
Slope angle is an essential causative parameter 

for landslide analysis and is used in preparing LSZ 
maps (Saha et al. 2005). DEM of 30 m resolution has 
been used to prepare a slope angle map using ArcGIS 
spatial analyst tool. The slope angle data is classified 
into six classes based on the steepness of the 
topography. Fig. 3(a) shows the slope angle map for 
the Solan district. Fig. 4(a) shows the landslides' 
spatial distribution in each slope angle class. The 
present study follows the trend, i.e., landslide 

Table 1 Details of data and their sources 

Thematic data Resolution/Scale Data source
Spatial distribution of landslide 
in polygon and point data 

Google Earth, Published 
reports, GSI 

Bhukosh portal, Geological Survey of India (GSI) 
http://bhukosh.gsi.gov.in/Bhukosh/Public 

Elevation; Slope angle; Aspect; 
Profile Curvature 

Cartosat 30 m Bhuvan portal, National Remote Sensing Centre 
(NRSC) https://bhuvan.nrsc.gov.in/home/index.php 

Distance to drainage 
Digital Elevation Model 
(DEM),  Cartosat 30 m NRSC 

Distance to lineament Lineament map
(1:25,000) GSI 

Lithology Geological map 
(1:25,000) GSI 

NDVI Landsat 8, 30 m USGS earth explorer; https://earthexplorer.usgs.gov/
Distance to roads Road network map GSI
LULC  ESRI 10 m https://www.arcgis.com/
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incidence increases with the increase of slope angle 
up to a certain angle, i.e., 25°–35°, where the 
maximum frequency of landslide is reached and then 
follows a decreasing trend. A similar trend was found 
by (Dai and Lee 2002). Fig. 4(a) shows that the 
highest landslide incidences are falling in the 
moderate class (25°–35°). 

(3) Aspect 
Landslide susceptibility is related to moisture 

retention and vegetation and controlled by the slope 
aspect. Fig. 3(b) presents the slope aspect map of 
Solan district. Slope aspect is categorized into ten 
directions. Literature shows that south-facing slopes 
are more vulnerable to landslides because The 
southern aspect, which receives excessive sun 
radiation and high rainfall, is more prone to 
landslides (Kumar and Anbalagan 2015). Fig. 4(b) 
shows that south-facing slopes, including southeast, 

south and southwest contain the majority of 
landslides (48%), covering 38% of the study area.  

(4) Profile curvature 
Erosion and deposition are primarily controlled 

by acceleration and deceleration of flow, which is 
represented by curvature. The characterization of 
slope morphology and flow can be analyzed with the 
help of the general curvature map (Nefeslioglu et al. 
2008). In general, the failure probability is higher 
for the concave morphology and this behavior is 
more evident as the slope increases (Giuseppe et al. 
2016). Fig. 3(c) shows the slope curvature map of 
Solan district. Fig. 4(c) shows that 31% of landslides 
occurred in convex and highly convex classes, 
whereas 40% in concave and highly concave classes, 
i.e., landslides incidences are higher in the concave 
type of class.  

(5) Distance to drainage 
Distance to drainage is related to the pore water 

pressure in the slope, which significantly control the 
stability of the slope. Hence the distance to rivers was 
introduced as a critical causative parameter in 
previous research (Conoscenti et al. 2015; 
Pourghasemi et al. 2012; Shahabi et al. 2014). In this 
study, a drainage map with different orders of streams 
was extracted from 30 m DEM using the hydrology 
tool in ArcGIS. In this study, a buffer map with 250 m 
distance intervals to drainage has been prepared and 
classified into five categories, i.e.,<250, 250–500, 
500–750, 750–1000 & >1000. The drainage buffer 
map is shown in Fig. 3(d). Fig. 4(d) shows that 36% 
of landslides occurred <250 m.  

(6) Distance to lineament 
The lineaments represent structural 

discontinuities, which decrease the rock strength. 
Landslide frequency decreases with increasing 
distance from tectonic features (Saha et al. 2002). In 
Garhwal Himalayas, the effect of structural features 
on landslide incidences varies from 250 to 500 m 
(Saha et al. 2002). In the present study, the distance 
to lineaments map is classified into five classes with a 
250 m interval (Fig. 3e). Fig. 4(e) shows that the 
majority of landslides (40%) fall in the first two 
classes, i.e., up to 500 m. 

(7) Geological parameter: Lithology 
Lithology is directly related to the landslide 

susceptibility of an area (Yalcin and Bulut 2007). 
The Solan district's spatial distribution of various 
lithological units is presented in Fig. 3(f). Rocks have 
some inherent properties like compactness, 

(a) 

(b) 

Fig. 2 DEM of the Solan district (a) Elevation map; (b) 
Spatial distribution of landslides in various elevation 
classes. 
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composition & structure, which show different 
resistance against erosion and weathering. Fig. 4(f) 
shows the highest landslide incidences in Sirmur and 
Dharamshala groups.  

(8) Anthropogenic parameter 
The construction of buildings and roads in the 

region and deforestation are the anthropogenic 
parameters responsible for the landslide incidences 
(Kumar et al. 2018). To assess the impact of 
anthropogenic activities, three parameters, namely 
NDVI, distance to road and LULC have been taken in 

the present study. 
The NDVI is considered an influencing parameter 

in landslide susceptibility assessment as it estimates 
the vegetation density (Chen et al. 2017). NDVI map 
has been developed from Landsat 8 Operational Land 
Imager (OLI) imagery using Band 4 & 5. The 
vegetation cover represents the anthropogenic 
interference on hill slopes, which is related to 
landslide occurrences (Pradhan and Lee 2010). Fig. 
3(g) shows the NDVI map of Solan district. Fig. 4(g) 
indicates that no vegetation, less vegetation and very 

(a) (b) 

(c) (d) 

Fig. 3 Landslide causative parameters (a) Slope angle (b) Aspect (c) Profile curvature (d) Distance to drainage (e) 
Distance to lineament (f) Lithology (g) NDVI and (h) Distance to road. (-To be continued-) 
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less vegetation areas contain 69% of landslides.  
The essential anthropogenic parameter causing 

landslides is road construction. The stability of 
Himalayan slopes has been, to a large extent, 
jeopardized by the construction of the road, which 
invariably involves steep and deep back cutting into 
hills. These cuttings include the tremendous release of 
stress, setting in the process of progressive failure. 
Mountainous areas have been experiencing extensive 
construction of road networks, housing development 

schemes and expansion of existing road networks 
along with major river valley projects and tourism 
centers. All these activities have accentuated 
indiscriminate cutting of the slopes and made them 
vulnerable to failure. A road buffer map with buffer 
distances with an interval of 50 m was produced. Fig. 
3(h) shows the distance to road in the Solan district. 
Fig. 4(h) indicates that 29 % of landslide incidences 
are <50 m.  

Land use changes and their role in landslide 

(-Continued-) 

  
(e) (f) 

(g) (h) 

Fig. 3 Landslide causative parameters (a) Slope angle (b) Aspect (c) Profile curvature (d) Distance to drainage (e) 
Distance to lineament (f) Lithology (g) NDVI and (h) Distance to road. 
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occurrences could be assessed by land use and land 
cover changes (LULCC). Many studies suggest that 
LULCC is responsible for landslide incidences (Galve 
et al. 2015; Guillard and Zezere 2012; Meneses et al. 
2019). LULCC is more significant for initiating and re-

activating landslides in areas with high population 
density, infrastructure and human settlement 
(Abancó and Hürlimann 2014; Pinyol et al. 2012). The 
impact of LULCC on regional scale LSZ analysis has 
been illustrated by several researchers (Meneses et al. 

(a) (b) 

(c) (d) 

(e) (f) 

 
(g) (h) 

Fig. 4 Landslide incidence and class area details of causative parameters (a) Slope angle (b) Aspect (c) Profile of  
curvature (d) Distance to drainage (e) Distance to lineament (f) Lithology (g) NDVI and (h) Distance to road. 
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2019; Pisano et al. 2017; Reichenbach et al. 2014). 
This study visualizes the LULC regarding water, trees, 
crops, built area, scrub and bare land and thus helps 
to assess the increasing exposure of landslide 
susceptibility. LULC maps for the years 2017 & 2021 
are presented in Fig. 5. In the study area, the area 
covered by trees decreased by more than 12%, 
whereas crops, built-up, scrub and bare areas 
increased by about 2.04%, 12.46%, 32.68% & 39.11%, 
respectively. Landslide incidences have increased 
significantly in both built areas and bare land.  

2.2.3 Adopted LSZ model: Formulation of 
Frequency Ratio (FR) method 

Landslide distribution and landslide causative 
parameters have been utilized to calculate the FR 
using Eq. 1  

FR௜,௝ ൌ

ே೔,ೕ
∑ ே೔,ೕ
ೕస೙
ೕసభ

൘

஺೔,ೕ
∑ ஺೔,ೕ
ೕస೙
ೕసభ

൘
                               (1) 

where FRi,j represents the frequency ratio of jth 
parameter class of ith parameter. Ni,j is defined as a 
number of landslides in jth parameter class of  ith 
parameter and Ai,j is an area of jth parameter class of 
ith parameter. n represents the total number of 
parameter classes in a particular parameter. 

Relative Frequency Ratio (RFR) has been utilized 
to normalize the FR values (Althuwaynee et al. 2016; 
Sifa et al. 2020). Eq. 2 has been adopted to evaluate 
the RFR values. 

RFR௜,௝ ൌ
ிோ೔,ೕ

						∑ ிோ೔,ೕ
ೕస೙
ೕసభ

                          (2) 

The incorporation of parameter class weights 
(RFRij) was made in a weighted linear combination 
(WLC) model to estimate the landslide susceptibility 
index (LSI) for each pixel. WLC is a concept where 
event-causative parameters can be combined by 
applying primary- and secondary-level weights, as 
given in Eq. 3 (Ayalew et al. 2004). A classification 
technique proposed by Saha et al. (2005) was 

 
(a) (b) 

Fig. 5 LULC map of Solan district in 2017 and 2021. 
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incorporated to prepare the LSZ map of the study area. 
The flowchart of the present study is shown in Fig. 6. 

LSI ൌ 	∑ RFR௜
௜ୀ௠
௜ୀଵ                             (3) 

3    Results and Discussion 

Using FR model, the landslide causative 
parameters were correlated with landslide inventory 
to determine the weightage for different causative 
parameter classes. The derived FR values and RFR for 
different parameter classes are presented in Table 2. 
Pixel-wise integration of these ratings (i.e., in terms of 
RFR values) has been performed to obtain LSI, and 
classification of the LSI values for the whole study 
area has produced the LSZ map. 

Several classification schemes for LSI values are 
available in the literature, such as natural break, 
geometrical interval, quartile and standard deviation. 
In the present study, a method was proposed by (Saha 
et al. 2005). The mean (μ) and standard deviation (ߪ) 
of the LSI range has been calculated by the best-fit 
probability distribution curve. LSI values were 
classified into five susceptibility classes (ranges 
between very low to very high) with boundaries at 
( μ െ 1.5	mσ ), ( μ െ 0.5	mσ ), ( μ ൅ 0.5	mσ ) and 	ሺμ ൅
1.5	mσ). Here, m is defined as a number greater than 
zero (Saha et al. 2005). The m value rules the most 

rational boundaries within the LSI. Different 
m values, i.e., 0.7, 0.8, 1.0 and 1.1 have been 
used to check the most appropriate LSZ map 
(Sangeeta and Maheshwari 2022). LSZ map 
was classified into five susceptibility classes 
namely Very Low Susceptible (VLS), Low 
Susceptible (LS), Moderate Susceptible (MS), 
High Susceptible (HS) and Very High 
Susceptible (VHS). LSZ map has been 
validated using training and testing datasets 
of inventories to evaluate their success and 
prediction rates, respectively.  

3.1 FR and RFR calculation  

Table 2 represents the calculation results 
of FR model for each class present in whole 
causative parameter maps based on the 
relationship with the training landslide 
inventory dataset. The RFR values were 
normalized from FR values between 0 to 1. 
The relationship results in weights, which 

indicates the importance of factors/ classes on 
landslides. Topographic parameters are found to have 
a good relationship with landslide incidences. Among 
the slope angle categories, high RFR is observed in 
the very high slope category (45°- 55°). On steep 
slopes, the weight of the possible mobilized material 
under gravity will be more as compared to a moderate 
slope. Shear strength being the same in both cases, a 
steep slope with more mobilizing force may fail early 
(Anbalagan et al. 2015). Aspect is also found to be an 
important factor in this area. Very high RFR values, 
i.e., 0.12, 0.22 and 0.17 are found for the southeast, 
south and southwest aspects, respectively. Southern 
aspects of the study area, which receive excessive sun 
radiation and high rainfall, are more prone to 
landslides. In the case of drainage, RFR values are 
found to be high in the range of >250 m and it can be 
attributed to the stream bank erosion due to the river  
flow, such as gulling and toe cutting, which further 
leads to landslides (Anbalagan et al. 2015). The 
mapped lineaments significantly influence the spatial 
distribution of the landslides. Areas that are in close 
vicinity of the lineament show high RFR value. 
Lithology of the area belongs to different groups and 
each group is represented by a characteristic rock type, 
which might govern landslide incidence. Among 
different lithological units present in the study area, 
the Ballina group shows a high probability and has 

Fig. 6 Conceptual framework of the study. 
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Table 2 Spatial relationship between each landslide causative parameter and landslide

Landslide 
causative 
parameter 

Class Area (km2) Aij 
% of 
pixel in 
the class

Lij 
% of landslide 
pixels in the 
class 

Training landslide 
pixels in the class FR RFR
Number  %  

Slope 
angle (°) 

< 15 675.33 797942 34.88 94 5.29 63 4.48 0.13 0.01
15 - 25 627.77 741745 32.42 472 26.56 359 25.55 0.79 0.07
25 - 35 493.56 583172 25.49 817 45.98 668 47.54 1.87 0.17
35 - 45 121.51 143575 6.28 358 20.15 281 20.00 3.19 0.29
45 - 55 9.66 11415 0.50 32 1.80 30 2.14 4.28 0.39
>55 8.00 9876 0.43 4 0.23 4 0.28 0.66 0.06

Aspect 

Flat 1.92 2263 0.10 0 0.00 0 0.00 0.00 0.00
North 206.00 243055 10.62 148 8.33 93 6.62 0.62 0.08
Northeast 242.41 286426 12.52 166 9.34 123 8.75 0.70 0.09
East 224.83 265653 11.61 140 7.88 118 8.40 0.72 0.09
Southeast 194.77 230131 10.06 154 8.67 130 9.25 0.92 0.12
South 247.00 291844 12.76 343 19.30 304 21.64 1.70 0.22
Southwest 302.00 356829 15.60 353 19.86 292 20.78 1.33 0.17
West 290.57 343327 15.01 272 15.31 237 16.87 1.12 0.14
Northwest 226.99 268198 11.72 201 11.31 108 7.69 0.66 0.08

Profile 
curvature 

Highly convex 98.11 115927 5.07 154 8.67 127 9.04 1.78 0.28
Convex 365.31 431628 18.87 399 22.45 323 22.99 1.22 0.19
Flatter 846.40 1000066 43.71 522 29.38 420 29.89 0.68 0.11
Concave 504.44 596024 26.05 511 28.76 383 27.26 1.05 0.16
Highly concave 121.94 144080 6.30 191 10.75 152 10.82 1.72 0.27

Distance to 
drainage 
(m) 

<250 425.65 502933 21.98 642 36.13 435 30.96 1.41 0.29
250-500 377.83 446425 19.51 214 12.04 184 13.10 0.67 0.14
500-750 336.83 397983 17.40 221 12.44 179 12.74 0.73 0.15
750-1000 290.54 343285 15.01 217 12.21 179 12.74 0.85 0.18
>1000 505.00 597100 26.10 483 27.18 428 30.46 1.17 0.24

Distance to 
lineament 
(m) 

<250 56.09 333080 14.56 354 19.92 302 21.49 1.48 0.29
250-500 55.76 302820 13.24 342 19.25 257 18.29 1.38 0.27
500-750 55.57 273831 11.97 225 12.66 145 10.32 0.86 0.17
750-1000 54.49 247693 10.83 105 5.91 79 5.62 0.52 0.10
>1000 1714.00 1130301 49.41 751 42.26 622 44.27 0.90 0.17

Distance to 
road (m) 

<50 81.92 96798 4.23 508 28.59 405 28.83 6.81 0.53
50 - 100 72.34 85473 3.74 174 9.79 143 10.18 2.72 0.21
100 -150 65.00 76796 3.36 49 2.76 39 2.78 0.83 0.06
150 - 200 60.14 71059 3.11 38 2.14 30 2.14 0.69 0.05
200 - 250 56.42 66659 2.91 51 2.87 43 3.06 1.05 0.08
>250 1600.00 1890940 82.66 957 46.15 745 53.02 0.64 0.05

NDVI 

Water 196.00 231422 10.12 335 18.85 196 13.95 1.38 0.26
No vegetation 405.56 479195 20.95 342 19.25 290 20.64 0.99 0.19
Very less vegetation 567.61 670661 29.32 448 25.21 377 26.83 0.92 0.18
Less vegetation 501.00 591958 25.88 439 24.70 358 25.48 0.98 0.19
High vegetation 266.17 314489 13.75 213 11.99 184 13.10 0.95 0.18

Lithology 

Baliana 98.02 115815 5.06 144 8.10 136 9.68 1.91 0.19
Dagshai and Kasauli 110.14 130135 5.69 175 9.85 140 9.96 1.75 0.17
Jaunsar 69.27 81843 3.58 14 0.79 10 0.71 0.20 0.02
Jutogh 5.17 6113 0.27 7 0.39 6 0.43 1.60 0.16
Krol 55.12 65127 2.85 26 1.46 20 1.42 0.50 0.05
Newer Alluvium 45.42 53670 2.35 17 0.96 14 1.00 0.42 0.04
Older Alluvium 221.01 261131 11.41 0 0.00 0 0.00 0.00 0.00
Shali 113.17 133717 5.84 315 17.73 22 1.57 0.27 0.03
Simla 274.21 324406 14.18 283 15.93 237 16.87 1.19 0.12
Sirmur and Dharamshala 447.50 528748 23.11 771 43.39 571 40.64 1.76 0.17
Siwalik 484.33 572263 25.01 315 17.73 249 17.72 0.71 0.07
Undifferentiated 
Quaternary 12.49 14757 0.65 0 0.00 0 0.00 0.00 0.00

LULC  
(Year 2021) 

Water 5.56 6566 0.29 8 0.45 8 0.57 1.98 0.39
Tress 957.11 1130871 49.43 815 45.86 647 46.05 0.93 0.18
Crops 166.69 196950 8.61 7 0.39 7 0.50 0.06 0.01
Built up 244.24 288583 12.61 135 7.60 105 7.47 0.59 0.12
Scrub 1.24 1470 0.06 0 0 0 0.00 0.00 0.00
Bare 561.37 663285 28.99 812 45.69 638 45.41 1.57 0.31

Note: Aij, Number of pixels in the class; Lij, Number of landslide pixels in the class. RFR, Relative Frequency Ratio. 
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the RFR value of 0.19. Building settlements over the 
slope play a main role in the landslide occurrences in 
the study area, which can be observed from the high 
frequency ratio for the built-up class in the LULC 
layer. In the study area, the road network has the 
highest influence on the spatial distribution of 
landslides with the highest FR. The area in the vicinity 
of 50 m buffer of the roads has the highest RFR of 
0.53. This can be attributed to the fact that 
uncontrolled blasting and excavation during road 
construction on these fragile slopes lead to frequent 
landslides. 

3.2 Classification of LSI and LSZ Mapping 

The LSZ map of the study area using the RFR 
values of causative parameter classes pixel-wise has 
been generated using Eq. 1 & 2 and subsequently, the 
range of LSI values are classified into five different 
susceptibility classes. Two LSZ maps (Fig. 7) have 
been produced with the LULC data for the years 2021 
and 2017, respectively. This study highlights the 
landslide susceptibility differences derived exclusively 
from the LULC data properties because the other 
landslide causative parameters are the same in both 
maps. A detailed discussion on the comparison and 
influence of anthropogenic activities on landslide 
susceptibility is presented in section 5.2. In the 
susceptibility map for the year 2021 (Fig. 7a), 6.07% 
of the total areas fall under the VHS class. The areas 

categorized under HS, MS, LS, and VLS classes are 
found to be 16.48%, 29.15%, 30.70%, and 17.60%, 
respectively. The VHS class contains 38.36% area of 
the total landslide events and the VLS class contains 
only 0.57% area of the total landslide events. It is 
evident from Table 3 that the VHS classes of both 
training and testing datasets have the highest number 
of landslide incidences and lowest class area. The LSZ 
map is acceptable as higher percentages of landslide 
occurrence in the VHS class and a decreasing trend of 
class area have been observed toward higher 
susceptibility classes. LSZ map for the year 2021 
shows that more area of VHS class falls in the built-up 
category as a comparison to LSZ map of the year 2017. 
In the LSZ map, VHS classes are concentrated along 
the road networks. These findings suggest the impact 
of anthropogenic activities on landslide susceptibility.  

3.3 Verification and Validation of LSZ Map 

In the current study, LSZ map produced by FR 

(a) (b) 

Fig. 7 Landslide susceptibility zonation (LSZ) maps of the Solan district in 2021 (a) and 2017 (b). 

Table 3 Classification of landslide susceptibility 
zonation (LSZ) map in 2021 

LSZ  
class 

Landslide  
susceptibility  
index (LSI)  

Area  
(%) 

Landslide (%)
Training  
dataset 

Testing 
dataset 

Very Low 60 - 103 17.60 0.57 1.34
Low 103 - 121 30.70 8.11 5.65
Moderate 121 - 139 29.15 21.57 19.09
High 139 - 161 16.48 31.39 34.14
Very High 161 - 249 6.07 38.36 39.78



J. Mt. Sci. (2023) 20(2): 429-447 

 441

model was validated by comparing the LSZ map with 
the training and testing data sets. In order to do this, 
landslides were randomly separated into two data sets: 
80% of landslides were classified as training data, and 
the remaining 20% of landslides were used as training 
data. Three different approaches, namely area under a 
curve, landslide density and root square mean error 
methods have been adopted.  

3.3.1 Area under Curve 

The area under curve (AUC) has been used to 
validate LSZ map of the year 2021 using success and 
prediction rate curves (Ozdemir and Altural 2013). 
Fig. 8 shows the Success and prediction rate curves 
for the study area. The success and prediction rate 
curve suggests that the AUC for the training and 
testing datasets are 0.79 & 0.80, which is a reasonably 
good value. 

3.3.2 Landslide density 

Landslide density has been utilized to verify the 
degree of fit of LSZ map of the year 2021. Landslide 
density is calculated using Eqs. 4(a, b).  

Landslide densitytraining =  
ୠ୲୰౟
ୟ౟

                        4(a) 

Landslide densitytesting =  
ୠ୲ୱ౟
ୟ౟

                         4(b) 

where training and testing landslides are presented by 
btr୧	& bts୧ , respectively and  a୧  is susceptibility class 
area. Table 4 shows the comparative results of 
landslide training and testing landslides. Landslide 
density for both training and testing data are 
comparable and maximum in VHS class, validating 
developed maps. 

3.3.3 Root Mean Square Error 

LSZ map of the year 2021 has also been validated 
through a statistical-based method, i.e., Root Mean 
Square Error (RMSE). RMSE is used to calculate the 
modeling error (Tsangaratos et al. 2017), which is 
calculated as follows: 

RMSE ൌ ට∑ ൫௬೚್ೞି௬೛ೝ೐൯
మ೙

೔సభ

୒
                         (5) 

where N is the number of landslides, yobs is the 
observed landslide, and ypre is the predicted landslide. 
According to Can et al. (2005), values of RMSE < 0.5 
indicate good predictive models, respectively. In the 
present study, the result of RMSE is 0.056, 
confirming the model as a good predictive model for 
landslide susceptibility mapping. 

3.4 Impact of anthropogenic activities on 
landslide occurrences 

An ever-growing inflow of tourists to towns and 
pilgrimages in the hills has led to a growing clamor 
for wider roads. However, the desire for quicker and 
easier access to the hills is coming at a high cost. 
Rampant widening of roads that pass through fragile 
mountains is leading to slope instability, irreparable 
damage to the ecology, and an increased risk of 
landslides. The impact of anthropogenic activities on 
landslide occurrences has been discussed here:  

3.4.1 Landslide analysis along National 
Highways 

Previous studies suggest landslide risk is 
associated with road construction (Agarwal and Dixit 
1986; Arbanas and Dugonjić 2010; Gautam et al. 2019; 
Mukherjee et al. 2020). Road construction (new roads 
and road widening projects) is one of the main 
anthropogenic activities in the Himalayan region. 
Therefore, to understand the relationship between 
human-induced landslide (HIL) and road networks, 
the distribution of landslides along the four major 
national highways has been studied. Due to the width 
of the road network, in most cases, these 
infrastructures are included in the built-up area in 

 
Fig. 8 Success and prediction rate curves of the 
landslide susceptibility zonation (LSZ) map. 

  
Table 4 Landslide density for all landslide susceptibility 
zonation (LSZ) classes  

LSZ Class 
Landslide density 

Training dataset Testing dataset
Very Low 0.032 0.076 
Low 0.264 0.184 
Moderate 0.740 0.655 
High 1.905 2.072 
Very High 6.324 6.559 
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LULC map. So, understanding the individual impact 
of roads needs to be studied separately from the other 
anthropogenic activities. Fig. 9 shows the road 
network of the Solan district and landslide 
distribution along with it. A detailed analysis has been 
conducted to understand the landslide distribution 
along four major national highways, NH 5, NH 907A, 
NH 105 & NH 205 and their respective triggering 
mechanisms. A buffer of 1 km along the road has been 
created to analyze the landslide spatial distribution. 
Landslide inventory has been divided into two groups 
that are RIL and HIL to study anthropogenic activities. 
A total of 232 landslides are falling in the buffer zone, 
out of which 83 landslides are due to anthropogenic 
activities. Part of NH 5, which falls in Solan district, is 
75 km long. A total of 151 landslides are falling in this 

buffer zone. Out of this, 104 landslides are rainfall-
induced and 47 are due to anthropogenic activities. 
This includes road widening and excessive settlement 
in the area. In recent years many landslides have been 
reported along national highways. According to 
studies conducted in the past, landslide occurrence in 
Solan district, Himachal Pradesh has a wide 
distribution, but there are a few pockets along NH 5, 
where slope failure is rampant and recurrent. These 
include Chakki Ka Mor, near Sanwara, Jabli, near 
Kumarhatti, Saproon Chownk, Dharampur. Fig. 10 
shows some recent damage on NH 5. 

NH 907A is a branch of NH 7. The length of NH 
907A is 13.76 km. A total of 29 landslide events are 
reported along this highway, which are all rainfall-
induced. Pinjore-Baddi-Nalagarh NH 21A is now 
known as NH 105. The total length of this highway in 
Solan district is 47 km. A total of 17 landslides are 
falling along this highway, and anthropogenic 
parameters trigger all. The total length of NH 205 is 
38 km in the Solan district. A total of 35 landslides are 
falling along this highway. Out of 19 are 
anthropogenic and 16 are due to rainfall. Table 5 
shows the recent landslides and damages along the 
national highways in Solan district. Results show that 
36% of landslides along highways are triggered due to 
anthropogenic activities.  

3.4.2 Evolution of LULC and LSZ 

Two different LSZ maps have been prepared by 
LULC map for the years 2017 and 2021 to compare 
the temporal progression of LULC and landslide 
susceptibility for the duration of the last five years. 
Fig. 7(a) shows the LSZ map developed by LULC for 
the year 2021, which has been compared with the LSZ 
map for the year 2017 shown in Fig. 7(b). Results 
clearly depict the change in all susceptibility classes. 
Area of VLS & LS classes has decreased from the year 
2017 to 2021. On the contrary, MS, HS and VHS 
classes have increased. The comparison between the 
LULC maps (Fig. 5) reveals that the area occupied by 
forest has reduced, whereas the area occupied by bare 
land increased. The present result confirmed the 
hypothesis that the susceptibility to landslides is 
dependent on the LULCC (Vanacker et al. 2003). 
Many previous studies have suggested that the 
frequency of landslides and associated risks to 
infrastructure buildings and people are likely to 
increase due to changing climate and land use 
patterns (Gariano and Guzzetti 2016). It is evident 

(a) 

(b) 

Fig. 9 (a) Rainfall-Induced Landslide (RIL) and 
Human-Induced Landslide (HIL) distribution; (b) 
Spatial distribution of landslides in various elevation 
classes along National highways in Solan district. 
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from the LULCC maps that there is an increase in the 
built-up area. Population increase and infrastructure 
construction in the vulnerable zone are intensifying 
the probability of landslides. In the GIS-based method, 
the selection of high quality, accurate and up-to-date 
landslide controlling parameters, landslide inventory 
and appropriate analysis approach is very important 
(Magliulo et al. 2008). In the case of the Solan district, 
nine spatial landslides controlling parameter along 
with a detailed landslide inventory has been adopted 
to perform LSZ map. Comparing the LSZ maps of 
different time span shows the significant role of 
anthropogenic activities on landslide susceptibility. 
Fig. 7 clearly shows that areas around built-up areas 
and road networks fall in the HS and VHS classes. 
LSZ maps designate the most vulnerable areas in the 
Solan district, which may be the basis for the use of 
preventive or protective measures. Fig. 11 (a) shows 
the Spatial distribution of HIL, which has been used 

to check the relation between anthropogenic activities 
and landslide susceptibility. Fig. 11 (b) clearly shows 
that more number of human-induced landslides is 
falling in the VHS class in the year 2021 as compared 
to 2017. This clearly confirms that area which is prone 
to landslides has been increased and influenced by 
anthropogenic activities.  

4    Conclusions 

The present study focuses on the influence of 
anthropogenic activities on landslide susceptibility 
zonation (LSZ) mapping in mountainous area. For 
this purpose, Solan district is chosen because it is an 
important location from a tourism point of view and 
there were a lot of landslides in the past. This study 
adopted a bivariate statistical-based frequency ratio 
(RFR) model to simulate the landslide susceptibility. 

(a) 
 

(b) 

Fig. 10 Landslide damage on NH 5. (a) A portion of Parwanoo-Shimla road caved near Chakki Mod (Source: 
https://indianexpress.com/article/india/landslides-disrupt-rail-and-road-traffic-between-chandigarh-and-shimla-
5305537/); (b) Big boulders often fall on the four-laned Parwanoo-Dharampur section 
(https://www.tribuneindia.com/news/himachal/single-lane-traffic-to-avert-mishaps-on-parwanoo-nh-301197).  

 
Table 5 Recent landslide incidences in the Solan district 

National 
Highway Detail of landslide event Date of event

NH 5 NH 5 was blocked due to a landslide in Kandaghat in the Solan district of Himachal Pradesh Jul. 29, 2021
NH 
907A 

One person died and two others were injured due to the landslide, the Nahan-Kumharhatti 
NH-907-A was blocked Aug. 4, 2021

NH 5 
In a bid to avert accidents due to reoccurring landslides and shooting stones on the 
Parwanoo-Kaithlighat section of National Highway NH 5, vehicular traffic is channeled 
through a single lane  

Aug. 24, 2021

NH 205 A massive landslide  blocked the National Highway 205 Sep. 14, 2021

NH 5 Landslide near Kandaghat on the Solan-Shimla section of NH 5 caused a temporary 
halting of traffic Nov. 24, 2021

NH 5 A landslide at Kyaribaglou near Kandaghat in Solan district caused major disruption on 
the Chandigarh-Shimla NH 5 

Sep., 2020 

NH 5 
Massive mudslides hit the Chandigarh-Shimla national highway between Parwanoo and 
Solan towns in Himachal Pradesh  Jul. 13, 2019
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Spatial distribution of landslides has been classified 
into two categories: Rainfall-induced landslide (RIL) 
and Human-induced landslide (HIL) based on the 
triggering parameters. Landslide inventory consists of 
1777 landslide pixels, where 80% of current landslide 
events were randomly selected for LSZ training, 
whereas 20% were utilized for the model validation 
goals. Nine landslide causative parameters (slope, 
aspect, curvature, distance to drainage, distance to 
lineament, lithology, distance to road, NDVI and land 
use land cover) were utilized to prepare LSZ map 
along with landslide inventory, which includes both 
RIL and HIL. In the context of outputs, LSZ map was 

produced and reclassified into five classes based on 
level of susceptibility. The verification and validation 
results show that the LSZ map simulated by the FR 
model showed reasonably good prediction accuracy. 
The influence of anthropogenic parameters has been 
illustrated by the spatial distribution of RIL and HIL 
separately along national highways and land use land 
cover changes (LULCC) from 2017 to 2021. Results 
indicate a strong relationship between anthropogenic 
activities and landslide susceptibility. Key conclusions 
and findings are as follows: 

1. Landslide susceptibility map of the Solan 
district shows that the entire study area can be 
divided into five respective susceptibility classes:  very 
low (17.60%), low (30.70%), moderate (29.15%), high 
(16.48%), and very high (6.07%). Landslide 
incidences in these classes are 0.57%, 8.11%, 21.57%, 
31.39% and 38.36%, respectively. Landslides 
susceptibility is higher along the road network.  

2. For each susceptibility class, the landslide 
density was computed and it was observed that the 
landslide density value for the very high susceptible 
zone is 6.324 and 6.559 for the training and testing 
dataset, respectively. These values are very close and 
considerably on the higher side as compared to other 
susceptible classes.  

3. The success rate and prediction rate curves 
indicate that the AUC for the training and testing 
dataset are 0.79 & 0.80. Furthermore, the result of 
RMSE is 0.056. The validation results confirm that 
the proposed LSZ map has reasonably good predictive 
capacity.  

4. Two LSZ maps were produced and compared 
using LULC for the years 2017 and 2021 to analyze 
the effect of anthropogenic activities. Comparison 
results indicate areas belonging to high susceptible 
classes have been increased, whereas lower 
susceptible classes have been reduced.  

5. A detailed study along national highways 
(NH 5, NH 907A, NH 105 and NH 205) indicates that 
a total of 232 landslides occurred along highways 
within a 1 km buffer zone. Out of these, more than 50 % 
are triggered due to anthropogenic parameters.   

The proposed study will contribute significantly 
to the first priority of the latest Sendai Framework 
(2015 - 2030), which governs and guides the context 
of disaster risk reduction and disaster resilience 
internationally. This proposed study will be helpful in 
disaster risk reduction planning, mitigation measure 
and future development strategies.  

 
(a) 

 

(b) 

Fig. 11 (a) Human-induced landslide (HIL) distribution 
in different susceptibility classes; (b) Comparison 
between landslide susceptibility zonation (LSZ) in 2017 
and 2021. 
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