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Abstract: A comprehensive landslide inventory and 
susceptibility maps are prerequisite for developing 
and implementing landslide mitigation strategies. 
Landslide susceptibility maps for the landslides prone 
regions in northern Pakistan are rarely available. The 
Hunza-Nagar valley in northern Pakistan is known for 
its frequent and devastating landslides. In this paper, 
we have developed a landslide inventory map for 
Hunza-Nagar valley by using the visual interpretation 
of the SPOT-5 satellite imagery and mapped a total of 
172 landslides. The landslide inventory was 
subsequently divided into modelling and validation 
data sets. For the development of landslide 
susceptibility map seven discrete landslide causative 
factors were correlated with the landslide inventory 
map using weight of evidence and frequency ratio 
statistical models. Four different models of 
conditional independence were used for the selection 
of landslide causative factors. The produced 
landslides susceptibility maps were validated by the 
success rate and area under curves criteria. The 
prediction power of the models was also validated 
with the prediction rate curve. The validation results 
shows that the success rate curves of the weight of 
evidence and the frequency models are 82% and 79%, 
respectively. The prediction accuracy results obtained 
from this study are 84% for weight of evidence model 

and 80% for the frequency ratio model. Finally, the 
landslide susceptibility index maps were classified 
into five different varying susceptibility zones. The 
validation and prediction result indicates that the 
weight of evidence and frequency ratio model are 
reliable to produce an accurate landslide 
susceptibility map, which may be helpful for 
landslides management strategies. 
 
Keywords: Landslides; Inventory map; 
Susceptibility assessment; Northern Pakistan  

Introduction  

Landslides are commonly occurring disasters 
in mountainous regions. They have a devastating 
impact on infrastructure and on human lives 
(Regmi et al. 2010). It is estimated that, worldwide, 
around 1016 deaths and economic losses of about 4 
billion US$ occur due to landslides every year 
(CRED 2016). Landslide induced damages are 
increasing because of increasing urbanization, 
unplanned development, deforestation and effects 
of climate change (Kanungo et al. 2008). To 
mitigate the impact of landslides, a landslides 
inventory and susceptibility maps are of significant 
importance for developing and implementing 
landslides mitigation and management strategies 
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(Ahmed 2015; Basharat et al. 2016; Erener et al. 
2016; Martha et al. 2013; Mohammady et al. 2012).  

Development of a landslide inventory is the 
first step in landslide susceptibility mapping 
(Booth et al. 2009). Geographic Information 
Systems (GIS) and remote sensing are useful to 
develop landslide inventories and to evaluate the 
spatial and temporal distribution of landslides 
(Akbar and Ha 2011; Ayalew and Yamagishi 2005; 
Chalkias et al. 2014; Lee and Sambath 2006; Quan 
and Lee 2012; Reis et al. 2012). Landslide 
inventories are mainly developed through visual 
interpretation of satellite images and aerial 
photographs (Saba et al. 2010; Scaioni et al. 2014), 
but can also be developed using object based image 
classification (Lodhi 2011; Martha et al. 2010). The 
influence of causative factors such as topography, 
geology, tectonics, drainage, land cover/land use 
and anthropogenic activity are evaluated to 
determine the spatial distribution and density of 
landslides (Kamp et al. 2008), which is 
subsequently can be used for landslide 
susceptibility mapping.  

Landslide susceptibility can be assessed by 
qualitative and quantitative techniques, that divide 
an area into different susceptibility classes (Fell  
et al. 2008). Statistical models are used for 
landslide susceptibility mapping (Mohammady  
et al. 2012); which includes fuzzy logic (Pradhan 
2010; Wan et al. 2012), analytical hierarchy 
process (AHP) (Kayastha et al. 2013; Park et al. 
2013), frequency ratio (Demir et al. 2013; Reis et 
al. 2012), index of entropy (Pourghasemi et al. 
2012), neuro-fuzzy models (Pradhan 2010) and 
logistic regression model (Chau and Chan 2005; 
Lee and Choi 2004; Shahabi et al. 2015; Talaei 
2014). Weight of evidence statistical modelling, 
which estimates the importance of evidential 
parameters using prior and posterior probability 
(Bonham-Carter 1994), is frequently used for 
landslide susceptibility mapping (Dahal et al. 
2008a; Lee and Choi 2004; Pradhan 2010; Regmi 
et al. 2010).  

The Karakoram and Himalaya mountain 
ranges in northern Pakistan are prone to frequent 
landslides. This is mainly due to the rugged terrain, 
seismic activity, highly weathered and fractured 
lithologies, steep climatic gradients ranging from 
glacial to hyper-arid and infrastructure 
development on unstable slopes (Derbyshire et al. 

2001; Kamp et al. 2008; Khattak et al. 2010; 
Kumar et al. 2006; Panzera et al. 2015; Shafique  
et al. 2016; Shaw and Rahman 2015). Similarly, the 
Hunza-Nagar valley is situated in the Karakoram 
mountain region is frequently affected by 
landslides (Derbyshire et al. 2001). The presence of 
thrust faults, young and fractured lithologies and 
exposed geomorphology features like scree slopes, 
glaciofluvial moraine and the presence of 
unconsolidated material on steep slopes (Hewitt 
1998) make the area prone to landsliding. In 
January 2010, a landslide occurred near Attabad 
village. The landslide costs the lives of twenty 
people, destroyed over three hundred houses, 
buried 19 km of the Karakorum highway and 
blocked the river Hunza, leading to a new natural 
lake that still exists today (Kargel et al. 2010).  

In this study, we develop a landslide inventory 
using remote sensing image. We evaluate the 
spatial distribution of the landslides and develop a 
landslide susceptibility map using weight of 
evidence and frequency ratio modelling techniques.  

1    Study Area  

The study area is located in the Hunza-Nagar 
valley of the Gilgit Baltistan province, northern 
Pakistan (Figure 1). The elevation ranges from 1746 
m to 7315 m above sea level, with an average slope 
of 45°. The lower Hunza valley is situated on the 
northern side of the Main Karakoram Thrust 
(MKT) fault. The geology of the area comprises 
four formations, namely the Southern Karakoram 
metamorphic Complex (SKm), the Hunza Plutonic 
Unit (HPU), the Shaksgam Formation (SF) and 
Quaternary (Q) Deposits (Searle et al. 1999). The 
SKm consists of Paragneises with interbanded 
pelites and amphibolites. The Shaksgam Formation 
is a subsection of northern Karakoram terrain 
(Searle et al. 1999) and includes Permian massive 
limestones. The HPU is a subsection of Karakoram 
batholith and contains plagioclase, quartz, biotite 
and hornblende (Searle et al. 1999). The 
Quaternary Deposits consist of alluvium deposits, 
unconsolidated conglomerate, sand stone, siltstone 
and loess (Searle and Khan 1996).  

The Hunza-Nagar valley has a series of NE-
dipping thrust faults and normal faults. These 
faults exerts side by side various tectono-



J. Mt. Sci. (2018) 15(6): 1354-1370 

 1356

stratigraphic units against each other and increase 
in metamorphic grade in the region (Palin et al. 
2012), that results foliation and fractures in the 
rocks. The geomorphology of the study area is 
comprised of glaciofluvial terraces, ancient glacier 

moraines, loose material of steep scree slopes, 
debris flow in the debris cone and colluvium 
deposit with dissected mountains, producing talus 
deposits at the base of high cliffs (Hewitt 1998) 
(Figure 2). The steep scree slopes containing loose 

Figure 1 Location map of the study area. 

Figure 2 A Google Earth image showing geomorphological features in the lower part of the Hunza-Nagar valley; 
scree slopes, terraces, fan terraces and old glacier moraines at Minapin and Nagar. 
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sediments are prone to sliding during heavy 
rainfall and seismic activity. The debris flow within 
debris cone can cause damages to the villages 
situated at the base of the scree slopes. 

2    Materials and Methods  

In this study, weights of evidence and 
frequency ratio modelling are used for landslide 
susceptibility mapping. The methodology adopted 
for this study is given in Figure 3. The data and 
data sources are shown in Table 1.  

2.1 Landslide inventory 

The landslide inventory was made by a visual 
interpretation of the SPOT-5 satellite image with a 
spatial resolution of 2.5 meter. Landslides can be 
detected in satellite images by spectral (color) 
variations and the shape of scarps (Chauhan et al. 
2010; Sarkar et al. 2008). For 3D visualization, a 
natural color composite, i.e. a red, green and blue 
band combination, of the image was overlaid on a 
Shuttle Radar Topography Mission (SRTM) DEM  
with 30 m resolution, following Haeberlin et al. 

Figure 3 Methodology adopted for study. 

Table 1 Data and data source used in this study 

Data Factors Scale / resolution Source
SPOT-5 Satellite 
Images 

Landslide inventory Land 
cover/land use Road network 

2.5 meter Space and Upper Atmospheric Research 
Commission Pakistan (CNES) 

DEM (SRTM) 
Slope and Aspect 
Stream Network 30 meter 

Shuttle Radar Topography Mission (USGS 
2015). 

Geological Map Geology Units 
Fault lines 1:650,000 (Searle and Khan 1996) 

Elevation Data 
(SRTM DEM 30m) SPOT-5 Image 

Geology Map
(1:650,000) 

Road 
Network 

Land 
cover 

Stream 
Network Slope Aspect Surface 

Lithology
Fault 
Line 

Calculation of weight using Weight of 
Evidence and Frequency Ratio 
Modelling for each parameter 

Creation of Landslide Susceptibility 
Index Maps with different parameter 

combination 

Validation of Landslide Susceptibility 
Index maps 

Modelling 
Landslide 

Set 

Validation 
Landslide 

Set 

Steps 

(I) 

(II) 

(III) 

(IV) 

(V) 

(VI) 

Choosing best Landslide 
Susceptibility Index map 

Classification of Landslide 
Susceptibility Index map in to 

different susceptible zones 

Prediction assessment 

Validation of classified susceptibility 
map by comparison it with observed 

landslides area 

Preparation of 
Landslide Inventory 
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(2004) (Figure 4). The landslide inventory was 
subsequently verified in the field and landslides 
outlines were adjusted if needed. The landslide 
inventory was then divided into modelling (80%) 
and a validation (20%) set. 

2.2 Landslide controlling factors 

The landslide controlling factors listed below 
were prepared in ArcGIS 10.2.2: 

Slope and Aspect: Terrain slope and aspect 
were computed from the SRTM DEM. To evaluate 
the influence of slope angle on landslide 
distribution, the slope angle map was classified 
into seven classes, following (Dahal et al. 2008b), 
and the terrain aspect was divided in to 9 classes 
(Table 2).  

Land cover: A land cover map was developed 

from the SPOT-5 image through supervised 
classification using the Maximum Likelihood 
Classification algorithm. To evaluate the impact of 
the land cover on landslides activity, the land cover 
of the study area was classified in six different 
classes (Table 2). Subsequently, the land cover map 
was verified in the field. The overall accuracy of the 
land cover map appeared to be 88.5%. Landslide 
scarps were assigned to the “barren” class. The 
classes “water” and “glacier” were not considered 
for analysis, because they do not expose land cover 
that could influence landslide occurrences. 

Geology and faults: Fault lines and four 
geological formations were digitized from the 
geological map; the resulting classes are shown in 
Table 2. The names of the geological formations 
were explained in the study area section above. Six 
classes of distance to fault line were generated, 

 
Figure 4 Shows a 3D visualization of the SPOT-5 true color composite image overlaid on the SRTM DEM. Showing 
landslides in the study area. 

Table 2 Landslide controlling factors with classes used for evaluating the importance of each causative factor 

Factors Classes
Geology Glacier SKm HPU SF Q 
Land Cover Agriculture Barren Forest Glacier Grass Water

Slope (°) < 10 
> 60 

11-20 21-30 31-40 41-50 51-60 

Proximity to Fault (meter) <10 11-20 21-50 51-100 101-200 > 200
Proximity to Road (meter) <10 11-20 21-50 51-100 101-200 > 200
Proximity to Stream (meter) <10 11-20 21-50 51-100 101-200 > 200

Aspect 
Flat North Northeast East Southeast South
Southwest West Northwest   

Notes: the Southern Karakoram metamorphic Complex (SKm), the Hunza Plutonic Unit (HPU), the Shaksgam 
Formation (SF) and Quaternary (Q). 
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following Dahal et al. (2008b).  
Proximity to road: The road network was 

digitized from the SPOT-5 image. These roads 
included all paved and unpaved roads. The major 
road in the Hunza valley is the Karakoram 
Highway (KKH). To evaluate the influence of roads 
and the distance to roads on landslide occurrences, 
the road network was classified into 6 buffer zones 
based on proximity, following (Dahal et al. 2008b) 
(Table 2). 

Proximity to streams: Stream network in the 
study area was computed from the SRTM DEM 
with the hydrology tool in ArcGIS 10.2.2 software. 
Six buffer zones were created around every stream 
(Dahal et al. 2008b).  

2.3 Correlation of landslides and landslide 
causative factors 

To evaluate the importance of each causative 
factor for landslide susceptibility, the landslide 
inventory was compared to each of causative 
factors using the weight of evidence and frequency 
ratio modelling. 

2.3.1Weight of evidence modelling 

Weight of evidence statistical modelling is 
explained in Eqs. 1 and 2; a detailed description 
can be found in Bonham-Carter (1994) Bonham-
Carter et al. (1989). 

    W+  = ݊ܫ ௉(ಳವ)௉(ಳವഥ)                                     (1) 

   W-  = 	݊ܫ ௉(ಳವഥ)௉(ಳഥವഥ)			                                 (2) 

where, P is the probability and ln is the natural log. 
B is the presence of a potential landslide evidence 
factor, ܤത  is the absence of potential landslide 
evidence factor. Similarly, D is the presence of 
landslide, while ܦഥ is the absence of landslide. 

To calculate the weights of each causative factor 
towards landslide distribution and occurrences, Eq. 
3 and Eq. 4 defined by (van Westen et al. 2003) as: 

W+ = )}	݊ܫ [ே௣௜௫భ][ே௣௜௫భ]	ା	[ே௣௜௫మ]	)/( [ே௣௜௫య][ே௣௜௫య]	ା	[ே௣௜௫ర]	)}	  (3) 

W- = )}	݊ܫ ே௣௜௫మ[ே௣௜௫భ]	ା	[ே௣௜௫మ]	)/( [ே௣௜௫ర][ே௣௜௫య]	ା	[ே௣௜௫ర]	)}   (4)                        

where, Npix1 is the number of pixels representing 
the presence of both landslide causative factor and 
landslides; Npix2 is the absence of landslides 
causative factor and presences of landslides; Npix3 

is the presence of landslides causative factor and 
absence of landslides; and Npix4 is the absence of 
both landslides and landslides causative factor. 

Final weight (Wc) was calculated by Eq. 5.  
Wc= (W+) - (W-)                    (5) 

The weight contrast (Wc) is the difference 
between W+ and W- and reflects the overall spatial 
relationship of the causative factors and landslides. 

2.3.2 Frequency ratio modelling 

The influence of a causative factor on the 
spatial distribution of landslides was also assessed 
by frequency ratio (FR) statistical modelling. 
Frequency ratio is the ratio of the area where 
landslides occurred in the study area, and is also 
the ratio of the probabilities of a landslide 
occurrence to a non-occurrence for a given 
attribute (Bonham-Carter 1994). The frequency 
ratio is calculated by using Eq. 6.  

ܴܨ  = ஽௜/஺௜∑ ஽௜/∑ ஺௜				                           (6) 

where, Di is the area of landslides in the given 
class; Ai is the area of class; ∑ Di is the total sum of 
landslide in the entire study area; and ∑ Ai is the 
sum of the entire study area. 

2.4 Development of landslide susceptibility 
index maps 

Landslide susceptibility index maps were 
computed by overlaying the causative factors using 
Eq. 7 (Pradhan et al. 2010) after assigning a weight 
(Wc) to each factor: 

LSI  =  ∑ W c                             (7) 
where, Wc is total derived weight of each factor.  

The susceptibility index obtained from the 
frequency ratio value was summed to the 
developed landslide susceptibility index map using 
following equation: 

LSI =  ∑ FR                            (8) 
To check the predictive power of different 

evidential parameters (Pradhan et al. 2010), four 
models with different combinations of evidential 
factors were generated for landslide susceptibility 
index maps using Eq. 7. 

2.5 Validation of the results and modelling 
prediction power 

The LSI maps were verified by a success rate 
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curve, and a prediction rate curve was used to 
validate the prediction power of the models (Dahal 
et al. 2008a; Neuhäuser et al. 2012). The success 
rate curve was calculated by comparing the 
modelling landslides set with LSI map, following 
Mezughi et al. (2011) and Xu et al. (2012). The 
resultant LSI layer weights were divided into 100 
classes with 1% cumulative intervals, ranging from 
high-susceptible to non-susceptible (Mezughi et al. 
2011). These 100 classes were combined with the 
landslide inventory to find the percentage of 
landslide occurrences in each susceptible class. 
Similar to the success rate curve approach, a 
prediction rate curve was calculated, where the 
validation set of the landslide inventory was used 
as input. 

2.6 Classification of landslide LSI map 

The final LSI map was classified into five 

susceptibility zones (Mezughi et al. 2011), ranging 
from “very low” to “very high”, according to the 
prediction rate curve (Dahal et al. 2008a). This 
classification scheme is based on the natural break 
law of the success rate curve distribution weight 
values frequency (Regmi et al. 2010; Xu et al. 
2012). Finally, the accuracy of landslide 
susceptibility map was assessed by comparing the 
percentage area covered by each susceptibility class 
with the percentage of area covered by a landslide 
occurrence in each class. 

3    Results 

3.1 Landslide inventory 

A total of 172 landslides were mapped in the 
study area (Figure 5). Out of these landslides, 13 
have a relatively large of >0.95 km2, and the 

 

Figure 5 (A) shows the landslide inventory of the study area shown on the SRTM DEM, (B) and (C) are zoomed-in 
sections showing landslide polygons on the SPOT-5 image. (BI) is a picture of a rock slide at the Karakoram Highway 
road side. (BII) shows a landslide which blocked the Hunza river and created the Atta Abad lake. (CI) and (CII) show 
debris flows at Hussain Abad and Maiun, respectively.
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remaining 159 landslides have an 
area of <1 km2. The smallest 
landslide in the area has an area 
of only 6 m2. The mapped 
landslides were randomly 
classified into a model 
calibration set (137, as 80%) and 
a model validation set (35, as 
20%) (Figure 6). 

3.2 Description of factors 
weighting 

The spatial distribution of 
landslides is controlled by 
causative factors (Zhuang et al. 
2015) which are shown in Figure 
7. The weight and ratio for each 
causative factor was calculated 
by correlating the landslide 
modelling set with the causative factors. The 
positive (W+), negative (W-), contrast (Wc) weights 
and the frequency ratio (FR) were calculated for 
each causative landslide factor (Table 3). The 
descriptions of the calculated weight and ratios are 
as follows: 

Slope and Aspect: The distribution of slope 
and aspect is shown in Figures 7a and 7c, 
respectively. The area covered by each class is 
shown in Table 3. In case a slope has an angle 
between 30° and 50°, the slope gradient shows a 
positive correlation with weight (Wc) of 0.1, 0.3 and 
0.2, respectively. For terrain sloping 60° or more, 
the Wc is -0.2 and -0.6. Terrain with a Southern 
aspect has the highest Wc of 0.7. The lowest and 
negative correlation was observed with aspects to 
the North, Northwest, East and Northeast. The 30°, 
40° and 50° slope angles show higher frequency 
ratios of 1.10, 1.32, and 1.19, respectively, and the 
frequency ratio for slopes less than 30° or greater 
than 60° shows the lowest value. The highest 
frequency ratio was calculated for South and 
Southwest facing slopes. North, Northeast and 
Northwest facing slopes shows the lowest 
frequency ratio of 0.46, 0.49 and 0.48, 
respectively.  

Land cover: Barren land (Figure 7b) has the 
highest positive weight of 3.9 and frequency ratio 
of 1.8 and hosts 98.2 % of the landslide area (Table 
3). Other land cover classes, i.e. agriculture, forest 

and grass land, show a negative weight and lowest 
frequency ratio value (Table 3) and these classes 
are thus less susceptible to landslides. 

Geology: The Southern Karakoram 
Metamorphic Complex formation got the highest 
weight and frequency ratio of 1.9 and 1.8, 
respectively and hosts 85.6% of the landslide area. 
The lowest weight (-3.4) and lowest frequency ratio 
(0.04) was observed in the Shaksgam Formation 
(SF) (Table 3). 

Proximity to road: Generally, landslide 
susceptibility decreases as distance from roads 
increases. It is evident from the calculated weight 
and frequency ratio, that the class of <10 m to 200 
m distance show the highest positive weights and 
thus have a positive correlation. Within a proximity 
of <10 meter, landslide occurrence have a positive 
weight (1.7) and highest frequency ratio (1.7). 
Beyond 200 meter distance, the weight is negative  
(-0.8) and also the frequency ratio (0.97) is the 
lowest (Table 3).  

Proximity to faults: The highest weight (1.9) 
and frequency ratio (1.7) was calculated for the 
class that represents < 10 meter distance from 
faults. The lowest negative weight (-0.41) was 
found for the class that represents > 200 meter 
distance. Up to 200 meter distance, the calculated 
weight is positive and has highest frequency ratio, 
while beyond 200 meter, the total calculated 
weight is negative (-1.1) (Table 3) and has also the 

Figure 6 The modelling and validation landslide set. The modelling set was 
used for landslide susceptibility mapping, while the validation landslide set 
was used for validation of the modelling. 
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lowest frequency ratio value. 
Proximity to streams: It is evident from Table 

3 that the calculated weight and frequency ratio 
decrease as the distance from stream increases. 

3.3 Landslide Susceptibility Index Maps  

The weights and frequencies of factors in Table 

3 are combined, using Eqs. 7 and 8, to create LSI 
maps. To evaluate the predictive power of the 
selected combination of evidential parameters, four 
different combinations of factors were used (Table 
4). Figure 8 shows the four resulting landslide 
susceptibility index maps. 

Figure 7 The spatial distribution of the landslide 
causative factors. 
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Table 3 Calculated weight of each class of causative factor

Parameter Class No. of Pixel 
 in each class

% of 
Class  

No. of Landslide 
Pixel in class % of Landslide W+ W- Wc FR

Aspect 

Flat 72 0.01 0 0.00 0.00 0.00 0.00 0.00
North 160073 12.29 3280 5.62 -1.64 0.07 -1.71 0.46
Northeast 139800 10.74 3041 5.21 -0.75 0.06 -0.81 0.49
East 148723 11.42 5510 9.44 -0.20 0.02 -0.22 0.83
Southeast 177170 13.61 8754 15.00 0.10 -0.02 0.12 1.10
South 199463 15.32 15656 26.82 0.60 -0.15 0.75 1.75
Southwest 183224 14.07 11090 19.00 0.32 -0.06 0.38 1.35
West 155873 11.97 8054 13.80 0.15 -0.02 0.17 1.15
Northwest 137642 10.57 2990 5.12 -0.75 0.06 -0.81 0.48

Proximity to 
Fault (meter) 

0-10 18985 1.46 1423 2.44 0.55 -0.01 0.56 1.67
11-20 20035 1.54 1299 2.23 0.39 -0.01 0.40 1.45
21-50 28036 2.15 1790 3.07 0.37 -0.01 0.38 1.43
51-100 32201 2.47 1985 3.40 0.34 -0.01 0.35 1.38
101-200 30395 2.33 1669 2.86 0.21 -0.01 0.22 1.23
> 200 1172388 90.04 50209 86.01 -0.05 0.36 -0.41 0.96

Geology 

Quaternary 77256 5.93 2960 5.07 -0.17 0.01 -0.18 0.85
H P U 294010 22.58 5384 9.22 -0.93 0.17 -1.10 0.41
S F 52060 4.00 86 0.15 -3.41 0.04 -3.45 0.04
SKm 626270 48.10 49945 85.56 0.61 -1.30 1.91 1.78

Land Cover 

Agriculture 93596 7.19 473 0.81 -2.22 0.07 -2.29 0.11
Barren 694075 53.31 57340 98.23 0.65 -3.25 3.90 1.84
Forest 5098 0.39 68 0.12 -1.59 0.00 -1.59 0.31
Grass 134883 10.36 494 0.85 -2.59 0.11 -2.69 0.08

Proximity to 
Road (meter) 

0 -10  11311 0.87 862 1.48 0.56 -0.01 0.57 1.70
11-20 14199 1.09 994 1.70 0.47 -0.01 0.48 1.56
21-50 16842 1.29 1120 1.92 0.42 -0.01 0.42 1.49
51-100 22569 1.73 1377 2.36 0.33 -0.01 0.33 1.36
101-200 36216 2.78 2041 3.50 0.24 -0.01 0.25 1.26
> 200 1200903 92.23 51981 89.05 -0.04 0.36 -0.40 0.97

Slope (°) 

< 10 98248 7.55 1068 1.83 -1.45 0.06 -1.52 0.24
11-20 158720 12.19 4485 7.68 -0.48 0.05 -0.54 0.63
21-30 228805 17.57 11254 19.28 0.07 -0.02 0.10 1.10
31-40 324501 24.92 19243 32.96 0.26 -0.11 0.37 1.32
41-50 292830 22.49 15653 26.81 0.15 -0.05 0.21 1.19
51-60 155847 11.97 5665 9.70 -0.22 0.03 -0.26 0.81
> 60 43089 3.31 1007 1.73 -0.67 0.02 -0.69 0.52

Proximity to 
Stream (meter) 
  

< 10 14108 1.08 1098 1.88 0.59 -0.01 0.60 1.74
11-20 17210 1.32 1290 2.21 0.55 -0.01 0.56 1.67
21-50 18106 1.39 975 1.67 0.19 -0.01 0.20 1.20
51-100 19438 1.49 971 1.66 0.11 -0.01 0.12 1.11
101-200 42685 3.28 2099 3.60 0.10 -0.01 0.11 1.10
> 200 1190493 91.43 51942 88.98 -0.03 0.27 -0.29 0.97

 
Table 4 Combination of causative factors and area under curve (AUC) in percentage. FR is frequency ratio. 

Model Factors Combination AUC (%)

A All seven parameters (Aspect, Slope, Geology, Land cover, Proximity to Fault, Proximity to 
Road, Proximity to Stream) 82.55 

B Aspect, Geology, Land cover, Proximity to Road, Slope, Proximity to Stream 76.79
C Aspect, Slope, Land cover,  Proximity to Fault, Proximity to Stream 62.67
D Aspect, Slope, Geology, Proximity to Fault, Proximity to Stream 56.34

FR 
All seven parameters (Aspect, Slope, Geology, Land cover, Proximity to Fault, Proximity to 
Road, Proximity to Stream) 79.36 
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3.4 Validation of the LSI maps 

The LSI maps were verified by using a success 
rate curve. Success rate curves of all five models are 
shown in Figure 9. The success rate 
curve explains the accuracy rate of 
landslide occurrence and controlling 
factors using weight of evidence 
statistical modelling. Landslide 
susceptibility maps were also validated 
through the area under curve (AUC) 
criterion (Lee and Sambath 2006; 
Regmi et al. 2010). The area under 
curve (Table 4) criterion is a qualitative 
measurement of success rate values of 
the LSI maps, and was calculated from 
the success rate graphs (Figure 9) of 
each LSI. Model A, considering all 
causative factors, results in the highest 
obtained accuracy. We therefore 
selected Model A for landslide 
susceptibility mapping for the study 
area. Subsequently, the parameters used 
in Model A were also used in the FR 
model for susceptibility mapping. For 
Model A, the success rate curve (Figure 
9) shows that 10% of the high 
susceptible areas have 59.1% of total 

observed landslide area, 30% of the high 
susceptible area has 77.9% of landslide area while 
50% of the high susceptible area covers 87.5% of 
observed landslide area. Similarly for the FR 

Figure 8 Landslide susceptibility index maps, with observed landslide locations in black dots, for different 
combinations of causative factors defined in Table 4.  

Figure 9 Success rate curves showing the prediction capacity of the 
four models and FR model and the area under curve (AUC). These 
curves were generated by crossing modelling landslide set (Figure 6) 
with LSI maps (Figure 8). Model A relatively predicts more landslides 
in the high susceptible classes. 
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Model, the success rate curve (Figure 9) shows that 
10% of the high susceptible areas have 60.2% of the 
total observed landslide area, 30% of the high 
susceptible area has 80% of landslide area while 
50% of the high susceptible area covers 89% of the 
observed landslide area. 

3.5 Weight of evidence and Frequency ratio 
modelling prediction power 

The prediction rate curve was used to validate 
the power of the modelling to predict future 
landslides (Dahal et al. 2008a; Neuhäuser et al. 
2012). The prediction accuracy of Model A and the 
FR Model were evaluated. It appears that 10% of 
the highest susceptible area has 50.2% of the total 
observed landslide area, 30% of the highest 
susceptible area has 68.0% of landslide area while 
50% of the highest susceptible area covers 79.2 % 
of the observed landslide area (Figure 10). 
Similarly, in the case of the FR Model, 10% of the 
highest susceptible area has 52.3% of the total 
observed landslide area, 30% of the highest 
susceptible area has 72% of landslide area while 
50% of the highest susceptible area covers 81.4% of 
the observed landslide area (Figure 10). 

3.6 Classified Susceptibility Map 

Results show that Model A has a 
higher modelling and prediction rate 
compared to the other models. To 
provide a classified susceptibility map 
(Figure 11), model A was divided into 
five susceptible classes from “very low” 
to “very high”, after (Mezughi et al. 
2011). The classified landslide 
susceptibility map was validated by 
comparing landslide susceptible zone 
area with modelling landslide set area 
(Xu et al. 2012) (Figure 12). The “very 
high”, “high” and “moderate” 
susceptibility zones are indeed covered 
by most of the   landslides (Figure 12). 

4    Discussion 

The relative importance of each 
causative factor for landslide 

occurrences was investigated using weight of 
evidence and frequency ratio modelling, and is 
shown in Table 3. From this study, it appears that 
land cover and geology parameters have high Wc 
and FR values. These two factors are concluded to 
be the most important contributing factors for 
landslide occurrences in the study area which is 
also in agreement with Rahim et al. (2018). 
Generally, Bathrellos et al. (2009), Neuhäuser et al. 
(2012) and Neuhäuser and Terhorst (2007) also 
concluded that geology is the most important factor 
for landslide occurrences. 

Moreover, 0f the geology parameter, the SKm 
(Southern Karakoram metamorphic Complex) class 
is more susceptible to landsliding, with highest Wc 

(1.9) and FR (1.8) values (Table 3). In the field, it 
was observed that the rocks of SKm are highly 
deformed, fractured, jointed and belongs to 
sediment productivity class, and inherently prone 
to slope failure (Rahim et al. 2018). While the 
Shaksgam Formation (SF), Hunza Plutonic Unit 
(HPU) and Quaternary were founded as low 
susceptibility classes (Table 3) which is also 
observed by Rahim et al. (2018). Faults present in 
the area are dormant since long time and therefore 
very few landslides are located close to the fault. 

Figure 10 The prediction rate curves of four models and the FR 
model, showing the cumulated number of landslides captured by the 
susceptibility map (cumulated area) from high to low susceptibility 
classes. The prediction rate curve was calculated by crossing models 
landslide susceptibility map with the validation set of the landslide 
inventory.
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Majority of the landslide occurred beyond 200 
meter from faults (Table 3).  

The barren class in land cover parameter is 
observed in high susceptibility class with highest 
calculated Wc (3.9) and FR (1.8) values (Table 3). 
The landslides were mapped from the SPOT-5 
imagery and assigned to the land cover class 
“barren”. This might have caused a feedback of the 
land cover class into the prediction of landslide 

locations. However, Malek et al. (2015) state that 
barren land is more prone to landslide occurrence 
due to direct exposure to climatic factors like, rain, 
snow and sun rays. On the other hand Reichenbach 
et al. (2014)  stated that the presence of a 
vegetation cover prevents erosion of the soil 
surface and protects the surface from the weather, 
thus makes an area less prone to landsliding. 

There is a close relationship of landslide 

Figure 11 Landslide susceptibility zones of Model A (A) and the FR Model (B) showing susceptibility zones, with the 
area covered in percentage. The classification is based on the natural break law of prediction rate curve graph values. 
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susceptibility with the distance from 
roads and streams. It is clear from 
Table 3, that as the distance from 
road and stream increases, the 
landslide susceptibility decreases. 
This fact is also found in other 
studies, for examples, Pradhan et al. 
(2010) and Regmi et al. (2010). Slope 
cutting for road construction and the 
vibration produced by heavy traffic 
eventually results in land failure 
(Ayalew and Yamagishi 2005). In the 
Hunza- Nagar valley landslides along 
roads are not natural but triggered 
due to road construction. However, 
the 64% of landslides at far distance 
from the road are natural. Similarly, 
streams undercut slopes and the 
resulting erosion creates instability in 
the study area.   

The results reveals, when the slope angles are 
between 30° and 50°, the Wc and FR is highest 
(Table 3), and therefore, are  more susceptible to 
landslides. This favourable condition for landslides 
occurrences is also found by Dahal et al. (2008b). 
For slope angles of 60° and higher, the Wc is 
negative and the FR is lowest  and is less 
susceptible (Table 3). The high steepness of such 
slopes lets detached material slide down instantly 
and accumulate at the toe, and no material is left 
on the slope to develop a landslide. However, such 
slopes are prone for rock or debris fall. South-
facing slopes got highest Wc and FR values and are 
thus comparatively more susceptible to landsliding. 
This is also found by Xu et al. (2012). South-facing 
slopes are supposedly more exposed to the sun 
(Ren et al. 2013) and therefore more affected by 
chemical and mechanical weathering (De Guidi 
2013). Earthquake is the major triggering factor of 
landslide. However, due to lack of data about 
seismic events and associated co-seismic 
landslides, we could not use earthquake as a 
variable in the susceptibility assessment.  

Four different combinations of causative 
factors were tested for weight of evidence 
modelling (Table 4 and Figure 8). It is observed 
from the different combinations of factors and 
success rate curves (Figure 9), that the 
combination of aspect, slope, geology, land cover, 
proximity to fault, proximity to road and proximity 

to stream, is recommendable for landslide 
susceptibility assessment of this study area. Models 
C and D, without geology, land cover and proximity 
to road, shows less accuracy when compared to 
models A and B (Table 4 and Figure 9). The 
calculated prediction rate from both the weight of 
evidence and frequency ratio modelling is 84% and 
80%, respectively. At the same time, the success 
rate curve shows 82% accuracy for weight of 
evidence modelling and 79% accuracy for the 
frequency ratio modelling. The prediction accuracy 
obtained from the weight of evidence modelling is 
comparable to previous studies such as Dahal et al. 
(2008b) (80%), Regmi et al. (2010) (78%) and 
Pradhan et al. (2010) (80%). The results of 
frequency ratio modelling from this study is very 
similar to other previous studies such that 
Mohammady et al. (2012) (80%) and Mezughi et 
al. (2011) (84%). From the present study the 
resultant susceptibility map accuracy (82%) 
produced by weight of evidence modelling is 
slightly higher (79%) than that of the map 
produced by frequency ratio.  

From table 4 and figure 9 it can be seen that 
adding more landslide causative factors in the 
weight of evidence modelling leads to more 
accurate results. Moreover, in the weight of 
evidence and frequency ratio modelling, the 
resultant weighted value depends on the ratio 
between causative factor class area and the mapped 

Figure 12 Validation of classified susceptibility maps, showing 
landslide susceptible zones and observed landslide area in percentage. 
Very high and high susceptibility zones are occupied by high 
concentration of observed landslides.  
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landslide area. If the landslide mapped area is 
larger than the class area, the resulting weight will 
be positive, and vice versa.  

Weight of evidence modelling has some 
advantages: i) the methods provides a result based 
on weighted value rather than a subjective weight 
factor; ii) The prediction results are based purely 
on evidential parameters and therefore lead to 
reliable prediction results; and iii) the modelling 
can denote a well-tested technique for natural 
hazard study and spatial analysis. On the other 
hand, the weight of evidence modelling has some 
disadvantages, which was also pointed out by 
Regmi et al. (2010) i.e. the modelling 
overestimated the weight if the landslide are not 
evenly distributed and the area of factor class is 
very small. 

In this study, we did not classify the landslides 
into different types and develop susceptibility map 
for all kinds of landslides. This is one of the 
limitations of the study. However, the landslide 
inventory map and susceptibility map developed in 
this study can be used for estimation of landslide 
hazard and risk assessment in the study area. The 
landslide susceptibility map can be used for site 
specific decision making tools, and can be used by 
local government for land use planning.  

5    Conclusion  

This paper presents a landslide inventory and 
landslide susceptibility map for the Hunza-Nagar 
valley in Northern Pakistan. Interpretation of a 
SPOT5 remote sensing image with field 
observations leads to an accurate identification of 
landslides in such an environment. The calculated 
weights (W+, W- and Wc) and frequency ratio values 
obtained with Bayesian probability modelling 
helped to determine the importance of seven 
causative factors for landslide occurrences. 
Geology, land cover, road and terrain slope are the 
major contributors for slope instability in the 
Hunza-Nagar valley. The results from weight of 
evidence modelling are better higher compared to 
frequency ratio results. We conclude that remote 
sensing derived data, supported with a GIS analysis 
and statistical modelling, perform well for 
landslide detection and landslide susceptibility 
mapping.   
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