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ABSTRACT

This study attempts to assess the role of basin morphometric parameters in slope instability using a morphometric
diversity (MD) model, as well as the role of drainage parameters and relief parameters in slope failure using drainage
diversity (DD) and relief diversity (RD) models, respectively. For this, a total of 14 morphometric data layers were
considered. The relationship of each data layer to landslide susceptibility was judged using a frequency ratio (FR)
approach. Parameters like drainage density (Dd), drainage frequency (Df), relative relief (Rr), drainage texture (Dt),
junction frequency (Jf), infiltration number (In), ruggedness index (Ri), dissection index (Di), elevation (E), slope (S),
relief ratio (Rra) and hypsometric integral (Hi) were positively related with landslide potentiality while bifurcation ratio
(Rb) and drainage intensity (Din) negatively correlated with S failure. The principal component analysis (PCA)-based
weight assigned to each data layer in each model was multiplied with unidirectional reclassified data layers for each
model using a weighted linear combination (WLC) approach to prepare landslide susceptibility maps. The receiver
operating characteristics curve showed that the landslide prediction accuracy of the DD, RD and MD models were
71.4%, 73.9% and 76.3%, respectively. The FR plots of the aforesaid three models suggested that the chance of landslide
increases from very low to very high in susceptible zones.
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1. Introduction

Landslides are one of the real, normal risks that cause
roughly 1,000 individual deaths per year worldwide and
around US$4 billion in property damages in the U.S. (Lee
and Pradhan, 2007). The Himalayan mountain regions,
the Meghalaya plateau and the Western Ghats are the most
significant landslide prone areas in India. The Balason river
basin of Darjeeling Himalaya is not an exception to these
phenomena, due to its fragile geo-environmental conditions
and operating geomorphic process. Every year, a large
amount of people, property and the natural environment
are affected by landslides. To limit the impact of landslide
damages, it is important to predict it before it happens.
The landslide susceptibility map has turned out to be an
exceptionally valuable approach to assessing, managing
and mitigating the landslide hazard for the region (Kienholz,
1978; Spiker and Gori, 2000; Chau et al., 2004). The
drainage basin morphometry plays an important role in
quantifying the relief, drainage and hydrological conditions
which governs the whole landscape of a river basin. The
morphometric parameters are intimately associated with
landslide activities. These parameters portray the surface
chemistry and play vital role in slope instability. Several
authors calculated morphometric parameters for terrain
analysis using remote sensing (RS) and geographic
information system (GIS) in different parts of the world
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(Rastogi and Sharma, 1976; Nautiyal, 1994; Magesh et al.,
2012). Some researchers tried to find out the ground water
potential zones using morphometric parameters (Gajbhiye
et al., 2014; Gopal and Saha, 2015). Sub-basin prioritisation
(Thakkar and Dhiman, 2007; Amani and Safaviyan, 2015),
surface water availability (Rai et al., 2014; Khatun and Pal,
2017), and recharge estimation (Avinash et al., 2014; Nidhi
et al., 2016) were done using morphometric parameters.
Several studies were established to show the relationship
between slope instability or simply landslide occurrences
and drainage morphometric parameters (Jeganathan and
Chauniyal, 2000; Ghosh, 2015). In this study, a total of
14 morphometric parameters were calculated and spatial
data layers were made accordingly. With the help of these
parameters, three geomorphic diversity models, i.e. the
drainage diversity (DD) model, relief diversity (RD) model
and morphometric diversity (MD) model, were applied
to prepare landslide susceptibility maps and attempt to
gauge how well each model predicts future landslide
events. Essentially, highly diversified areas are associated
with highly landslide-prone areas and vice versa. The
other existing landslide susceptibility methods, such as the
frequency ratio (FR) technique (Lee and Talib, 2005; Lee
and Sambath, 2006), logistic regression method (Lee and
Sambath, 2006; Ghosh et al. 2011), information value (Info
Val) method (Anbalagan, 1992), landslide normal risk factor
method (Yin and Yin, 1988), discriminant analysis method
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(Gupta and Joshi, 1990), artificial neural network (ANN)
method (Choi et al., 2011), neuro-fuzzy method (Pradhan,
2010), support vector machine (Xu et al., 2012), decision
tree method (Nefeslioglu, 2010), index of entropy (Devkota
et al., 2013), Bayesian probability (Song et al., 2012) and
fractal theory (Majtan et al., 2002), etc., were prepared
in combination with several relief, drainage, geological,
anthropological, protective and triggering factors. But in
this study, the three aforementioned diversity models help
us discover the role of drainage, relief and morphometric
parameters in landslide susceptibility assessment
individually. The DD model was calibrated using drainage
density (Dd), drainage frequency (Df), bifurcation ratio
(Rb), relative relief (Rr), drainage intensity (Din), drainage
texture (Dt), junction frequency (Jf), infiltration number
(In) and ruggedness index (Ri), whereas the RD model
was constructed using slope (S), Rr, dissection index (Di),
elevation (E), Ri, Rb, relief ratio (Rra) and hypsometric
integral/relative height (Hi). Finally, Dd, Df, Din, Di, Dt, Jf,
In, Rb, Rr, Ri, E, S and Hi were used for the MD model.

2. Study area

The Balason river basin is a section of Bengal’s hilly
region in Darjeeling Himalaya, situated within latitude
26°40°N - 27°01'N and longitude 88°7E - 88°25'E and
covering a geographical area of approximately 378.45
sq. km (Figure 1). The major right bank tributary of the
Mahananda River, the Balason River originates from
Lepchajagat (2,361 m), located on the Ghum-Simana
ridge. The main leg of the Balason River flows north to
south-east for about 51.92 km and joins the Mahananda
River at 26°41"28'N and 88°24"15E. The total number
of streams in the Balason river basin is 3,790 and the
total length of all stream segments is 1,476.75 km. The
river basin covers parts of Rangli Rangliot, Naxalbari,
Matigara, Jorebunglow Sukiapokhri, Mirik and Kurseong
in the Darjeeling district in West Bengal. The Balason river
basin of Darjeeling Himalaya is characterised by a distinct
geographical environment. The evolution of landforms is
largely dependent on its geological structure, lithology,
relief configuration, climatic characteristics and bio-
physical processes. The elevation of the region increases
from south to north, 121 m at Matigara but 2,416 m at
Lepchajagat. The network created by different ridges and
valleys shows a dendritic drainage pattern. Inclination of
slope is different in various parts of the basin. Some areas
in the northern part have an inclination of 30° - 45°, whereas
other places, especially in the south, have an inclination of
15° - 30°. The river valley has a steep, ungraded channel,
narrow floor, steep valley, etc. in the upper portion of the
basin. The gradient of the river is controlled by lithology
and mass movement of the area. The steep slopes and
high altitude, especially in the north, make these areas
vulnerable to slope instability, whereas southern parts of
the basin are less vulnerable due to the lower altitude and
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slope gradient. Most of the area of this basin is covered
by intensely metamorphosed rocks like gneiss, slates,
phyllite and schists, etc. These rocks are characterised by
several fractures, joints and faults. They are also highly
weathered. Such conditions maximise the chances of
landslide occurrences. Inceptisol order soils cover almost
the entire hilly tract of the Balason river basin, and are
characterised by moderately shallow, well-drained, gravelly
loamy soils with a loamy surface and moderate to severe
erosion, etc., which makes the areas more vulnerable to
slope instability. About 85% of the annual rainfall occurs
due to the southwest monsoon. Hilly regions of the basin
experience more rainy days (124 days) than plain regions
(100 days), often more than 2.5 mm rainfall in a single
day. The hilly region also receives more rainfall than the
plains. The whole basin receives an average of 2,300 mm
(2,000 mm - 5,000 mm) of rainfall (Lama, 2003; Mondal
and Mandal, 2017a). The mean temperature of the Balason
river basin is not the same in the upper part of the region.
About 12°C mean annual temperature can be observed
in the hilly region, whereas the recorded mean annual
temperature in the plain region is 24°C. In summer, the
mean temperature ranges from 27°C - 29°C in the plains
and from 16°C - 22°C in the hills, whereas mean winter
temperatures range from 12°C - 14°C in the plains and 5°C -
7°C in the hills (Lama, 2003).
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Figure 1. Location map of the study area.
3. Materials and methods

In the present study, a total of 14 parameters such as
Dd, Df, Rb, Rr, Din, Dt, Jf, In, Ri, Di, E, S, Rra and Hi
were considered for the landslide susceptibility assessment
and prediction, which were prepared from Shuttle Radar
Topography Mission Digital Elevation Model, Toposheets
and Google Earth imagery (Table 1). Various classification
methods exist, such as quantile, equal interval, natural
break and standard deviation methods, to classify the
aforesaid data layers (Pradhan and Lee, 2010a) . If the data
distribution has a positive or negative skew, the quantile or
natural break distribution classifiers can be chosen (Akgun
et al. 2012). As suggested by many researchers, the natural
break method was applied to determine different subclasses
(Althuwaynee et al., 2014; Shrestha et al., 2017; Mandal
and Mandal, 2017) for this study.
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Table 1. Dataset used in the study.

Purpose

Data used

Data source

Preparation of landslide
inventory map

Google earth historical imageries
(2000 - 2016), Landsat 7 ETM+
imageries (2000 - 2005), Landsat
4 - 5 TM imageries (2006 - 2007,
2009 - 2011), LISS III imageries
(2008, 2012 - 2013), Landsat 8
OLI (2014 - 2015), high resolution
Sentinel-2 imagery (2016), Arc Map
high resolution world imagery and
intensive field survey data (2015 -
2016).

https://earthexplorer.usgs.
gov/, https://glovis.usgs.
gov, http://bhuvan.nrsc.gov.
in/, Google earth, Arc Map
10.1 world imagery and Field
investigation using GPS

Preparation of Rr, Di, E, S,
Hi data layers

SRTM DEM (30 m spatial
resolution) (2014)

carthexplorer.usgs.gov

Thematic data layers of Dd,
Df, Rb, Din, Dt, Jfand In

Toposheet (1961 - 1962, 1965 -
1966, 1969 - 1971) and Google
earth imagery (2015)

Survey of India (SOI),
Kolkata. toposheet no. 78A/4,
78A/8, 78B/1, 78B/5 and
78B/6 and Google earth map

Data layers of Ri and Rra

SRTM DEM (30 m spatial
resolution) and Toposheet (1961-
62, 1965-66, 1969-71) and Google
carth imagery (2015)

carthexplorer.usgs.gov,
Survey of India (SOI),
Kolkata. toposheet no. 78A/4,
78A/8, 78B/1, 78B/5 and

78B/6 and Google earth map

3.1. Preparation of landslide inventory map

A landslide inventory map is the preliminary step in
preparing landslide susceptibility map. Several researchers
incorporated aerial photographs and satellite images to
identify different locations of landslide events (Lee and
Pradhan, 2007; Pradhan, 2010; Choi et al., 2011). In this
study, Google Earth historical imageries (2000 - 2016),
Landsat 7 enhanced thematic mapper plus (ETM+)
imageries (2000 - 2005), Landsat 4 - 5 thematic mapper
(TM) imageries (2006 - 2007, 2009 - 2011), linear imaging
self-scanning sensors (LISS) III imageries (2008, 2012 -
2013), Landsat 8 operational land imager (OLI) (2014 -
2015), high resolution Sentinel-2 imagery (2016), Arc Map
high resolution world imagery and intensive field survey
data (2015 - 2016) were used in the mapping of several
large and small landslides. There are three major types of
landslide identified in the study area - shallow translational
debris slides, deep-seated rockslides and shallow
translational rockslides. A total of 295 landslide locations
were mapped (Figure 1) and randomly divided into two
parts, i.e. 70% of the total landslide locations were used
as a training data set and the remaining 30% of locations
were used for validation of the model. The average area of
landslide was 3,762.90 m’.

3.2. Preparation of morphometric data layers and their
role in slope instability

A total of 14 parameters were calculated using a
recognised formula and prepared spatial data layers in Arc
GIS environment. The relationship between morphometric
parameters and landslide occurrences were judged using
a FR approach (Karim et al., 2011; Mondal and Mandal,
2017a),

{N pix (Si)/N pix (Ni)}*100

FR= {3 N pix (Si)/¥N pix (Ni)}*100 ° (M

Where N pix (si) is the number of pixels containing
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landslide in each class (i), N pix (Vi) is the total number of
pixels having class (i) in the whole basin, 3, N pix (si) is the
total number of pixels in each class and YN pix (ni) is the
total number of pixels in the whole basin. The higher the
FR value, the greater the chance of landslide occurrences.

3.2.1. Dd

This is an important factor in landslide susceptibility.
Dd means the total stream length per unit area. It also
indicates the closeness of spacing of channel per unit area,
which determines the landscape dissection and runoff
potentiality of a region (Strahler, 1964). Dd indirectly
presents the erosional status of the basin and highly
correlates with landslide susceptibility. Higher Dd in an
area indicates a high landslide probability and lower Dd
means the opposite (Sarkar and Kanungo, 2004). High
Dd implies high runoff and consequently low infiltration
rate, whereas low Dd implies low runoff and consequently
high infiltration. In this study, Dd varies from 0 km/
sq. km - 15.10 km/sq. km and was classified into 10
different classes, i.e. 0 km/sq. km - 1.31 km/sq. km,
1.31 km/sq. km - 2.61 km/sq. km, 2.61 km/sq. km -
3.67 km/sq. km, 3.67 km/sq. km - 4.56 km/sq. km,
4.56 km/sq. km - 5.39 km/sq. km, 5.39 km/sq. km -
6.27 km/sq. km, 6.27 km/sq. km - 7.28 km/sq. km,
7.28 km/sq. km - 8.58 km/sq. km, 8.58 km/sq. km -
10.60 km/sq. km and 10.60 km/sq. km - 15.10 km/sq. km

(Figure 2(a)).
3.2.2. Df

Df is an important geomorphic concept which
measures the relative spacing of drainage lines. The term
refers to the number of stream segments of all orders per
unit area (Horton, 1945). It helps for understanding the
drainage texture as well as the texture of the landscape
of an area. High Df indicates fast runoff and therefore
landslide susceptibility is more likely in a basin with
high stream frequency (Jeganathan and Chauniyal,
2000). In this study, Df was grouped into 10 classes:
0 streams/sq. km - 4.91 streams/sq. km, 4.91 streams/sq. km -
11.05 streams/sq. km, 11.05 streams/sq. km -
15.96 streams/sq. km, 15.96 streams/sq. km -
21.27 streams/sq. km, 21.27 streams/sq. km -
27.00 streams/sq. km, 27.00 streams/sq. km -
33.54 streams/sq. km, 33.54 streams/sq. km -
40.90 streams/sq. km, 40.90 streams/sq. km -
52.35 streams/sq. km, 52.35 streams/sq. km -
70.35 streams/sq. km and 70.35 streams/sq. km -
104.30 streams/sq. km (Figure 2(b)).

3.2.3.Rb
Rb is a dimensionless property of the drainage basin

that may be defined as the ratio between the total number
of stream segments of an order and the next higher order

HKIE Transactions | Volume 27, Number 1, pp.13-24

()



S MONDAL AND S MANDAL

(Horton, 1945). It is strongly controlled by Dd, lithological
characteristics, basin shape and area, and stream entrance
angle, etc. A higher Rb means structurally disturbed
watersheds with high distortion in drainage pattern indicate
a highly landslide prone area (Ghosh, 2015). The Rb of
the Balason river basin ranges from 1.50 - 5.66 and it was
reclassified into eight classes, i.e. 1.50 - 2.56, 2.56 - 3.25,
3.25-3.71,3.71 - 4.01,4.01 - 4.22,4.22 - 4.52,4.52 - 498
and 4.98 - 5.66 (Figure 2(c)).

3.24. Rr

Rr is another important parameter in the preparation
of a landslide susceptibility zonation map (Mandal and
Mandal, 2016). It can be defined as the difference between
highest altitude and lowest altitude. The Rr is positively
associated with landslide susceptibility. High Rr enhances
the chance of slope failure and vice versa (Jeganathan
and Chauniyal, 2000). For the present study, the Rr
value ranges from 5.19 m/sq. km - 662.00 m/sq. km and
is divided into 10 different classes, i.e. 5.19 m/sq. km -
51.70 m/sq. km, 51.70 m/sq. km - 127.00 m/sq. km,
127.00 m/sq. km - 215.00 m/sq. km, 215.00 m/sq. km -
292.00 m/sq. km, 292.00 m/sq. km - 346.00 m/sq. km,
346.00 m/sq. km - 393.00 m/sq. km, 393.00 m/sq. km -
434.00 m/sq. km, 434.00 m/sq. km - 475.00 m/sq. km,
475.00 m/sq. km - 532.00 m/sq. km and 532.00 m/sq. km -
662.00 m/sq. km (Figure 2(d)).

3.2.5. Din

Din may be defined as the ratio of Df to Dd (Faniran,
1968). A high Din value indicates that Dd and stream
frequency have significant influence on the degree to which
the land surface of the watershed has been lowered by
various denudation processes. Simply put, high Din areas
are characterised by more slope failure events. The Din of
the study area ranges from 0 - 48.17 and was reclassified
into 10 categories, i.e. 0 - 1.51, 1.51 - 3.02, 3.02 - 4.16,
4.06 - 5.67,5.67 - 8.12, 8.12 - 12.10, 12.10 - 17.96, 17.96 -
25.51,25.51 - 34.58 and 34.58 - 48.17 (Figure 2(e)).

3.2.6. Dt

Dt denotes the total number of stream segments of all
orders per perimeter of that area (Horton, 1945). It indicates
the relative spacing of drainage lines and the cumulative
effect of the infiltration capacity, the amount and type of
vegetation, infiltration capacity and relief aspect of the
terrain, which influences the rate of surface runoff and affects
the Dt of a basin. A high textural area indicates greater
susceptibility of landslide occurrences (Jeganathan and
Chauniyal, 2000). In this study, the value of the Dt ranges
from 0 streams/km - 26.07 streams/km and is categorised
into 10 classes, i.e. 0 streams/km - 1.23 streams/km,
1.23 streams/km - 2.76 streams/km, 2.76 streams/km -
3.99 streams/km, 3.99 streams/km - 5.32 streams/km,
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5.32 streams/km - 6.75 streams/km, 6.75 streams/km -
8.38 streams/km, 8.38 streams/km - 10.23 streams/km,
10.23 streams/km - 13.10 streams/km, 13.10 streams/km -
17.59 streams/km and 17.59 streams/km - 26.07 streams/km

(Figure 2(%)).
3.2.7.Jf

This is the number of stream nodes per unit area
(Ghosh and Saha, 2015). It reflects the hydrological
condition of a basin. The higher the Jf value, the
greater chance of water availability. The river erosional
process leads to the slope becoming more vulnerable.
Simply put, it enhances the chance of landslide
occurrences (Jeganathan and Chauniyal, 2000).
The Jf value ranges from 0 stream nodes/sq.km -
67.49 stream nodes/sq.km and is grouped into 10 classes,
i.e. - 0 stream nodes/sq.km - 2.38 stream nodes/sq.km,
2.38 stream nodes/sq.km - 5.82 stream nodes/sq.km,
5.82 stream nodes/sq.km - 9.00 stream nodes/sq.km,
9.00 stream nodes/sq.km - 12.45 stream nodes/sq.km,
12.45 stream nodes/sq.km - 16.42 stream nodes/sq.km,
16.42 stream nodes/sq.km - 20.92 stream nodes/sq.km,
20.92 stream nodes/sq.km - 26.74 stream nodes/sq.km,
26.74 stream nodes/sq.km - 34.95 stream nodes/sq.km,
34.95 stream nodes/sq.km - 46.33 stream nodes/sq.km
and 46.33 stream nodes/sq.km - 67.49 stream nodes/sq.km

(Figure 2(g)).

3.2.8. In

The In of a drainage basin is the product of Dd and
stream frequency (Faniran, 1968). The higher the In,
the lower the infiltration and the higher the runoff will
be. Therefore, a high In is closely associated with slope
instability (Ghosh, 2015). In values were reclassified into
10 classes, i.e. 0 In/sq.km - 30.89 In/sq.km, 30.89 In/
sq.km - 80.32 In/sq.km, 80.32 In/sq.km - 148.28 In/sq.km,
148.28 In/sq.km - 234.78 In/sq.km, 234.78 In/sq.km -
339.81 In/sq.km, 339.81 In/sq.km - 481.92 In/sq.km,
481.92 In/sq.km - 667.27 In/sq.km, 667.27 In/sq.km -
883.51 In/sq.km, 883.51 In/sq.km - 1,130.66 In/sq.km and
1,130.66 In/sq.km - 1,575.50 In/sq.km (Figure 2(h)).

3.2.9. Ri

Topographic ruggedness exhibits significant control
over the spatial occurrence of landslides and erosion prone
areas, and portrays the intricate relationship of lithology,
structure, relief and climate. It is the product of Dd and
basin relief divided by 1,000 (Miller et al., 1990). The
low ruggedness value of the basin implies that the area is
less prone to soil erosion and landslide, and has intrinsic
structural complexity in association with relief and Dd. In the
study, this figure ranges from 0 Ri/sq. km - 6.55 Ri/sq. km,
which is partitioned into 10 groups, i.e. 0 Ri/sq. km -
.34 Ri/sq. km, .34 Ri/sq. km - .93 Ri/sq. km, .93 Ri/sq. km -
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1.42 Ri/sq. km, 1.42 Ri/sq. km - 1.83 Ri/sq. km, 1.83 Ri/sq. km -
2.22 Ri/sq. km, 2.22 Ri/sq. km - 2.63 Ri/sq. km,
2.63 Ri/sq. km - 3.12 Ri/sq. km, 3.12 Ri/sq. km - 3.74 Ri/sq. km, 3
.74 Ri/sq. km - 4.48 Ri/sq. km and 4.48 Ri/sq. km -
6.55 Ri/sq. km (Figure 2(1)).

3.2.10. Di

The Di depicts the degree of dissection or vertical
erosion, and the stage of landform development in a basin
watershed. It may be defined as the ratio between the
relative relief and absolute relief of the basin (Nir, 1957)
and the value always ranges between 0.0 (complete absence
of dissection and thus the dominance of flat topography)
and 1 for infrequent cases such as vertical cliff topography
at the sea shore or vertical escarpment of hill slope (Farhan
et al., 2015). A high Di enhances the chance of S failure and
vice versa (Jeganathan and Chauniyal, 2000; Ghosh, 2015).
In this study, 10 classes of dissection index were made:
.06 Di/sq. km - .13 Di/sq. km, 13 Di/sq. km - .17 Di/sq. km,
.17 Di/sq. km - .22 Di/sq. km, .22 Di/sq. km - .26 Di/sq. km,
.26 Di/sq. km - .31 Di/sq. km, .31 Di/sq. km - .37 Di/sq. km,
.37 Di/sq. km - .42 Di/sq. km, .42 Di/sq. km - .47 Di/sq. km,
.47 Di/sq. km - .52 Di/sq. km and .52 Di/sq. km -
.59 Di/sq. km (Figure 2(j)).

3211 E

E is the primary causative factor which affects the
slope material through the weathering process. It has a
direct influence on all others topographic aspects, slope,
soil layer arrangement, etc. As the elevation increases, the
slope angle also increases, which directly makes the land
surface more landslide susceptible (Devkota et al., 2013).
In this study, the E value ranges from 106 m - 2,600 m and
is divided into 10 classes, i.e. 106 m - 298 m, 298 m - 539 m,
539 m-792m, 792 m - 1,030 m, 1,030 m - 1,240 m,
1,240 m - 1,440 m, 1,440 m - 1,650 m, 1,650 m - 1,880 m,
1,880 m - 2,130 m and 2,130 m - 2,600 m (Figure 2(k)).

3.212. 8

S is a key factor which strongly influences the landslide
susceptibility of a region. A positive correlation exists
between landslides and S which indicates that areas with
steep S are more prone to landslide occurrences (Mandal
and Mandal, 2018). As the S angle increases, the tendency
of movement increases and shear stress in soil and other un-
consolidated material generally increases. Moderate S is
expected to have a low frequency of landslide (Ayalew et
al., 2005). The S of the basin ranges from 0° - 71.10° and
was reclassified into 10 classes, i.e. 0°- 5.03°, 5.03°- 11.30°,
11.30°- 16.80°, 16.80°- 21.90°, 21.90°- 26.60°, 26.60°-
31.10°, 31.10°- 35.50°, 35.50°- 40.60°, 40.60°- 47.00° and
47.00°- 71.10° (Figure 2(1)).

Figure 2. Spatial data layers of (a) Dd; (b) Df; (c) Rb; (d)
Rr; (¢) Din; () Dt; (2) JE; (h) In; (i) Ri; (§) Di; (k) E; and (1) S.

3.2.13. Rra

Rra is an index of relief characteristics and steepness in
a drainage basin. It refers to the difference in height between
the highest and lowest points in the basin and the horizontal
distance along the longest dimension of the basin parallel to
the main stream line (Schumm, 1956). The ratio is positively
correlated with the rate of erosion in the basin and the value
of the Rra normally increases with decreasing drainage arca
and size of a given catchment. In this study, the Rra varies
from .02 - .30 and was classified into 10 different classes, i.e.
02,.02-.11,.11 - .14, .14 - .18, .18 - 20, .20 - .21, .21 - .22,
22 -.23,.23- .27 and .27 - .30 (Figure 3(a)).

3.2.14. Hi

Hypsometrics are related to the measurement and
analysis of relationships between altitude and basin area. It
helps for understanding the degree of dissection and stage
of erosion of a basin (Strahler, 1952). The Hi indicates the
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percentage area under the dimensionless curve as a good
indicator of the basin erosional status or the surface decay,
whereas the erosional integral is the area proportionate to
the area above the curve. The high value of the Hi denotes
the active erosional youthful stage of the basin, which is
more slide prone (Ghosh, 2015). The Hi map of the study
area was divided into 10 classes, i.e. .18 - .31, .31 - .37,
37 - 41, 4l - 44, 44 - 48, 48 - 51, .51 - 54, .54 - .57,
.57-.62 and .62 - .75 (Figure 3(b)).
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Figure 3. Spatial data layers of (a) Rra and (b) Hi.

3.3. Uniform scaling and assigning principal component
analysis (PCA)-based weight for constructing DD, RD
and MD models and landslide susceptibility zonation

mapping

After preparing the morphometric data layers in GIS
platform, DD, RD and MD models were used for landslide
susceptibility zonation mapping (Table 2). Some parameters
are common because these parameters directly or indirectly
represent both the relief and drainage character, such as Rb
which indicates the drainage characteristics and break of S
characteristics. In the same way, Ri implies the arrangement of
a drainage network and ruggedness characteristics of relief.

Table 2. Spatial data layers and composite equations used in
RD, DD and MD methods.

Method | Number of | Name of Composite equation
spatial data | spatial data

layers layers

DD 9 Dd, Df, Rb, | DD Model = (Reclass of Dd x 1.000) + (Reclass of Df x 1.000) +
Rr, Din, Dt, | (Reclass of Rb x 0.707) + (Reclass of Rr x 0.769) + (Reclass of Din x
Jf,Inand Ri | 0.638) + (Reclass of Dt x 1.000) + (Reclass of Jf x.0.971) + (Reclass of
In x 0.891) + (Reclass of Ri

0.967)

RD 8 S, Rr, Di, E, | RD Model = (Reclass of S x 0.811) + (Reclass of Rr x 1.000) + (Reclass
Ri, Rb, Rra | of Di x 0.588) + (Reclass of Altitude x 0.851) + (Reclass of Ri x 0.890)
and Hi + (Reclass of Rb x 0.831) + (Reclass of Rra x 0.878) + (Reclass of Hi x
0.602)
MD 13 Dd, Df, Din, | MD Model = (Reclass of Dd x 1.000) + (Reclass of Df x 0.981) +

Di, Dt, Jf, | (Reclass of Din x 0.671) + (Reclass of Di x 0.452) + (Reclass of Dt x
In, Rb, Rr, | 0.981) + (Reclass of Jf x 0.935) + (Reclass of In x 0.836) + (Reclass of
Ri, E, S and | Rb x 0.765) + (Reclass of Rr x 0.895) + (Reclass of Ri x 1.000) +
Hi (Reclass of Altitude x 0.848) + (Reclass of S x 0.720) + (Reclass of Hyi
x0.527)
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To perform the aforesaid three model analysis,
principal compoent analysis (PCA)-based weights were
assigned to each data layer of each mode. PCA-based
weight was also used by Khatun and Pal (2017). It was
calculated using Equation (2),

Yamr
Wm=-—""——.
Yanr max

@

Where Wm is the weight of the mth parameter, amris
the row wise summation of correlation coefficient of the mth
parameter (avoiding the minus symbol) and anr max is the
maximum correlation coefficient within the total parameter.

The preparation of a landslide susceptibility map
requires that the factors considered be combined with
respect to their relative importance in landslide occurrence
(Sarkar and Kanungo, 2004). The intra-class ranking
of 14 parameters was done based on a 10-point scale to
make the parameters unidirectional in terms of landslide
susceptibility, with 10 points assigned to the class which
enhances the chance of landslide occurrences of each data
layer. Except the Rb data layer, all the data layers were
divided into 10 classes to simplify the workflow. After
giving each its relative importance on the 10-point scale
(Table 3), each unidirectional and reclassified data layer was
multiplied with the individual PCA-based parameter weight
and finally summed up by the weighted linear combination
method (WLCM),

WLCM = Y7, aj X wj, )

Where aj is the unidirectional and reclassified data
layer of the jth attribute, wj is the PCA-based weight of the
jth attribute.

3.4. Validation methods

Two well recognised validation methods were
employed in this study, i.e. the receiver operating
characteristics (ROC) curve and FR. Several researchers
used the ROC curve for the accuracy assessment of the
landslide susceptibility map (Bui et al.,2012; Ozdemir and
Altural, 2013). The ROC curve is the graphical presentation
of the sensitivity on the y axis and 1-specificity of the
model on the x axis (Mohammady et al., 2012). The area
under curve (AUC) value of the ROC curve varies from
0.5 - 1.0, where values below 0.5 indicate a random fit
and values close to 1 mean excellent prediction accuracy.
The range value of AUC was sorted into five classes,
demonstrating the predictive accuracy of the map: 0.9 - 1.0
means excellent, 0.8 - 0.9 means very good, 0.7 - 0.8 means
good, 0.6 - 0.7 means average and 0.5 - 0.6 means poor
(Yesilnacar, 2005). On the other hand, for the consideration
of the ideal landslide suspectiblity map, the FR value must
have a greater value in very high susceptibility zones and
it gradually decreased to a very low susceptibility zone
(Tsangaratos and Ilia, 2016; Mondal and Mandal, 2017a,
Mondal and Mandal, 2017b).
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Table 3. Factors weight, sub class ranking and FR value.
Factors | Subclasses Subclasses | Factor | Factor | Factor | FR Factors | Subclasses Subclasses | Factor | Factor | Factor | FR
rank weight | weight | weight | yvalye rank weight | weight | weight | yalye
of DD | of RD | of MD of DD | of RD | of MD
method | method | method method | method | method

Dd 0-1.31 1 1.000 Not 1.000 0.00 | Df 0-4.91 1 1.000 Not 0.981 0.00
1.31-2.61 2 used 0.01 4.91-11.05 2 used 0.36
2.61-3.67 3 1.00 11.05-15.96 |3 2.17
3.67-4.56 4 1.97 15.96-21.27 | 4 0.99
4.56-5.39 5 1.38 21.27-27.00 |5 0.92
5.39-6.27 6 1.29 27.00-33.54 | 6 1.87
6.27-7.28 7 1.46 33.54-40.90 |7 4.37
7.28-8.58 8 1.85 40.90-52.35 | 8 0.69
8.58-10.60 9 0.87 52.35-70.35 | 9 2.76
10.60-15.10 10 2.94 70.35-104.30 | 10 4.59

Din 0-1.51 1 0.638 Not 0.671 0.00 | Di .06-.13 1 Not 0.588 | 0.452 0.10
1.51-3.02 2 used 0.46 13-.17 2 used 1.43
3.02-4.16 3 1.74 17-22 3 0.22
4.06-5.67 4 1.60 .22-26 4 0.29
5.67-8.12 5 1.35 26-.31 5 0.45
8.12-12.10 6 0.58 31-.37 6 0.40
12.10-17.96 7 0.23 37-42 7 132
17.96-25.51 8 0.00 42-47 8 2.92
25.51-34.58 9 0.00 47-.52 9 5.29
34.58-48.17 10 0.00 .52-.59 10 0.89

Dt 0-1.23 1 1.000 Not 0.981 0.00 | Jf 0-2.38 1 0.971 Not 0.935 0.00
1.23-2.76 2 used 0.36 2.38-5.82 2 used 0.21
2.76-3.99 3 217 5.82-9.00 3 2.63
3.99-5.32 4 0.99 9.00-12.45 4 0.80
5.32-6.75 5 0.92 12.45-1642 | 5 0.81
6.75-8.38 6 1.87 16.42-20.92 | 6 3.38
8.38-10.23 7 4.37 20.92-26.74 | 7 1.84
10.23-13.10 8 0.69 26.74-34.95 8 1.19
13.10-17.59 9 2.76 34.95-46.33 9 341
17.59-26.07 10 4.59 46.33-67.49 | 10 4.52

In 0-30.89 1 0.891 Not 0.836 0.01 | Rb 1.50-2.56 1 0.707 0.831 0.765 0.00
30.89-80.32 2 used 1.76 2.56-3.25 2 0.18
80.32-148.28 3 0.92 3.25-3.71 3 1.63
148.28-234.78 4 1.54 3.71-4.01 5 4.14
234.78-339.81 5 3.13 4.01-4.22 6 0.82
339.81-481.92 6 1.63 4.22-4.52 8 0.38
481.92-667.27 7 2.09 4.52-4.98 9 0.42
667.27-883.51 8 3.11 4.98-5.66 10 0.31
883.51-1130.66 | 9 5.47
1130.66-1575.50 | 10 3.63

Rr 5.19-51.70 1 0.769 1.000 0.895 0.00 | Ri 0-.34 1 0.967 0.890 1.000 0.00
51.70-127.00 2 0.00 .34-93 2 0.04
127.00-215.00 3 0.08 93-1.42 3 0.21
215.00-292.00 4 0.25 1.42-1.83 4 0.57
292.00-346.00 5 0.88 1.83-2.22 5 1.78
346.00-393.00 6 0.74 2.22-2.63 6 3.53
393.00-434.00 7 0.51 2.63-3.12 7 1.56
434.00-475.00 8 1.43 3.12-3.74 8 2.85
475.00-532.00 9 1.69 3.74-4.48 9 1.38
532.00-662.00 10 10.33 4.48-6.55 10 0.24

E 106-298 1 Not 0.851 0.848 0.00 | S 0-5.03 1 Not 0.811 0.720 0.04
298-539 2 used 0.59 5.03-11.30 2 used 0.37
539-792 3 1.99 11.30-16.80 |3 0.73
792-1030 4 2.20 16.80-21.90 | 4 0.98
1030-1240 5 2.46 21.90-26.60 |5 0.89
1240-1440 6 0.92 26.60-31.10 | 6 1.13
1440-1650 7 0.49 31.10-35.50 | 7 1.48
1650-1880 8 0.16 35.50-40.60 | 8 2.22
1880-2130 9 0.47 40.60-47.00 | 9 4.42
2130-2600 10 2.67 47.00-71.10 | 10 13.57

Rra .02 1 Not 0.878 Not 0.00 | Hi .18-31 1 Not 0.602 | 0.527 0.35
02-.11 2 used used 0.23 31-37 2 used 0.39
11-.14 3 0.15 37-.41 3 0.41
.14-.18 4 2.37 41-.44 4 0.55
.18-.20 5 0.08 44-.48 5 0.87
.20-.21 6 2.01 48-.51 6 0.54
21-22 7 3.09 .51-.54 7 0.97
.22-23 8 0.01 .54-.57 8 1.47
.23-27 9 0.10 57-.62 9 2.98
.27-.30 10 0.13 .62-.75 10 3.59
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4. Results and discussion

4.1. Relationship between morphometric parameters and
landslide susceptibility

The relationship between morphometric parameters
and landslide susceptibility has been done using FR value.

4.1.1. Dd, Df, Rb, Rr and their landslide potentiality

It can be observed that Dd in the range of 10.60 -
15.10 has the highest FR value of 2.94, representing the
greater probability of movement of materials down the
slope. Also, the Dd classes of 3.67 - 4.56 (1.97), 7.28 - 8.58
(1.85), 6.27 - 7.28 (1.46), 4.56 - 5.39 (1.38) and 5.39 - 6.27
(1.29) have a strong relationship with landslides events.
On the other hand, the probability of landslide decreased
in the Dd class of 0 - 1.31 (0.00) (Table 3). In the Df map,
the class of 70.35 - 104.30 had the maximum probability
of S failure events (4.59), followed by 52.35 - 70.35 (2.76),
11.05 - 15.96 (2.17), 27.00 - 33.54 (1.87), 15.96 - 21.27
(0.99), 21.27 - 27.00 (0.92), 40.90 - 52.35 (0.69), 4.91 -
11.05 (0.36) and 0 - 4.91 (0.00), respectively (Table 3). A
Rb of 3.71 - 4.01 has highest FR value of 4.14, representing
the maximum chance of landslide occurrences in future
containing 42.10% of landslide pixels to the total pixels
followed by classes of 3.25 - 3.71 (1.63), 4.01 - 4.22 (0.82),
4.52 - 498 (0.42), etc., respectively. On the other hand, the
lowest probability of landslide occurrences was found in
the class of 1.50 - 2.56 (0.00), having 0.05% of landslide
pixels (Table 3). In the case of relative relief, the class of
532.00 - 662.00 registered a maximum FR value of 10.33,
representing a greater probability of landslide phenomena
over 34.51% of landslide area, followed by 475.00 - 532.00
(1.69), 434.00 - 475.00 (1.43), etc., respectively. The
lowest landslide probability was found in the classes of
5.19 - 51.70 (0.00) and 51.70 - 127.00 (0.00) (Table 3).
The trend line of FR value reveals that Dd, Df and Rr were
positively correlated with S failure, which means that S
instability increases as this value increases. On the other
hand, there was negative relation between Rb and landslide
occurrences.

4.1.2. Din, Dt, Jf, In and their role in S instability

The Din class of 3.02 - 4.16 has the larger FR value
of 1.74, which indicates a maximum S instability condition
in future, with 57.26% of landslides. Similarly, the classes
of 4.06 - 5.67 (1.60) and 5.67 - 8.12 (1.35) have the high
probability of materials sliding. On the other hand, the
classes of 0 - 1.51 (0.00), 17.96 - 25.51 (0.00), 25.51 -
34.58 (0.00) and 34.58 - 48.17 (0.00) were characterised
by a minimum probability of S failure events (Table 3).
The highest probability was found in the Dt class of 17.59
- 26.07, having an FR value of 4.59 followed by 8.38 -
10.23 (4.37), 13.10 - 17.59 (2.76), 2.76 - 3.99 (2.17), 6.75
- 8.38 (1.87) etc., respectively. The lowest probability of
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landslide occurrences was found in the class of 0 - 1.23
(0.00) (Table 3). For the Jf, the class of 46.33 - 67.49 has
the highest FR value at 4.52, indicating a strong association
with S failure events. Similarly, the class of 0 - 2.38 has the
lowest impact on landslide occurrences with a FR value of
0.00 accounting 0.14% of the total landslide area (Table 3).
In the case of In, the class of 883.51 - 1130.66 acquired
highest degree of FR value of 5.47. The classes of 1130.66
- 1575.50 (3.63), 234.78 - 339.81 (3.13), 667.27 - 883.51
(3.11) and 481.92 - 667.27 also have the high probability of
landslide occurrences. 0 - 30.89 class has the least degree
(0.01) of association with landslides (Table 3).

In general, the chance of landslide occurrences reduces
with increasing Din. On the other hand, Dt, Jf and In were
positively linked with S failure.

4.1.3. Ri, Di, altitude, S and their role in S failure

For Ri, the highest FR value of 3.53 was obtained in
the class of 2.22 - 2.63, which shows greater potentiality
for S failures. The classes of 3.12 - 3.74 (2.85), 1.83 - 2.22
(1.78), 2.63 - 3.12 (1.56) and 3.74 - 4.48 (1.38) also have a
stronger relationship with landslides. The least probability
of landslide occurrences was found in the class of 0 - .34
(0.00) (Table 3). In the case of Di, the class of .47 - .52
acquired the highest FR value of 5.29, covering 33.71% of
the landslide area to the total landslide area, followed by
A2 - 47 (2.92), .13 - .17 (1.43), .37 - 42 (1.32), .52 - .59
(0.89), .26 - .31 (0.45), .31 - .37 (0.40), .22 - .26 (0.29), .17-
.22 (0.22) and .06 - .13 (0.10), respectively (Table 3). It can
be observed that elevation in the range of 2130 m - 2600 m
has the highest FR value of 2.67 and represents a greater
probability of movement of materials down the S. Also, the
classes of 1030 m - 1240 m (2.46), 792 m - 1030 m (2.20)
and 539 m - 792 m (1.99) have a stronger relationship with
landslides events. On the other hand, the probability of
landslides was lessened in the elevation class of 106 m -
298 m (0.00) (Table 3). S angle of 47.00°- 71.10° has the
highest FR value of 13.57, representing a maximum chance
of landslide occurrences in future, containing 13.44% of
landslide pixels to the total pixels followed by S ranges
of 40.60°- 47.00° (4.42), 35.50° - 40.60° (2.22), 22.03°
- 25.03° (1.48), etc., respectively. On the other hand, the
lowest probability of landslide occurrences was found in
the class of 0° - 5.03° (0.04) S range (Table 3). In general,
all four factors were positively associated with S instability.
If the value of the factors increases, the chance of landslide
also increases.

4.1.4. Rra, Hi and their role in landslide occurrences

In the Rra layer, the highest FR value (3.09) was
observed in the class of .21 - .22, indicating greater
probability of landslide occurrences. The other classes
of .14 - .18 (2.37) and .20 - .21 (2.01) also have a high
probability of S failure. On the other hand, the lowest
probability of landslides was observed in the class of .02
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with FR value of 0.00 (Table 3). The FR value of the Hi
showed that the class of .62 - .75 has the most effect on the
incidence of landslides with an FR value of 3.59, followed
by the classes of .57 - .62 (2.98), .54 - .57 (1.47), .51 - .54
(0.97), .44 - 48 (0.87), .41 - .44 (0.55), .48 - .51 (0.54), .37 -
41 (0.41), .31 - .37 (0.39) and .18 - .31 (0.35), respectively
(Table 3). Generally, the chance of landslide occurrences
increases with the increasing value of the Rra and Hi.

4.2. Landslide susceptibility mapping using DD, RD and
MD models

Landslide susceptibility maps based on the three
different models were prepared using PCA-based weight
and their composite equations were presented in Table 2.

The DD model was prepared to identify highly
diversified drainage area where geomorphic process is
actively engaged in landform modification, whereas the RD
model was constructed to find out probable areas where
landslide might strike based on the relief configuration
parameters. Finally, the MD model was prepared by using
drainage and relief parameters.

In this study, the values of the landslide susceptibility
map using the DD model varied from 7.94 - 88.46, with
the higher value indicating greater possibility of landslide
occurrences and vice versa. For visual interpretation, the
continuous landslide susceptibility value was classified
into five different categorical landslides susceptibility
zones using the natural breaks classification method, i.e.
very low (7.94 - 16.47), low (16.47 - 27.52), moderate
(27.52 - 36.68), high (36.68 - 47.73) and very high (47.73
- 88.46) (Figure 4(a)), covering an area of 22.67%,
15.88%, 31.16%, 22.07% and 8.22%, respectively, of the
total area of the Balason river basin (Table 4). It was seen
that 77.14% of landslide pixels were found in very high
and high susceptibility zones, while the minimum figure
lies in the class of very low susceptibility zones (0.05%)
(Table 4). Similarly, both the landslide susceptibility
values of RD and MD models were divided into five
different classes using the natural breaks classification
method (Figures 4(b) and 4(c)). The very low, low,
moderate, high and very high susceptibility zones covered
an area of 17.50%, 9.61%, 22.10%, 33.30% and 17.49%,
respectively, using the RD model. In case of the MD
model, these zones covered 22.57%, 15.11%, 31.98%,
22.36% and 7.98%, respectively (Table 4). The proportion
of landslide pixels to total landslide pixels decreased
from very high to very low susceptibility zones using RD
model. About 70% of landslide pixels were confined to
the very low to moderate susceptibility classes using the
MD model (Table 4).

Figure 4. Landslide suspectibility zonation mapping using
(a) DD; (b) RD; and (c) MD metway.

Table 4. Statistics of different susceptibility classes of the
prepared landslide susceptibility maps using RD, DD and
MD methods.

Landslide susceptibility zones Very low Low | Moderate High zle;
Absolute 381311 | 267158 524092 371199 | 138240
Using Total pixels Percentage 22.67 15.88 31.16 22.07 8.22
DD Landslide Absolute 3 195 1056 3000 1233
method l(;ic)i:éllrsrence Percentage 0.05 3.56 19.25 54.67 22.47
FR value 0.00 0.22 0.62 2.48 2.73
Total pixels | Absolute 294320 | 161612 371767 560142 | 294159
Using Percentage 17.50 9.61 22.10 33.30 17.49
RD Landslide Absolute 1 49 219 2087 3132
method | oceurrence | p - ntage 0.02| 089 398 | 3803| 57.08
pixels
FR value 0.00 0.09 0.18 1.14 3.26
Total pixels Absolute 379664 | 254090 537934 376104 | 134208
Using Percentage 22.57 15.11 31.98 22.36 7.98
MD Landslide Absolute 3 124 1121 3000 1233
occurrence 0.05 2.26 20.43 54.67 2247
method | Percentage
pixels
FR)value 0.00 0.15 0.64 2.45 2.82

4.3. Validation and accuracy assessment

The AUC value of the ROC curve indicated that the
prediction accuracy of the DD, RD and MD models was
71.4%, 73.9% and 76.3%, respectively (Figure 5(a)). The
FR plot of the aforementioned three models indicated that
the chance of landslide occurrences gradually increases
from very low to very high susceptibility class (Figure
5(b) and Table 4). The two-validation procedures showed
that the DD, RR and MD models yield reasonable
prediction accuracy and can be used for identifying the
role of drainage, relief and morphometric parameters in
landslide susceptibility assessment. It can be mentioned
here that the findings of Mondal and Mandal (2017a)
and Mondal and Mandal (2017b) and their work on
the Balason river basin suggests that the prediction
accuracy of the landslide susceptibility maps was higher
using FR and logistic regression (LR) models (94.20%
and 96.10%, respectively). They incorporated several
geomorphological, lithological, hydrological, protective,
anthropogenic and triggering factors in the preparation of
landslide susceptibility maps.
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Figure 5. Validation of the landslide susceptibility maps
using landslide locations (a) ROC curve and (b) FR plot.

4.4. Limitations of the prepared landslide susceptibility
maps

The prepared landslide susceptibility maps do not
define the chronological characteristics of S failure events
and detailed risk zones. The susceptibility maps should be
viewed at the initial landslide mapping. This study does
not delineate the areas which become unstable during an
earthquake. In addition, the limitations of the study also
include an incomplete landslide inventory map due to the
restriction of air photos and lack of information about past
landslides, generation of errors in the model due to scale
and mapping roughness of the landslide causative factors.

5. Conclusion

It can be concluded that each model can be treated
as unique in terms of terrain processes and forms, and
can be used to identify the role of drainage and relief in S
failures individually. The DD model on its own predicts
71.40% of landslides, whereas the RD model predicts
73.9% of landslides. Landslide prediction is slightly better
when DD and RD are examined together. The MD model
(a combination of RD and DD) has an area ratio .763 and
predicts 76.3% of landslides. However, one must be careful
while using these geomorphic diversity models for specific
site development because of the scale of analysis where
other S factors need to be considered.
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