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Abstract: China-Pakistan Economic Corridor (CPEC) 
is a framework of regional connectivity, which will not 
only benefit China and Pakistan but will have positive 
impact on Iran, Afghanistan, India, Central Asian 
Republic, and the region. The surrounding area in 
CPEC is prone to frequent disruption by geological 
hazards mainly landslides in northern Pakistan. 
Comprehensive landslide inventory and susceptibility 
assessment are rarely available to utilize for landslide 
mitigation strategies. This study aims to utilize the 
high-resolution satellite images to develop a 
comprehensive landslide inventory and subsequently 
develop landslide susceptibility maps using multiple 
techniques. The very high-resolution (VHR) satellite 
images are utilized to develop a landslide inventory 
using the visual image classification techniques, 
historic records and field observations. A total of 1632 
landslides are mapped in the area. Four statistical 
models i.e., frequency ratio, artificial neural network, 
weights of evidence and logistic regression were used 
for landslide susceptibility modeling by comparing 
the landslide inventory with the topographic 

parameters, geological features, drainage and road 
network. The developed landslides susceptibility 
maps were verified using the area under curve (AUC) 
method. The prediction power of the model was 
assessed by the prediction rate curve. The success rate 
curves show 93%, 92.8%, 92.7% and 87.4% accuracy 
of susceptibility maps for frequency ratio, artificial 
neural network, weights of evidence and logistic 
regression, respectively. The developed landslide 
inventory and susceptibility maps can be used for 
land use planning and landslide mitigation strategies. 
 
Keywords: Landslides; Inventory map; 
Susceptibility assessment; Northern Pakistan; CPEC 

1     Introduction  

The spatial likelihood of landslides is largely 
determined by local topography, geomorphology, 
geology, hydrology, landcover, tectonic features and 
human activities; and analyzed to evaluate the 
landslide susceptibility assessments (Reichenbach et 
al. 2018). Landslide susceptibility assessment models 
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often follow the assumption that the past and current 
conditions for landslides will remain consistent in the 
future (Zhou et al. 2018). Landslide susceptibility 
techniques can be qualitative or quantitative, whereas 
qualitative techniques inject subjectivity in descriptive 
susceptibility zonation and quantitative techniques 
estimate the probabilities of landslide occurrence in a 
susceptibility zone (Guzzetti et al. 1999; Reichenbach 
et al. 2018). Landslide susceptibility assessment 
initiates with the preparation of a comprehensive and 
realistic landslide inventory map, exhibiting the 
location, spatial extent, date of occurrence and type of 
the landslide (Guzzetti et al. 2012; Shafique et al. 
2016). The developed landslide inventory maps are 
later compared with the predisposing geo-
environmental factors including topography, 
geomorphology, geology, land cover, hydrology and 
other variables to evaluate the probability of terrain to 
cause a landslide and consequently assigned to the 
susceptibility level (Ilia and Tsangaratos 2016; Chen 
et al. 2017; Khan et al. 2018; Reichenbach et al. 2018; 
Riaz et al. 2018). Frequently applied landslide 
susceptibility models include the Analytical Hierarchy 
Model (Hung et al. 2015; Wu et al. 2016; Wang and Li 
2017), Weight of evidence model (Neuhäuser et al. 
2012; Ilia and Tsangaratos 2016;Razavizadeh et al. 
2017), Frequency ratio (Wu et al. 2016; Wang and Li 
2017; Khan et al. 2019) Artificial Neural Network 
(Yilmaz 2009; Pradhan and Lee 2010; Choi et al. 
2012), Logistic Regression (Ozdemir and Altural 2013; 
Shahabi et al. 2014; Umar et al. 2014), Machine 
Learning Methods (Chen et al. 2016; Chen et al. 2017; 
Zhou et al. 2018), Certainty Factor (Wu et al. 2016) 
and Random Forest (Youssef et al. 2015; Kim et al. 
2018; Park and Kim 2019). The majority of these 
studies utilize a single model for landslide 
susceptibility assessment, however, there is a growing 
trend of comparing the results from applying two or 
multiple models, and compare the derived landslide 
susceptibility maps (Reichenbach et al. 2018). Rossi 
et al. (2010) and Reichenbach et al. (2018) 
recommend applying multiple models for landslide 
susceptibility assessment and develop an “optimal” 
susceptibility zonation map to minimize the model 
uncertainty and its credibility to utilize for land use 
planning.  

Mountainous terrains in northern Pakistan are 
frequently subjected to devastating land sliding driven 
by the rough terrain, the highest rate of tectonic uplift, 
active denudation, glaciation, climatic conditions, 

climate change and human factors (Bishop et al. 1998; 
Hewitt 2009; Hewitt 2009; Bacha et al. 2018). 
Landslides in northern Pakistan are investigated by a 
range of researchers using field observations, 
geological records, tectonic features and historical 
records (Jones et al. 1983; Bishop et al. 1998; 
Derbyshire et al. 2001; Korup et al. 2007). (Ahmed 
and Rogers 2014) utilized geomorphic analysis of the 
hillshade map, to demarcate landslides with a length 
of > 500 m, which are subsequently used by Ahmed et 
al. (2014), for preliminary susceptibility assessment 
using expert-based weighted overall and fuzzy logic 
techniques. Calligaris et al. (2013) have used the 
topographic maps and field survey to map landslides 
in the Central Karakorum National Park (CKNP) and 
subsequently used to develop landslide susceptibility 
maps using the Analytical Hierarchy Process. This 
study aims to develop a comprehensive landslide 
inventory along the Karakorum Highway (KKH) as 
the major transportation corridor, using high-
resolution satellite images supported with field 
observation and utilize it further to develop more 
realistic landslide susceptibility assessment using 
Weight of Evidence modeling, Frequency Ratio, 
Logistic Regression and Artificial Neural Network. 
The derived landslide susceptibility maps are 
compared and evaluated to determine the highly 
accurate landslide susceptibility map for the area.  

2    Study Area 

The study is conducted along the KKH, from 
Thakot to Chilas section in northern Pakistan (Fig. 1). 
Under the umbrella of the Belt and Road Initiative 
(BRI) of the Chinese government, the flagship 
segment is the China-Pakistan Economic Corridor 
(CPEC), aiming to link the Gwadar port in southern 
Pakistan with the Chinese city of Kashgar, through a 
network of roads and railways with a length of around 
3000 km. The KKH in northern Pakistan is 
considered a critical section of the CPEC, however, it 
is prone to frequent disruption due to many geological 
and hydro-climatological hazards along the route. 
Among these, landslides are the most frequent and 
damaging to the highway, economic activities and 
human lives. Annual precipitation in the region varies 
from 127 mm to 1313 mm. Dominant landforms in the 
region are steep rock walls of hundreds of meters. 
Valleys in the region are filled with thick layers of 



J. Mt. Sci. (2021) 18(3): 583-598 

 585

unconsolidated lacustrine, glacial and fluvial deposits. 
The presence of loose material on the steep slopes, 
valley floor and rugged topography support a high 
rate of erosion by the river Indus and its tributaries. 
Sediments of different origins (morainic, alluvial, 
lacustrine, debris-flow and aeolian) with a thickness 
of up to 100 m are unevenly distributed in the region 
(Owen 1988; Hewitt 1999). Most of these deposits are 
poorly consolidated and rarely cemented and hence 
are favorable for landslides in the form of debris flow 
and debris fall (Derbyshire et al. 2001). The combined 
impact of the high rate of erosion, rugged topography, 
active tectonics, anthropogenic factors makes this 
region one of the most prone to frequent and 
damaging landslides.  

3    Materials and Methods 

3.1 Landslide inventory 

Visual interpretation of the acquired high-
resolution WolrdView-2 Images at a spatial resolution 
of 0.46 m, supported with field knowledge is utilized 
for mapping the landslides. The WorldView-2 images 
were analyzed in 3D visualization by combining with 
the SRTM DEM, to precisely demarcate the landslides 
outline (Table 1). Spectral information, shape, 
roughness and color of the features on the images 
were used to demarcate the landslides (Chauhan et al. 
2010).  

The diagnostic shapes of various landslide types 
were also utilized to demarcate landslides and 
classified (Fig. 2) using Hunger et al. (2014) 
classification.  

3.2 Causative factors 

To evaluate the influence of the landslide 
causative factors on landslide distribution, a database 

 
Fig.1 Location of the study area showing major towns along Karakoram Highway. 

 
Table 1 Description of data used in the study 

Data Derived factors Source 

WorldView-2  
Images (Resolution 0.46 m) 

Landslide inventory 
Digital globe  Landcover 

Road 

Documented records Landslides inventory Frontier Works Organization (FWO), published papers, 
police reports and revenue records 

Shuttle Radar Topography Mission 
(SRTM) Digital Elevation Model 
(DEM) with 30-m resolution 

Slope 

(USGS 2017) 
Aspect 
Distance to streams 
Curvature 

Geology Map at a scale of 1: 250,000 Geological Units Geological Survey of Pakistan KKH Log, 2000 
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is developed comprising of topographic information 
and hydrological network derived from the DEM, 
geological information from the geological map and 
infrastructure from the utilized WorldView-2 image.  

3.2.1 Topographic features 

Topographic information of terrain elevation, 
terrain aspect, slope and curvature were computed 
from the Shuttle Radar Topography Mission (SRTM) 
DEM with a spatial resolution of 30 m.  

3.2.2 Geology 

Geological information of the area is derived 
from the Geological map of the area developed by the 
Geological Survey of Pakistan (GSP) with a scale of 
1:250,000. Unfortunately, a large-scale geological 
map of the area was not available to capture the 
detailed geological information of the area. A total of 
nine geological formations were digitized (Fig. 3). 
Most of the historical large landslides in the region 
are located in close vicinity of the fault (Hewitt 2009). 
In the study area, the major faults include the Main 
Boundary Thrust (MBT) and the Main Mantle Thrust 
(MMT) system passes through the study area (Searle 
et al. 1999;Khan 2000). Faults in the region are 
mapped from the geological map of the area. Distance 

from the faults was classified following Dou et al. 
(2015). 

3.2.3 Roads and stream 

The stream network of the area is computed from 
the SRTM DEM using the ArcHydro tools in ArcGIS. 
Six buffer zones of distance to stream were generated 
following Dou et al. (2015). Similarly, road 
construction in the study area involves excavation, 
land cutting and uncontrolled blasting that drive the 
slope instability and landslides (Yalcin et al. 2011). 
The road network of the area is extracted from the 
acquired WorldView-2 image for the area. Proximity 
to the road was classified into 6 different classes (< 10 
m to > 200 m). All the selected causative factors were 
converted to raster maps with 30 m spatial resolution 
to utilize them for landslide susceptibility maps. 

3.2.4 NDVI 

The Normalized Difference Vegetation Index 
(NDVI) is the graphical representation of the 
distribution and intensity of the green vegetation and 
is usually computed from the remote sensing images. 
The NDVI layer is classified in to five class i.e. < 
0.084, 0.084 - 0.221, 0.222 - 0.397, 0.398 - 0.577 
and > 0.577 following (Nohani et al. 2019) (Fig. 3i).  

 
Fig.2 Spatial distribution of landslide types identified in the study area. 
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Fig. 3 Thematic layers of the selected causative factors used in the study to evaluate their impact on the spatial 
distribution of the landslides. 
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3.3 Description of methods 

Landslide susceptibility assessment in the study 
area was implemented using the methods of Weight of 
Evidence Modelling (WofE), Frequency Ratio (FR), 
Logistic Regression (LR) and Artificial Neural 
Network (ANN). Using these methods, the influence 
of the selected causative factors on the landslide 
inventory is investigated to determine the 
susceptibility of the terrain to landslides.  

3.3.1 Weights of evidence model 

The Weight of Evidence (WofE) method is a 
quantitative technique for landslide susceptibility 
assessment. It is based on the Bayes theorem and 
evaluates the relative significance of each class of the 
independent variables on the dependent variable 
(Bonham-Carter 1994). The theoretical background 
and mathematical algorithms of the WofE are 
explained by Bonham-Carter et al. (1988), Bonham-
Carter et al. (1989) and Bonham-Carter et al. (1994). 

3.3.2 Artificial Neural Network (ANN) 

A neural network is the model of argumentation 
based on the human brain comprising of 
interconnected nerve cells or neurons (Negnevitsky 
2011). The ANN is repeatedly utilized to evaluate 
landslide susceptibility assessment by analyzing the 
landslide inventory and causative factors (Lee et al. 
2001; Caniani et al. 2008; Aditian et al. 2018; 
Valencia Ortiz and Martínez-Graña 2018). The multi-
layer perceptron (MLP) neural network explained by 
(David and James 1987) is one of the most extensively 
used ANN techniques (Pijanowski et al. 2002). The 
MLP network consists of three layers i.e. input, 
hidden, and output layers and can identify 
associations that are non-linear (Pijanowski et al. 
2002). The correlations between the variables and 
neural network equations were established in ArcGIS 
10.5. Subsequently, the landslides and non-landslides 
point data are partitioned into “training data” and 
“test data”. The 1300 landslides and 1300 non-
landslide points were selected for training the ANN. 
Similarly, 331 landslides and 331 non-landslide points 
were used for the prediction testing. The popular 
ANN model used in prediction tasks is the Multi-
Layer Perceptron (MLP) with a feed-forward back-
error propagation (BP) type of learning algorithm. A 
three-layer feed forward MLP learning algorithm was 
trained, which consists of one input layer, two hidden 

layer, and one output layer. After the final weight 
calculation, GIS-based weighted linear combination 
was used in the ArcGIS using the Eq. 1. 

LS ൌ ∑ ௪݂௜ 	ൈ s
௡
௜ୀଵ ௜௝                             (1) 

Where LS is the final ANN weights, fwi is the 
importance of the landslide causative factor i, and sij 
is the rescaled weight for category j of factor i. The LSI 
map was subsequently classified into five classes 
based on the ‘‘Natural Breaks’’ method. 

3.3.3 Logistic Regression 

Logistic regression is frequently applied for 
landslides susceptibility assessment, considering the 
landslide inventory as the dependent variables and 
the selected causative factors as the independent 
variables (Meng et al. 2016; Lucas and Sven 2017; 
Aditian et al. 2018; Schlögel et al. 2018). The total 
number of landslide pixels and an equal number of 
randomly selected cells from non-landslide areas and 
were divided into training (70 %) and validation (30%) 
dataset. Therefore, the developed landslide inventory 
as the dependent variable and the selected landslide 
causative factors as the independent variables were 
converted to ASCII format and analyzed using logistic 
regression modeling in the statistical package of SPSS.  

3.3.4 Frequency Ratio 

The frequency ratio is based on the relationship 
between the spatial distribution of landslides and 
each conditioning parameter. The frequency ratio (FR) 
method for landslide susceptibility assessment aims 
to quantify the association between the mapped 
landslide inventory and selected causative factors and 
is frequently applied for landslide susceptibility 
mapping (Yilmaz 2009;Reis et al. 2012;Umar et al. 
2014;Chen et al. 2016;Wu et al. 2016;WangLi 
2017;Khan et al. 2018). FR is the ratio of the area 
where the landslides occur to the total area so that the 
value of 1 is an average value. If the value is greater 
than 1, reflects that the percentage of the landslide is 
higher than the area and indicates a higher 
correlation, whereas values lower than 1 indicate a 
lower correlation (Akgun et al. 2007). 

3.4 LSI maps, validation and comparison 

The Landslide Susceptibility Index (LSI) maps 
derived from the selected models were compared and 
validated to evaluate the more accurate landslide 
susceptibility map. The derived LSI maps were 
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validated through Success Rate Curve (SRC) and R-
index (Shahabi et al. 2014). The success rate curve 
was calculated by crossing the validation landslide 
modeling data set with the LSI map. From the success 
rate curve area under the curve (AUC) was calculated. 
To acquire both values, the LSI values were sorted 
into descending order. Then the ordered grid values 
of the LSI were categorized into 100 classes’ with 1% 
cumulative intervals, for which the cumulative 
percentage of landslide occurrence in the classes was 
calculated to get the AUC. Landslide susceptibility 
maps generated in this study were also validated 
following Shahabi et al. (2014) relative landslide 
density method (R-index). 

4    Results 

4.1 Landslide inventory 

A total of 1632 landslides were identified and 
mapped with a total area of 119.77 km2. The smallest 
landslide is identified with an area of 0.001 km2, 
while the largest landslide is identified with an area of 
3.52 km2. 35 landslides are exceeding 1 km2 area, 
while 60% of the landslides have an area between 400 
to 500 m2. Among the mapped landslides, 50.61% of 
the landslides are debris flows. Rockslides are the 
second most frequently occurring phenomenon in the 
area with a share of 31.74% area. The majority of the 
historical large rockslides with the potential of 
blocking the river Indus and leading to natural dams 
occurred in the Nanga Parbat Haramosh Massif 
(NPHM). The largest mapped rockslide in the area 
has an area of 3.523 km2. Scree slopes are identified 
and distinguished from the talus based on fractured 
materials (Fig. 4). There are 146 scree slopes in the 
study area with a share of 8.95% among the total 
mapped landslides. 

We have mapped 101 rockfalls in the study area. 
Most of the rockfalls were present along with the MBT 

and Raikot fault system. Rocks fall covers 29.78 km2 
of the total landslide area. Debris fall and debris slides 
were 13 and 28 in numbers respectively (Table 2). 

4.2 Relationship between landslides 
occurrences and causative factors 

4.2.1 Weights of Evidence and Frequency 
Ratio 

Slope gradient: The distribution of several 
pixels and their percentages in each slope class. In the 
slope gradient layer highest positive weight (Wf) value 
of 0.59 and 0.85 is calculated for 31°- 40° to  >70° 
classes respectively. The lowest and negative weight is 
observed for the slope gradient classes of 0 -10° (-1.40) 
and 10-20° (-0.19). The 60° and >70° slope gradient 
show higher frequency ratios of 1.09 and 1.94, 
respectively.  

Slope aspect: It is observed that the northeast 
aspect shows the lowest and negative correlation with 
the Wf value of -0.48. The highest frequency ratio 
values were calculated for southwest and west-facing 
slopes. The Northeast facing slope shows the lowest 
frequency ratio of 0.80. 

Curvature: Curvature classes are comprised of 
concave, flat and convex classes (Table 3). A negative 
correlation was observed for flat and convex curvature 
with the Wf value of -0.07 and -0.17, respectively. The 
concave curvature class shows a positive correlation 
with the Wf value of 0.19 and the highest frequency 
ratio value of 1.02.  

NDVI: The NDVI class of < 0.084 is showing the 
highest weight (Wf) and frequency ratio of 1.21 and 
1.89 respectively and indicating a positive correlation 
between landslides and causative factors (Table 3). 
The negative and lowest Wf value of -2.99 and 
frequency ratio value of 0.02 was calculated for class > 
0.577 and thus less susceptible to landslide 
occurrences. 

Distance to roads: Landslide susceptibility is 
decreasing as the distance from the road increases. 

Table 2 Mapped landslide types, min/max area and flow length in the study area 

Landslide  
Types 

No. Landslide  
(%) 

Area (km2) Run out distance (m) Slope (°) Elevation (m) 
Min  Max  Average Total  Min Max Min Max Min Max 

Rock fall 101 6.19 0.010 0.668 0.040 29.78 76.02 1560.03 14.7 67.2 594 2097 
Debris fall 13 0.80 0.001 1.940 0.356 4.63 49.04 2286.01 7.1 50.2 1126 1615 
Scree 146 8.95 0.526 1.882 0.104 15.16 107.90 1674.02 16.6 58.6 1087 2489 
Rockslide 518 31.74 0.031 3.523 0.057 29.78 16.60 4536.02 3.5 70.3 630 2886 
Debris slide 28 1.72 0.070 0.122 0.034 0.96 67.20 3009.1 7.9 61.0 586 1766 
Debris flow 826 50.61  1.138 0.048   39.46 6.20 3421.4 16.3 66.9 654 3028 
Total 1632       119.80             
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The calculated weight for distance to road class of 11-
20 m is highest with a positive Wf value of 1.20 and 
the highest frequency ratio of 1.21, while the lowest Wf 
value of -0.83 and lowest frequency ratio of 0.99 for 
distance to road class of >200  m (Table 3). 

Distance to faults: The highest Wf values (1.06, 
1.02) and frequency ratio (1.75, 1.73) were calculated 
for the distance to fault class of < 100 and 101-200 m. 
Up to 400 m distance to the fault class, the calculated 
weight is positive, while > 400 m the calculated Wf 
value is 0.43 and the frequency ratio is the lowest 
(0.96) (Table 3). The results show that the landslide 
area is decreasing with increasing distance from the 

faults.  
Distance to streams: It is evident from Table 3 

that the highest percentage (79.3%) of landslides are 
located in > 350 m class in distance to streams, with 
0.48 Wf value. It is observed that the highest Wf 
values are calculated for the 251-350 m class in the 
distance to the stream layer. 

Geology: The highest values of 1.08 (Wf) and 
2.67 (frequency ratio) are calculated for the 
Quaternary Deposits class followed by Nanga Parbat 
Gneiss (Table 3). The lowest Wf values (-2.25) and the 
lowest frequency ratio value (0.06) are observed for 
the Mansehra Granite and Tanawal Formation. 

 
Fig. 4 (a) shows landslide inventory of the study area on SRTM DEM, (b), (c), (d), (e), (f) and (g) are showing zoom 
location of landslide polygons overlaying on the WorldView-2 image. b (i) is a picture of rockfall along the KKH road 
near Jijal, c (i) is showing debris fall near Gunar, d (i) is showing rockslide, e(i) is showing debris flow near Dubair, 
f(i) is showing scree slope and g(i) is showing debris slide near Chilas. 
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4.2.2 Logistic Regression 

The influence of selected causative factors on 
landslide distribution in the area use logistic 
regression. The “significance probability value” was 

less than 0.05 against all variables except aspect, 
distance to fault, curvature and lithology. The rest of 
the five causative factors are having a significant 
effect on landslide occurrences. The regression 

Table 3 Descriptive statistics of the influence of causative factors classes on the landslides using the weight of 
evidence modeling and frequency ratio methods.  

Causative  
Factors Class Class  

Pixels 
Class Pixel    
(%) 

Landslide  
Pixels 

Landslide Pixel   
(%)    

Frequency  
Ratio (Wf) 

Slope (°) 

0-10 238797 8.5 2726 2.3 0.33 -1.40 
11-20 310702 11.1 7705 6.5 0.52 -0.19 
21-30 430329 15.3 15445 13.1 1.01 0.51 
31-40 540138 19.2 24387 20.7 1.05 0.59 
41-50 538950 19.2 27322 23.2 0.93 0.35 
51-60 413754 14.7 21294 18.1 0.94 0.36 
61-70 242817 8.7 13035 11.1 1.09 0.64 
>70° 90692 3.2 5743 4.9 1.94 0.85 

Aspect 

Flat 2649 0.1 23 0.0 0.00 0.00 
North 382390 13.6 12509 10.6 0.90 -0.29 
Northeast 350349 12.5 9687 8.2 0.80 -0.48 
East 345670 12.3 11236 9.5 0.93 -0.30 
Southeast 354341 12.6 18231 15.5 0.99 0.19 
South 337523 12.0 17050 14.5 0.92 0.22 
Southwest 313560 11.2 15650 13.3 1.12 0.21 
West 353114 12.6 17348 14.7 1.24 0.25 
Northwest 366583 13.1 15923 13.5 1.02 0.04 

Curvature 
Concave 287290 10.2 16464 14.0 1.02 0.19 
Flat 1866080 66.5 77452 65.8 1.04 -0.07 
Convex 652809 23.3 23741 20.2 0.81 -0.17 

NDVI 

< 0.084 800385 28.5 145502 53.8 1.89 1.20 
0.084 - 0.221  620613 22.1 89395 33.0 1.50 0.62 
0.222 - 0.397 471680 16.8 27343 10.1 0.60 -0.63 
0.398 - 0.577  443566 15.8 7266 2.7 0.17 -2.01 
> 0.577 473372 16.8 1139 0.4 0.02 -2.99 

Distance  
to road 

< 10 7750 0.3 896 0.8 1.10 1.10 
11-20 7828 0.3 984 0.8 1.21 1.20 
21-30 7652 0.3 942 0.8 1.16 1.17 
31-50 15576 0.6 1771 1.5 1.13 1.09 
51-100 38057 1.4 3579 3.0 1.08 0.88 
101-200 74578 2.7 4826 4.1 1.02 0.47 
>200 2654738 94.6 104659 89.0 0.99 -0.83 

Distance 
 to fault 

<100 41352 1.5 4516 3.8 1.75 1.06 
101-200 40630 1.4 4319 3.7 1.73 1.02 
201-300 39974 1.4 3776 3.2 1.69 0.89 
301-400 39510 1.4 3491 3.0 1.76 0.81 
>400 2644713 94.2 101555 86.3 0.96 0.43 

Distance  
to stream 

<60 73404 2.6 2000 1.7 0.57 0.26 
61-120 67581 2.4 3310 2.8 0.96 0.17 
121-200 92726 3.3 6548 5.6 1.17 0.58 
201-250 53440 1.9 4168 3.5 1.29 0.68 
251-350 110809 3.9 8306 7.1 1.33 0.75 
>350 2408219 85.8 93325 79.3 0.97 0.48 

Geology 

Besham Group 225087 8.0 1519 1.3 0.07 -1.94 
Kamila Amphilbolites 507005 18.1 12705 10.8 0.59 0.62 
Kohistan Batholith 121236 4.3 4729 4.0 1.23 0.22 
Chilas Complex 1183155 42.2 57461 48.8 1.29 0.28 
Quaternary Deposits 221603 7.9 22453 19.1 2.67 1.08 
Tanawal Formation 149858 5.3 826 0.7 0.06 -2.12 
Mansehra Granite 96007 3.4 453 0.4 0.06 -2.25 
Jijal Complex 148403 5.3 3130 2.7 0.25 0.14 
Nanga Parbat Gneiss 153825 5.5 14381 12.2 1.60 0.93 

Note: Wf = Weights of Evidence final weights. 
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coefficients calculated for each causative factor were 
expressed as shown in Eq. 2 to develop the LSI map. 

Ln (-3.291) + (Slope*0.06) + (Aspect* -0.006) + 
(Curvature*-0.059) + (NDVI*-0.743) + (Distance to 

road *-0.000) + (Distance to fault *0.002) + 
(Distance to stream*0.000) + (Lithology*0.006)   (2) 

The variables with coefficients having a 
significant probability of less than 0.05 were accepted 
as influential variables. Chi-square determines the 
difference between likelihood and null hypothesis, in 
which all the coefficient values are set to 0, which 
measures the improvement in fit based independent 
variables in the regression.  Significant probability 
values of 0 show that slope, NDVI, distance to road 
and distance to stream are more significant than the 
distance to fault and lithology with values 0.008 and 
0.007, respectively. Table 4, shows a summary of the 
overall statistics of logistic regression in the study area. 

4.2.3 Artificial Neural Network 

According to the results of the partitioning of 
ANN connection weights, the factors of terrain slope, 
NDVI, distance to road and distance to stream, with 
importance values of 0.16 each reflecting their 
significant influence on landslides. Distance to fault 
and lithology got the importance values of 0.09 and 
0.09, respectively. On the contrary, aspect and 
curvature have the lowest importance with values 
0.06 and 0.08, respectively (Table 5).     

4.3 Landslide Susceptibility Index map (LSI) 

After calculating the final weight for each of the 
landslide causative factors the resultant weights 
calculated using WofE, FR, ANN and LR (Table 3, 4 
and 5) were summed to develop the Landslide 
Susceptibility Index (LSI) maps. The LSI maps were 
classified into four classes (low, moderate, high and 
very high) using the natural breaks method following 
Das et al. (2010) to develop a landslide susceptibility 
zonation map (Figs. 5 and 6).  

4.4 Accuracy assessment of susceptibility 
maps and models prediction  

The Landslide Susceptibility Index (LSI) maps 
were validated using the success rate curve following 
Dou et al. (2015) (Fig. 7a). From the qualitative 
analysis of the AUC of success rates curve, an 
accuracy of 92.8 % for ANN, 92.7% for WofE, 87.4% 

for LR and 93.1% for the FR model is achieved. From 
the prediction rate curve (Fig. 7b), the prediction 
value of 90.1%, 86.4%, 85.6% and 88.3% are 
calculated for ANN, WofE, LR and FR, respectively. 
The R-index sample datasets for a very high hazard 
class in FR, WofE, ANN and LR maps are 128.2%, 
192.8%, 179.4% and 126.2%, respectively. The R-
index validation is given in Table 6. 

4.5 Validation and comparison of models for 
landslide susceptibility 

Landslide distribution in susceptibility classes 
developed using all four methods were compared. Li 
increases from low to very high susceptibility classes 
in all methods (Table 7). Therefore, all the methods 
used for susceptibility mapping produced acceptable 
results. However, the highest accuracy was obtained 
from ANN (81%) followed by LR (78%) method 
comparable to FR (77%) and WofE (72%) method. 

5    Discussion 

This study developed comprehensive and  

Table 4 Coefficients of the logistic regression model 

Causative 
Factors 

Logistic 
coefficient 

Standard 
error 

Significance 
probability 

Slope 0.060 0.003 0.000 
Aspect -0.006 0.015 0.675 
Curvature -0.059 0.091 0.518 
NDVI -0.743 0.063 0.000 
Distance to 
road  0.000 0.000 0.000 

Distance to 
fault 0.002 0.000 0.008 

Distance to 
stream 

0.000 0.000 0.000 

Lithology 0.006 0.020 0.007 
Constant -3.291 0.343 0.000 
 

Table 5 Derived Artificial Neural Network (ANN) 
weights for utilized causative factors 

Causative factors Importance Normalized 
importance 

Slope (°) 0.16 98.80% 
Aspect 0.08 50.90% 
Curvature 0.06 36.80% 
NDVI 0.16 100.00% 
Distance to road 0.16 99.10% 
Distance to fault 0.09 53.70% 
Distance to stream 0.16 96.70% 
Lithology 0.09 58.30% 
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Fig. 5 Landslide susceptibility index maps developed using the (a) Weight of evidence modeling (b) Artificial neural 
network (c) Logistic regression and (d) Frequency ratio. 
 

 
Fig. 6 Landslide susceptibility index maps were classified in different susceptibility classes using natural break (a) 
Weight of evidence modeling (b) Artificial neural network (c) Logistic regression and (d) Frequency ratio.  
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detailed landslide inventory for the study area. The 
number of landslides varies from other studies on the 
area including Ahmed et al. (2014), Ali et al. (2019), 
Bacha et al. (2018) and Hewitt (2009), which can be 
attributed to the difference in the extent of the study 
area, methodology and utilized satellite images for 
mapping the landslides. In the area, scree is usually 
observed on the steep slopes where the eroded debris 
and detached rock from upstream are deposited on 
the slopes. Scree slopes are unconsolidated debris 
lying on steep slopes and often result in debris flows 
during the rainy season. Hewitt (2009) and Ali et al. 
(2019) also confirmed debris flow activity in these 
historical large rock slide materials.  

Loose debris of the historical landslides are 
deposited at the slope toe, which is often reactivated 

in the form of multiple debris flows during the rainy 
season. Given the high and steep relief, these debris 
flows travel long distances and often damaged the 
KKH. At many locations, these loose materials of the 
historical landslides are excavated vertically for the 
KKH construction (Fig. 8).  

Among the selected landslide causative factors 
the terrain slope, distance to road, lithology and 
distance to a fault have a significant influence in the 
spatial arrangements of landslides, which is also 
observed by Ali et al. (2019), Bacha et al. (2018) and 
Khan et al. (2018). Among the geological units, the 
Quaternary Deposits and Chilas Complex are most 
susceptible to landslides. The Chilas Complex has 
42.2% spatial coverage in the study area and hosting 
the majority of the landslides.  It was observed that  

 
Fig. 7 (a) Success rate curves of the model, showing the cumulated number of landslides captured by the 
susceptibility map (b) Prediction rate curves of the model, showing the cumulated number of landslides captured by 
the susceptibility map. 
 

Table 6 Validation (R-index) of Frequency Ratio (FR), Weights of Evidence (WofE), Artificial Neural Network (ANN) 
and Logistic Regression (LR) methods. 

Validation 
Models 

Susceptibility  
class 

Number  
of Pixels 

Area  
percentage No of landslides Landslide  

% R-Index 

FR 

Low 737527 26.3 77 4.6 17.5 
Moderate 1263275 45.06 771 46.1 102.2 
High  582264 20.77 657 39.2 189.0 
Very High 220708 7.87 169 10.1 128.2 

WofE 

Low 724942 25.86 59 3.5 13.6 
Moderate 707170 25.22 334 20.0 79.1 
High  1059781 37.8 922 55.1 145.7 
Very High 311881 11.12 359 21.4 192.8 

ANN 

Low 772022 27.54 73 4.4 15.8 
Moderate 1285351 45.84 737 44.0 96.0 
High  534494 19.06 637 38.1 199.6 
Very High 211907 7.56 227 13.6 179.4 

LR 

Low 701411 25.02 63 3.8 15.0 
Moderate 1353458 48.27 831 49.6 102.8 
High  533952 19.04 618 36.9 193.9 
Very High 214953 7.67 162 9.7 126.2 
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lithologies of the Nanga Parbat Gneiss and Chilas 
Complex are highly deformed and fractured due to the 
presence of active faults (i.e. MMT and Raikot faults), 
also endorsed by Ahmed et al. (2014), Chen et al. 
(2011), Hewitt (2009) and Ali et al. (2019). Landslides 
are mostly concentrated within a distance of 400 ms 
from the fault. Hewitt (2009) reported that the high 
rate of landslide initiation in the Raikot area is related 
to seismically active fault systems. Ahmed et al. (2014) 
reported that seismic activities along with the MMT 
and Riakot fault systems, are the major trigger for the 
initiation of landslides. The slope angle of >30° shows 

a positive correlation with the landslide’s occurrences. 
A total of 20.7% of the landslides were observed in the 
slope class of 31°-40° and 23.2% in 41°-50°. Among 
the slope gradient classes, the highest value of WofE 
(0.85) and FR (1.94) values are calculated for >70° 
class. A similar observation of landslide occurrences 
was also investigated by Neuhauser et al. (2012). 
Bacha et al. (2018) have also reported higher weights 
for 30° to 60° slope along the KKH. Among the 
terrain aspects, north, northeast, east and northwest 
got the lowest weights shows negative correlation 
which is an agreement with Bacha et al. (2018). The 

Table 7 Comparison of the precision information obtained from crossing each of the susceptibility maps with the 
map of landslides distribution following Shahabi et al. (2014). 

Method 
Susceptibility 
classes 

Ai 
(km2) 

Si 

( km2) 

Density of 
slide in any 
class 

Density of 
slide in 
whole map 

n(Si/Ai) 
Susceptibility 
class (%) 

Ks 
(km2) 

S 
(km2) P 

FR 

Low 663.8 12.2 0.02 

0.097 0.11 

26.3 

188 243.6 0.77 
Moderate 1136.9 103.0 0.09 45.1 
High 524.0 72.8 0.14 20.8 
Very High 198.6 55.6 0.28 7.9 

WofE 

Low 652.4 3.1 0 

0.097 0.11 

25.9 

175.9 243.6 0.72 
Moderate 636.5 56.4 0.09 25.2 
High  953.8 116.4 0.12 37.8 
Very High 280.7 67.7 0.24 11.1 

ANN 

Low 694.8 4.2 0.01 

0.097 0.11 

27.5 

196.7 243.6 0.81 
Moderate 1156.8 116.0 0.10 45.8 
High  481.0 76.5 0.16 19.1 
Very High 190.7 46.8 0.25 7.6 

LR 

Low 631.3 8.7 0.01 

0.097 0.11 

25.0 

188.7 243.6 0.78 
Moderate 1218.1 112.7 0.09 48.3 
High  480.6 67.4 0.14 19.0 
Very High 193.5 54.9 0.28 7.7 

Note: Si= slide area in each susceptibility zone, Ai= area of each zone, n = number of susceptibility classes, Ks = area 
of slide zone in upper moderate susceptibility level, S = area of landslide in the region, P = precision of the predicted 
results. 

 
Fig.8 3D visualization of Google earth image showing remnants of a historic rockslide that is now a source of debris 
flows during rainfall. 
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highest value of Wf (0.25) and FR (1.24) is derived for 
the west-facing slope. The slopes facing southeast to 
the southwest are more susceptible to landslides and 
hosts 36% area of the total landslide area. Landslides 
distribution was intensified within 100-200 m 
distance to roads and >250 m to the streams.   

Accuracy assessment of susceptibility maps 
shows that the FR model results are more accurate 
than other models followed by the ANN model. 
Similarly, 92.8% success rate curves areare calculated 
for the ANN model respectively (Fig. 7a). LR and 
WofE show 87.4% and 92.7 % validation calculated 
from the success rate curve. The prediction power of 
the FR model is highly comparable to other models 
calculated from the prediction rate curve, followed by 
ANN (88%), LR (85.6%) and WofE (86.4%). The 
prediction accuracy obtained for FR, WofE, ANN and 
LR in this study are almost similar to previous studies 
such as (Polykretis and Chalkias 2018) used WofE, LR 
and ANN models for their landslide susceptibility 
study and obtained a prediction accuracy of 84%, 83% 
and 78%, respectively. (Ozdemir and Altural 2013) , 
conducted a landslide susceptibility comparative 
study for Sultan Mountains, Turkey, using WofE, FR 
and LR models and their results show an accuracy of 
93%, 97% and 95 %, respectively.  

6    Conclusion 

This study presents a landslide inventory and 
susceptibility in 8 km buffer along the KKH from 
Thakot to the Thelichi area in northern Pakistan. 

Visual Interpretation of WorldView-2 remote sensing 
image with field verification and road maintenance 
records leads to the mapping of 1632 landslides with a 
total area of 119.8 km2. Among the mapped landslides, 
50% are debris flows and 31.7% are rockslides. 
Landslide inventory is correlated with causative 
factors using WofE, ANN, FR and LR statistical 
models for development of susceptibility map to 
demarcate the region vulnerable to landslides in the 
future. The purpose of these four frequently used 
models for landslide studies was to assess the 
accuracy and suitability of the models for landslide 
susceptibility mapping in the study area. From the 
comparison of model results, it has been found that 
FR model is better followed by ANN model 
comparable to WofE and LR for landslide 
susceptibility mapping in the study area. It has been 
observed that terrain slope, geology, distance to roads 
and distance to fault are a major influence on the 
landslide occurrences in the study area. The results 
from this study can be used for landslide hazard and 
risk assessment in the study area and hence can play a 
role in mitigation strategies to cope with landslide 
hazards.   
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