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Abstract. Landslide events are responsible for substantial financial damages, human causality, and irreversible fluctuations in the natural landscape. This paper discusses and deals with landslide inventory mapping
using a digital elevation model and a knowledge-based numerical rating scheme. In this study, we have used six
different parameters affecting landslides such as a slope map, an aspect map, a curvature map, distance from the
road and streamline, and elevation. The voids in the Digital Elevation Model (DEM) data were filled as a part of
preprocessing. The Landslide Susceptible Maps (LSMs) and Landslide Hazards Zonation (LHZ) maps were
developed by computing the correlation between the landslide-impacting factors with past landslide positions
using the Analytic Hierarchy Process (AHP) technique. The AHP model is utilized to establish the weightage
value for every parameter, and the summation of the product signifies the Landslide Susceptible Index (LSI)
value for every pixel. Based on the derived LSI, the area under consideration was categorized into five susceptibility classes from very low to scars. The LSMs were confirmed and verified using prevailing landslide
inventory records. The overall prediction accuracy of the AHP model is 90.91%. The susceptibility maps can be
very helpful in the identification of the more troublesome areas, which is highly critical for studying landslide
hazards, risk assessment and community, and regional planning.
Keywords. Geographic information system (GIS); landslide susceptibility map (LSM); analytic hierarchy
process (AHP); digital elevation model (DEM); remote sensing.

1. Introduction
Nowadays, the assessment of LSMs, LHZ maps, and risk
management has become an interesting topic for geoscientists and engineering researchers. Landslides are one of
the most common destructive natural hazards all over the
world. Landslides affect a large number of human lives,
livestock, properties, industries, infrastructure (such as
roads, dams, bridges, communication lines, etc.), and
agricultural land of the particular area [1–3]. The reason for
several researchers’ interest in landslides is two-fold.
Firstly, increasing the consciousness of the socio-economic
impact of landslides and secondly, the increasing compression of growth and development on the environment.
As development and infrastructure increase in urban areas,
the incidence of slope instability increases resulting in an
increased number of landslides. Landslides normally occur
in unstable slopes, high altitude regions, under the influence
of geological attributes, heavy rainfall, snowfall, or cloudburst [4, 5]. Some other factors that affect the occurrence of
*For correspondence

landslides are soil moisture, lithology, Land Use Land
Cover (LULC) maps, settlements, curvature, tectonic
activities of the earth, the presence of thrust and faults, and
increased human involvement in the environmental
process.
The prediction and monitoring of the LSM usually
require a collection of highly comprehensive information
about the region. The foremost landslide susceptibility
techniques can be discriminated through the following
categories such as Geographical Information Systems (GIS)
and remote sensing methods [6], satellite image analysis
[7], soft computing methods [8], a multivariate statistical
approach like the bivariate statistical study [9], uncertainty
analysis [10], logistic regression methods [11, 12], knowledge-based indexed approaches such as AHP and Rock
Engineering System (RES) [13], Fuzzy logic or the indirect
mapping process [14], Artificial Neural Network (ANN)
technique [15], and Frequency Ratio (FR) methods [16, 17].
Landslide incidents in India such as Malin landslide in
Maharashtra (2014), Ukhimath landslide in Uttrakhand
(2012), Bhagirathi valley landslide (2003), Phata cloudburst and Balganga valley landslide (2001), Kaliganga and
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Madhyameshwar sub-watersheds landslides (1998), Basukedar and Lwara landslides (1992), and many others, have
caused widespread losses of economy and human lives
[18–20].
A modest type of landslide susceptibility assessment
comprises an inventory of the earlier landslides. An area
with a history of landslides is considered to be highly
landslide-prone and has a high probability of landslides in
the future. A combination of DEM and field observation
interpretation satisfies these requirements for landslide
detection and monitoring. Otherwise, the task is labor-intensive. It is necessary to explore a good relationship
between susceptibility and triggering factors responsible for
a landslide incidence in any region [21].
DEM is an inevitable element of geo-spatial data. DEMs
are 3-D representations (X, Y, and Z) of the Earth’s surface.
DEM is a continuously spaced grid that holds the altitude of
a point that links with the position of the grid cell [22, 23].
The Z value of the DEM represents the elevation value of
the terrain. DEM generally contributes to the study and
investigation of images in terms of classifying slopes,
aspect, elevation, curvature slope, surface material, drainage network, waterways, and vegetation growth. Nowadays, very high-resolution DEMs are used in a large
number of remote sensing and geographical applications
like hydrology, cartography, disaster risk management,
rural and urban planning, infrastructure development,
geology, defense, watershed management and advancement, and agriculture [24]. DEM is one of the vital input
rasters for detecting and monitoring the landscape and
natural hazard phenomena like earthquake monitoring,
landslide detection, volcanic activity, flood mapping,
drought, and soil erosion. Keeping these applications in
mind, the current study intends to utilize Cartosat-1 stereo
images for landslide detection and monitoring.
In this work, we have combined remote sensing data,
GIS data, and DEM for the prediction and monitoring of
landslides. An LSM depends on topographical factors,
hydrological parameters, and geological attributes. The
generation of the LSM depends on the quality of the
available DEM. Data voids, which commonly exist in
satellite data, result in incomplete DEM products and significantly degrade DEM data quality. Because of these
voids, landslide causality parameters that are derived from
DEM using image processing are erroneous. This, inturn
results in inaccurate LSM, which are derived through GIS
data. Therefore, the generation of an accurate LSM is
beneficial for a better risk management system and infrastructure planning.
This paper aims to develop a conclusive, statistically
accumulated approach for LSM generation by applying a
multi-parametric method. The multi-parametric decisionmaking technique AHP model and a knowledge-based
numerical rating scheme are used for the generation of the
LSM. The numerical rating scheme is used for the reclassification of the attribute’s value. The knowledge-based
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numerical rating scheme values depend on the past landslide occurrences and field observation by experts. In the
AHP, the prediction of the landslide map was dependent
neither on expert advice nor on attribute classifications. The
introduction of the AHP technique gives the overall impact
of each landslide variability feature on the landslide exhibition [25].
The rest of the paper is organized as follows. Section 2 of
the paper discusses the specific geographic area that is
under study. Section 3 describes the detailed methodology
used in this study, whereas section 4 includes a discussion
on the results. The conclusions are provided in section 5.

2. Area under study
2.1 Study area
The area under study, Malin village, is located in the
Ambegaon tehsil of Pune district of Maharashtra, India, as
shown in figure 1. The total area of the study region is
1,039 km2 and lies on the east side of the Sahyadri
Mountain range. There are 144 villages in Ambegaon tehsil, and Malin is one of them. The study area is mainly
surrounded by irregular-shaped mountainous terrain. The
vegetation type in that particular region is dry deciduous
and scrub, because of moderate and irregular rainfall. The
average annual precipitation in the monsoon season is
1133.74 mm. Malin village lies in the northwest direction
of the Pune district.
The geographical coordinates of Malin village lie
between latitudes 7340’ N to 7345’ N and longitudes
1910’ E to 1905’ E. The total terrestrial area of Malin
village is about 7.73 km2. The total population of Malin
village is 704 people. The altitude of the Ambegaon tehsil
varies between 198 to 1199 m above Mean Sea Level
(MSL). Malin village is at an average altitude of 760 m
above MSL. Malin village is around 1.5 km from the
backwaters of the Dimbhe Dam, shown by a red circle in
figure 1(b). The rivers Meena, Ghod, Vell, and its tributaries flow through the study area.
On 30 July 2014, a landslide incident occurred in Malin
village of Ambegaon tehsil of Pune district. The landslide
occurred early in the morning when all the occupants were
asleep. The landslides that occurred in the study area were
caused by heavy rainfall. Continuous rain in the region
made the rescue effort difficult. Figure 1(a) shows the
Cartosat-1 digital elevation model, and figures (b), (c) and
(d) show google map images (downloaded by google earth
maps) of the area under consideration. The data used for the
LSM generation is the Cartosat-1 digital elevation model.
Cartosat-1 DEM is downloaded from the Indian Space
Research Organization (ISRO), Bhuvan’s official website
https://bhuvan.nrsc.gov.in/bhuvan_links.php [27].
Cartosat-1 is an optical sensor satellite that operates in
the 0.5–0.85 microns spectral band. The Cartosat-1 satellite
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Figure 1. (a) The Cartosat-1 digital elevation models, and (b, c, and d) google map images of the study area.

has two panchromatic cameras that tilt with -5 (Aft) and
?26 (Fore) from the nadir point. The satellite data is
processed using the ArcGIS environment and Python
software.

uncertainty. Rainfall data of Malin village is acquired from
the Dimbhe Rain gauge Weather station.
The Malin area has a basaltic lava surge type of soil. The
spheroidal weathering is noticeable in the region, which
leads to the creation of mud and eventually reduces the
strength of geomaterials.

2.2 Rainfall pattern
The rainfall pattern was observed during the preceding five
years to identify the rainfall activity of Malin village.
Table 1 shows the rainfall activity of Malin village from the
year 2010 to 2014. Figure 2 shows the rainfall data of Malin
village from 2010 to 2014. In figure 2, it can be noted that
during the year 2014 the highest rainfall was recorded in
the month of July and played a significant role in slope

2.3 DEM error
Some errors like the void, random data errors, and systematic errors are present in the freely available Cartosat-1
DEM. Figure 3(a) shows the voids or gaps (black lines),
which are spots in the Cartosat-1 DEM. The error of the
DEM can be removed by the raster function tool of ArcGIS.

Table 1. The pattern observed during Monsoon Seasons.
June

July

Month
2010
2011
2012
2013
2014
Total rainfall (mm)

165.80
314.00
45.80
368.00
20.50
914.10

249.50
264.50
288.80
355.00
412.50
1570.30

Bold value indicates the maximum rainfall during July 2014.

August
Rainfall in mm
270.80
228.30
218.50
107.00
316.00
1140.60

September
Total rainfall (mm)
157.80
199.00
128.50
153.00
114.00
752.30

843.90
1005.80
681.60
983.00
863.00

2010

Years

2011

June

2013

August

September

114.00

412.50

316.00

20.50

153.00

355.00

368.00

2012

July

y = 41.65x + 189.11
R² = 0.9312

107.00

218.50

128.50

288.80

45.80

199.00

264.50

RA I NFA LL PAT T ERN
228.30

157.80

270.80

314.00
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Rainfall (in mm)

122

2014

Linear (July)

Figure 2. Rainfall pattern of the Malin.

Figure 3. (a) Void or no data errors in DEM, (b) Elevation void fill function, and (c) Voids free DEM.

Within the mask function of the ArcGIS software, the
elevation void fill function is selected.
The elevation void fill function fills voids or no data
zones using a combination of smooth fitting and Inverse
Distance Weighting (IDW) methods, as shown in figure 3(b). The ‘fill all’ function replaces all the voids present
in the DEM, as shown in figure 3(c).

The void fill function of DEM error removal by ArcGIS
depends on the maximum void width value. The maximum
void width value is utilized to identify an immense size of a
void to be filled. If the height or width of the boundary box
around the void is higher than the maximum void width value,
the void or gap is not filled. Voids or no data errors present in
the DEM are the noisiest components in the proposal.
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3.1 Topographical factors

3. Methodology
The predictive nature of the landslide susceptibility map,
LHZ maps, or risk management system of such landscape
has emerged as a motivational area of research [26]. To
reduce the destruction caused by landslides, the researchers
and land developers need to recognize the areas that are
more prone to upcoming landslides to avoid such mishaps
in the future.
The study initiated the preparation of the LSM based on
the historical database, GIS, remote sensing images, and
field surveys. Researchers can predict the LSM with the use
of topographic features, hydrological parameters, and the
geography of the area. We propose the AHP, a knowledgebased numerical rating scheme, and an image processing
technique to prepare LSMs for the study area using ArcGIS
software and python programming language. Microsoft
Excel software was used for quantitative and statistical
measurements.
Figure 4 shows the methodology for monitoring and
predicting the LSM. The topographic factors consist of the
slope map, the curvature map, the aspect map, and the
elevation map for the analysis of the topography of the
earth’s surface. The hydrological parameters are in keeping
with the following sequence: fill, flow direction, flow
accumulation, stream link, stream order, stream to feature,
and Euclidean distance to the stream link. The Euclidean
distance from the road line is also used for the preparation
of the LSM. DEMs are the best sources of data for the
assessment of the risk of landslide hazards [27, 28]. A short
description of these factors is presented in the subsequent
subsections.

Topographical parameters are the most substantial geographical factors that affect the slope gradient, aspect orientation, hilly altitude, and curvature slope. From the DEM,
the slope map, curvature slope map, aspect map, and elevation map are derived using the spatial analytic tool of
ArcGIS 10.8. In the following subsections, the correlation
between factors extracted from DEMs and their influence
on risk management will be discussed.
3.1a Slope map: The slope gradient is the first derivative of
the terrain. The slope gradient descent map of the research
area is created from the DEM using the spatial analytic tool
of the ArcMap. The slope angle is a significant parameter
for the assessment of slope uncertainty [29, 30].
The rate of variation of heights in the orientation of the
steepest slope is given by the slope map. The slope gradient
estimation is a significant factor in identifying the area,
which is more vulnerable to the incidence of landslides.
The slope map categorizes the gradient of elevation from
each cell of a raster-scanned plane to its neighbor’s cell and
identifies the abrupt downward slope descent from the cell
[31, 32]. A thorough analysis of the slope gradient map
illustrates that most of the study area comes under a
moderate to the steepest slope, as shown in figure 5(a).
The slope map is categorized into nine classes viz., 0–3,
3–7, 7–11, 11–15, 15–20, 20–26, 26–34, 34–47, and
47–81 following the natural breaks classification technique
[33]. Each reclassified slope gradient consists of univariate
data (value 0 to 9). The highest chance of slope failure is on
the slopes of 47–81. The reclassified value shown in
Table 3 of slope 47–81 is the highest, that is ‘9’. The slope

Figure 4. Flow chart of the process generating and assessing landslide susceptibility.
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Figure 5. Feature class map of the area under consideration: (a) and (b) slope map and reclassified slope, (c) and (d) Aspect map and
reclassified aspect, (e) and (f) Curvature map and reclassified curvature map, and (g) Reclassified elevation.

value of the area under concern is calculated by
Equation (1):


dð xÞ
SlopeðhÞ ¼ arctan
ð1Þ
dð yÞ
where d(x)and d(y) are the rates of change of x and y-direction correspondingly. The slope value of the research

area is evaluated by using a 3x3 square matrix of the elevation values, as shown in Table 2.
The algorithm of slope calculation is defined by using the
following steps:
• The center value of the cell and its neighbor’s cell
values are used for the determination of the horizontal
and vertical discrepancies [34].
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Table 2. 3 9 3 matrix of elevation value of the DEM.
a
d
g

b
e
h

c
f
i

• The change in the x-direction or horizontal direction
d(x) is formulated as:
dð xÞ ¼

ððc þ 2f þ iÞ  ða þ 2d þ gÞÞ
ð8*cell sizeÞ

ð2Þ

• The change in the y-direction or vertical direction d(y)
is formulated as:
dð yÞ ¼

ððg þ 2h þ iÞ  ða þ 2b þ cÞÞ
ð8*cell sizeÞ

ð3Þ

3.1b Aspect map: The aspect map of the area is created
from the DEM using the spatial analytic tool of the ArcMap. The aspect map describes the orientation and direction of the slope [35]. The orientation of the slope is another
significant factor in the detection of the area, which is more
prone to the incidence of landslides. The aspect map is
measured in the clockwise direction from the north and
expressed in positive values 0 to 359.9 as shown in
figure 5(b).
The orientation and direction of the aspect map are
divided into nine classes as Flat (-1), N (337.50–22.50),
NE (22.50–67.50), E (67.50–112.50), SE (112.50–
157.50), S (157.50–202.50), SW (202.50–247.50), W
(247.50–292.50), and N (292.50–337.50). The incidence of landslides is more likely on the S to E-facing
slopes. The reclassified value (Table 3) of the S to E-facing
slopes is the highest (that is ‘9’). The aspect value of the
research area is calculated by Equation (4) and then converted into compass direction values (0–360).


dðxÞ
Aspect ¼ 57:92578  arctan
ð4Þ
dðyÞ
3.1c Elevation map: Elevation is normally used to recognize the local relief and demonstrates the minimum and
maximum elevation values of the research area. The
topography of the study region is divided into flat zones,
moderately elevated hills, and sharp hills. The incidence of
landslides is highest in the hilly zones of the study area. In
this study, the value of altitude ranges from 198 to 1199 m
above the MSL, as shown in figure 5(c). The elevation
value is categorized into nine classes viz., 198–347 m,
347–481 m,
481–587 m,
587–646 m,
646–720 m,
720–803 m, 803–889 m, 889–979 m, and 979–1,199 m
following the natural breaks classification technique. Each
reclassified elevation value consists of univariate data
(value 0 to 9).
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3.1d Curvature map: The second derivative of the terrain,
viz., the curvature affects the slope durability due to the
congestion of the surface and subsurface flow [36]. The
curvature map is used to measure the deviation from a plain
line. The curvature map is categorized into two types. The
first type, the curvature of the plane, which is normal to the
direction of the steepest slope, depicts whether the stream is
diverging or converging [37, 38]. The second is the profile
curvature, deliberated in the orientation of the maximum
slope as shown in figure 5(d), and controls the stream
velocity of the watershed. The composite curvature map
[39] can be used to investigate the slope geomorphology
and stream. Positive values are considered as convex
slopes, while negative values and zero values are classified
as concave slopes and flat slopes, respectively. Most of the
area of Malin village has a convex slope, followed by a flat
and concave slope. The convex curvature is more susceptible to landslides because of thicker soil cover. The flat or
planar areas have a lower value because of the flat valley
surfaces.

3.2 Hydrological parameters
The geographical factors usually used in hydrologic
parameter analyses are acquired directly from DEMs
[40, 41]. In this research, we used the spatial analytic tool
of ArcGIS software to investigate the effect of hydrologic
parameters on the occurrence of landslides. Freely available
DEMs have some imperfections during the collection or
interpolation methods of the DEM. Hydrological factors are
used to correct the data sets. The following steps are used to
generate the hydrological parameters.
3.2a Fill raster The generation of hydrological parameters
starts to fill the data raster. The fill tool starts with delineating the river channel. The fill tool is designed to remove
small depressions or voids in the raster DEM as shown in
figure 7(a). The fill tool is used to resurface and level them
off with a plain surface connecting the spillover points of
the closed depression, as shown in figure 6.
3.2b Flow direction: The output of the fill raster is used as
an input in the flow direction map. A flow direction is
generated from each cell to its adjacent steeper downhill to
which it has the highest gradient, as shown in figure 7(b).
The flow direction tool also estimates the slope or gradient
as represented by Equation (5) between each pair of pixels.
Gradient ¼

ðElevation1  Elevation2Þ
ðHorizontal distance of pixelsÞ

ð5Þ

3.2c Flow accumulation: The flow accumulation tool
computes the flow accumulation in pixels one by one. The
accumulation tool uses the flow direction raster to the sum
of contributing pixels for each pixel. Each pixel value
signifies the number of upstream pixels that are contributing water to it. Figure 7(c) shows the downstream, which
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Table 3. Reclassified values and weightage for LSM

Layers
1

2

3

4

5

6

Features

Classes

Slope (in degree)

0–3
3–7
7–11
11–15
15–20
20–26
26–34
34–47
47–81
Aspect Map (in degree)
Flat (-1)
N (337.50–22.50)
NE(22.50–67.50)
E (67.50–112.50)
SE(112.50–157.50)
S (157.50–202.50)
SW (202.50–247.50)
W (247.50–292.50)
NW(292.50–337.50)
Elevation (in meters)
198–347
347–481
481–587
587–646
646–720
720–803
803–889
889–979
979–1,199
Curvature
Concave Slope
Flat
Convex Slope
Distance to streamline (in meters) 0–15.04
15.04–35.4
35.4–58.4
58.4–82.3
82.3–106.7
106.7–130.9
130.9–155.7
155.7–183.2
183.2–225.6
Distance to the road (in meters) 0–22.9
22.9–46.8
46.8–69.7
69.7–92.6
92.6–116.4
116.4–142.2
142.2–169.9
169.9–199.4
199.4–243.3

represents the lower values and upstream which represents
the higher values.
3.2d Stream length: A stream link allocates unique values
to segments of a linear network between the points of
intersection. Stream links are the sectors of a stream
channel linking two consecutive junctions that form the

Reclassified
values
1
2
3
4
5
6
7
8
9
1
2
3
8
9
7
6
5
4
1
2
3
4
5
6
7
8
9
3
5
9
9
8
7
6
5
4
3
2
1
9
8
7
6
5
4
3
2
1

Pixel count in
each class

% of pixels covered
in each class

400656
275781
148493
130182
105935
69615
34513
11132
2697
153968
140914
141205
141482
133919
120248
115360
119964
111944
2477
2136
294187
257697
197830
126953
112599
127800
64268
435337
399557
351053
35564
16729
12728
9731
8703
7866
7011
5499
3419
1481
3283
4749
6951
11204
16831
19787
21957
21007

33.98
23.39
12.59
11.04
8.99
5.90
2.93
0.94
0.23
13.06
11.95
11.98
12.00
11.36
10.20
9.78
10.18
9.49
0.21
0.18
24.81
21.73
16.68
10.70
9.49
10.78
5.42
36.71
33.69
29.60
33.16
15.60
11.87
9.07
8.11
7.33
6.54
5.13
3.19
1.38
3.06
4.43
6.48
10.45
15.69
18.45
20.47
19.59

Weightage
24.9

4.6

14.8

4.3

43

8.4

junction and the outlet. The input of the stream link can be
formed by thresholding the outputs of the Flow Accumulation tool.
3.2e Stream order: Figure 7(d) shows the stream order of
the study area. The number of streams present in the area
under consideration is directly proportional to the stream
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order. The stream order is first to the ninth. The total length
of the first-order stream is maximum. As the order of the
stream increases, the overall length of the stream decreases
in the respective order. Variation in the stream order shows
that streams are flowing from higher to lower altitudes.
3.2f Stream to feature: A stream to feature conversion
transforms a raster stream network into features

Figure 6. Fill the raster DEM.

Page 9 of 16

122

representing a linear network, as shown in figure 7(e). The
result of the flow accumulation is used to generate a raster
stream network by employing a cut-off value to select cells
with a high accumulation current.
The Euclidean distance tool computes the distance from
each pixel to the nearest stream source, as seen in figure 7(f). In this research, the distance from streamlines is
allocated into nine classes viz., 0–15.04 m, 15.04–35.4 m,
35.4–58.4 m, 58.4–82.3 m, 82.3–106.7 m, 106.7–130.9 m,
130.9–155.7 m, 155.7–183.2 m, and 183.2–225.6 m. Then
the distance to the streamline parameter has been reclassified according to the weightage assigned. Table 3 shows the
reclassified values of the hydrological parameters. The
chances of landslides are maximum from a shorter distance
of the streamline. A shorter distance from the streamline
gives a higher weightage.

Figure 7. Hydrological Parameters: (a) Fill, (b) Flow direction, (c) Flow accumulation map, (d) Stream order, (e) Stream to feature, and
(f) Euclidean distance from streamline.
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3.3 Distance from road line
The construction of a road line has a strong negative effect
on slope stability. The roads and the sides of a slope
damaged by roads are very susceptible to landslide incidence [42, 43]. The road cuts into slopes removing support
from the earth, which decreases the resisting strength.
As the material removed from the hills is frequently used
to counter the slopes, it may result in overfilling and
overstepping of the slopes. A change in the streams may
lead to an accumulation of water at an uneven part of the
slope. A road map of the area under study is available on
the website http://bhukosh.gsi.gov.in/Bhukosh/MapViewer.
aspx [44]. The Euclidean distance tool calculates the distance from each pixel to the adjacent road line, as seen in
figure 8.
We have divided the distance from the road lines into
nine classes viz., 0–23 m, 23–47 m, 47–70 m, 70–93 m,
93–116 m, 116–142 m, 142–170 m, 170–200 m, and
200–230 m. Then we reclassify the distance to road line
values according to their assigned reclassified values, as
shown in Table 3. A higher weightage is given to a shorter
distance from the road.

3.4 Landslide susceptibility mapping
Landslide susceptibility assessment and mapping are done
using AHP models and knowledge-based information value
techniques. The AHP model applied in this research was
formulated by Saaty (1980). AHP is a Multi-Parametric
Decision-Making (MPDM) method that permits objective
and subjective parameters to be examined in the decisionmaking method.
AHP can be extended to various applications in regional
development, suitability analysis, site selection, social-political matters, evaluation of company performance, and
landslide susceptibility assessment. One of the important
characteristics of the AHP technique is its ability to estimate qualitative and quantitative measurements. Significant
steps for the AHP are:
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•
•
•
•

Develop a model for the prediction of the landslide.
Develop priorities (weights) for the measures.
Consistency check (weights assigned correctly or not).
Instigate overall priorities and provide a final decision.

In this paper, six different landslide causality factors are
recognized with each one having an impact on the incidence of landslides. As the effect of each factor differs, it is
important to compute the relative weightage of each causative factor in landsliding. A pair-wise decision matrix is
implemented between all probable pairs of the landslide
causality factors using AHP. Each feature is evaluated
against all the remaining features by allocating a relative
prominence value from 1 to 9, which is listed in Table 4.
Once the decision matrix is prepared, the relative weightage
of the landslide causality factors is derived from the
matrix’s mathematical processing using the AHP algorithm
that computes the principal or maximum eigenvector of the
matrix. The summation of the weights is always equal to
one and signifies the relative prominence and involvement
that each factor has on landslide susceptibility. The concluding step comprises the ranking of the weightage by
arranging their scores in decreasing order.
The Consistency Ratio (CR), deciding the importance of
this comparison, is given in Equation (6).
CR ¼ CI=RI

ð6Þ

where CI is the matrix’s Consistency Index and RI is the
Random Index. CR ranges from 0 to 1. If CR is less than
0.1, then AHP is considered to be acceptably consistent.
The CI index is calculated using Equation (7).
CI ¼ ðkmax  nÞ=ðn  1Þ

ð7Þ

where kmax denotes the summation of the products between
the sum of each column of the comparison matrix and the
relative weights and n denotes the order of the matrix.
Random Index (RI) characterizes the consistency of an
arbitrarily created pair-wise decision matrix. The RI for a
small problem, up to 10 factors, is shown in Table 5. As
shown in Table 5, the RI for a six-factor problem is 1.24,
which is the value used in Equation (6). The LSM is
derived using the weighted linear combination process. The
AHP approach is the most repeatedly used decision rule in
GIS and remote sensing.

3.5 Numerical rating scheme

Figure 8. Euclidean Distance from the road line.

The features used in LSM need to be structured based on
their relative significance on the origination of the landslide. This can be accomplished by preparing a rating
scheme in which the landslide causality features and their
classes are allotted significant numerical values. A numerical rating system was designed based on the associated
contributory features for landslides surveyed in the field
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Table 4. Scale for pair-wise decision matrix (Saaty 1980).
Preference

Rank of preference

1
3
5
7
9

Equal
Moderate
Strong
Very strong
Extreme

2, 4, 6, 8

Intermediate

Explanation
Both features have equal contribution and importance.
Features are considerably preferred over another.
Features are intensely preferred over another.
Features are very intensely preferred over another.
Features are extremely preferred over another with the highest degree
of confirmation.
When conciliation is required.

Table 5. Random Index (RI) values.
n
RI

2
0

3
0.6

4
1

5

6

7

8

9

10

1.1

1.2

1.3

1.4

1.5

1.5

LSI ¼ ð0:249  Reclassified slopeÞ
þ ð0:046  Reclassified aspectÞ
þ ð0:148  Reclassified elevationÞ
ð8Þ
þ ð0:43  Reclassified distance from streamÞ
þ ð0:043  Reclassified curvatureÞ
þ ð0:084  Reclassified distance from roadÞ

and on the information or knowledge from prior work. In
this scheme, the parameters are categorized into different
classes. A numerical weight value (that is 0–9) is allocated
to each class in the order of their significance to landslide
occurrence. The higher weightage shows a greater influence
on the landslides. The rating scheme was appropriately
modified by undertaking numerous iterations using distinctive combinations of weights. The numerical values are
provided in Table 3.

4. Results and discussion
The LSMs were developed with an AHP method in a GIS
environment. In this research, we have used six different
types of features (such as slope, distance from the stream,
aspect, curvature, elevation, and distance from road) for the
generation of the LSM. The AHP method used 15 pairwise
comparisons of the features. The pairwise assessment of the
features was done along with their priorities.
Table 6 provides the relative weightage of different
causality factors obtained from the pairwise decision
matrix. The decision matrix indicates that the distance from
the stream is the most prominent factor with a weightage
value of 43%. The weightage values of the reclassified
slope, reclassified aspect, reclassified elevation, reclassified
curvature, and reclassified distance from the road are
24.9%, 4.6%, 14.8%, 4.3%, and 8.4%, respectively. The
inclusion of numerous significant factors in a single
Landslide Susceptibility Index (LSI) is performed using a
weighted linear summation of the parameters. The LSI for
each cell was evaluated by multiplying the weightage value
for each parameter by the raster feature map and then
joining them. Equation (8) shows the formula for the LSI:

When the value of LSI is positive or high, this indicates
that the proneness of the landslide is significant. If the value
of LSI is negative or low, this indicates that the landslide’s
susceptibility is low. The resulting LSM produced using the
AHP technique is shown in figure 9. The LSM was generated using a weighted overlay tool of ArcGIS. Figure 9(a) shows all the possible known landslides of the
study region. Figure 9(b) shows a high and scars landslide
susceptible zone of the study region. The effect of the slope
and distance from the stream is more significant on the
occurrence of landslides. The high and scars landslide
susceptible zone shows a higher risk of slope failure.
The landslides of the area under study are reclassified
into five relative LHZ maps from very low to scars zones.
The LHZ map was developed using the pre and post
landslide scars incidence. The high and scars landslideprone area lie in the northwest part of the area under consideration because of the high altitude region, the convex
slope, and the effect of hydrological parameters. The
landslides that occurred in the region in the past can be
downloaded from the website: http://bhukosh.gsi.gov.in/
Bhukosh/MapViewer.aspx.
The percentage of the identified landslide hazards zone
into different landslide susceptible classes obtained by the
AHP technique is shown in table 7. The very low and low
landslide susceptibility class represents 51.96% of the
landslide pixels. The moderate landslide susceptibility class
represents 20.79% of the landslide pixels. The high and
scars susceptibility classes are 17.53% and 9.72%, respectively, of the total area of interest.
The LSM can be verified using the past landslide map of
the study region as shown in figure 9(c). The 33 known
landslide positions overlapped on the LSM produced by the
AHP technique. In the very low and low susceptibility
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Table 6. Pair-wise Decision Matrix.

Influencing Factors

I

II

III

IV

V

VI

Rank

Weightage
(in %)

I

Reclassified Distance
from Stream

2

9

3

1

9

5

1

43

II

Reclassified Slope

1

5

2

6

0.5

3

2

24.9

III

Reclassified Elevation

0.5

3

1

0.33

4

2

3

14.8

IV

Reclassified Distance
from Road

0.33

2

0.5

0.2

2

1

4

8.4

V

Reclassified Aspect

0.2

1

0.33

0.11

1

0.5

5

4.6

VI

Reclassified Curvature

0.17

1

0.25

0.11

1

0.5

6

4.3

The color bar of the Table 6 ranges from dark red to green, with dark red denoting the lowest value, pink denoting the medium, and green denoting the
highest.

Figure 9. Landslide susceptibility map using the AHP technique. (a) The landslide susceptible zone of all the known landslides.
(b) High and scars landslide susceptible zone and (c) LHZ map derived using an AHP technique.

class, only one past landslide was present. In the moderate
susceptible zone, two past landslides were present. The
AHP model recognized 90.91% of the known landslides (30
landslides) that were focused on the high and scar

susceptible zones. The apportionment of major settlements
and development should be avoided in such regions.
The studies are extended for highly susceptible regions in
Uttarakhand state, which have different soil types.
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Table 7. AHP based distribution of different landslide susceptibility classes.
Ambegaon tehsil of Pune district of Maharashtra
LSM
Class
Very
Low
Low
Moderate
High
Very
High

Pixel count
in each
class

% of the
pixels in
each class

Occurrences of
landslides in the
class

Chamoli district of Uttarakhand

Landslide in Pixel count
in each
each class
class
(%)

% of the
pixels in
each class

Occurrences of
landslides in the
class

Landslide in
each class
(%)

8795

22.67

0

0.00

7553

18.21

3

1.60

11363
8066
6802
3771

29.29
20.29
17.53
9.72

1
2
7
23

3.03
6.06
21.21
69.70

8262
9216
9850
6594

19.92
22.22
23.75
15.90

7
19
78
80

3.74
10.17
41.71
42.78

Figure 10. Study area of Chamoli district of Uttarakhand.
Figure 11. LHZ map derived using an AHP technique for
Chamoli district of Uttarakhand.

Figure 10 shows the study area of the Chamoli district of
Uttarakhand for LSM generation.
The predicted LHZ map of the Chamoli district of
Uttarakhand using similar landslide causality factors and
the AHP method is shown in figure 11. The percentage of
the identified landslide hazards zone into different LSM
classes acquired by the AHP technique is shown in
table 7. The very low and low landslide susceptibility
class represents 38.13% of the landslide pixels. The
moderate landslide susceptibility class represents 22.22%
of the landslide pixels. The high and scars susceptibility
classes are 19.75% and 19.90%, respectively, of the total
area of interest.
The LHZ map of highly susceptible regions of Uttarakhand state can be confirmed using the past landslide map of
the study region as shown in figure 11. The 187 known
landslide positions overlapped on the LHZ map produced
by the AHP technique. In the very low and low susceptibility class, only ten past landslide was present. In the
moderate susceptible zone, nineteen past landslides were

present. The AHP model recognized maximum known
landslides (158 out of 187 landslides) that were focused on
the high and scar susceptible zones. The LHZ map shows
the level of destruction area under the study.

4.1 Validation of landslide susceptibility map
To develop an accurate LSM and derive the appropriate
model, the justification of the applied method is essential.
The Relative Operative Characteristic (ROC) model and the
detected landslides percentage in different susceptibility
categories were used to assess the validity of the LSM [45].
The ROC’s Area Under the Curve (AUC) reflects the AHP
method’s efficiency and accuracy. AUC values near 1
indicate high accuracy, while AUC values near 0.5 indicate
low accuracy. The model has an extreme success rate based
on the AUC values acquired from the susceptibility maps
and previous landslides. The LSM was validated against a
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ROC Curve

True Positive %

100
80

AUC=0.909 (90.9%)
60
40
20

developed in this research give better accuracy in forecasting the landslide vulnerability of the investigated area.
The results of the current study will lead engineers,
architects, planners, and developers for land-use planning,
constructions, and slope management in a particular area.
Future research is foreseen, which will include some more
parameters such as faults, soil, lithology, land use, geology,
drainage network, and many others.
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Figure 12. The graph presenting validation of LSM under the
ROC (AUC) curve.

set of randomly selected landslides. Figure 12 depicts the
ROC (AUC) graph of model efficiency.
The AUC value (0.909) suggests that the AHP approach
had a high success rate. The resulting map of landslideprone regions has a 90.9% prediction accuracy for the study
region.

5. Conclusion
An assessment of the landslide-prone areas should be done
before the construction and development of various engineering projects. The landslide susceptibility mapping
begins from the enhancement of DEM (through preprocessing), factors extraction from the DEM, and the inclusion of more landslide controlling factors, which are all not
simple and easy work. The generation of the LSM depends
on the quality of the availed DEMs, targeted factors, and
implemented models. In the current study, the AHP model
was implemented for landslide susceptibility mapping
along with the Ambegaon tehsil of the Pune district. The
LSI was used to decide the relation between landslideconditioning factors. The use of the AHP technique to
consider different factors in decision-making and merging
both measures (factors and their weights) leads to the LSI
formulation.
Based on the resultant LSI, the area of the interest was
grouped into five susceptibility zones. The influence of
major factors for the incidence of the landslides in Ambegaon tehsil is the distance from the stream, slope, elevation,
and distance from the road. The slope angle failure in such
regions can be activated after intense rainfall. The LSM
results prove that a slope of a higher degree, the direction of
the southeast to the east-facing gradient, highly elevated
areas, convex curvature slope, and the short distance from
the stream and road play a significant role in the occurrences of the landslides. The use of the past landslides map
of the area of interest also confirms the estimation of the
landslides. Out of the 33 landslides, 30 landslides occurred
in the high and scars landslide region making up 90.91% of
the total landslides. The result shows that the maps
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