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Landslides are the indicator of slope instability particularly in mountain terrain and causing different
types of reimbursements and threats of life and property. The Himalayan terrains are highly susceptible
to different natural hazards as well as disasters particularly land failure activities mainly due to inherent
tectonic activities which further enhanced by various Neo-tectonic and Neolithic activities. This scientific
study provides an enhanced framework for the assessment of proper and precise landslide susceptibil-
ity in the two districts of Arunachal Pradesh (Tawang and West Kameng) considering both physical and
anthropogenic factors and various machine learning models (SVM, AdaBoost and XGBoost). At first, land-
slide inventory maps were developed based on previous landslide events. Here, 70% of the data were
randomly selected for training and remaining was used for validation and optimization of the models us-
ing statistical implications and validation assessment methods. The result showed that the high and very
high landslide susceptible areas are mainly concentrated in the middle portion along the Bhalukpong-
Bomdia road section. Based on the AUC value and other statistical indicators it has been observed that
AdaBoost is the most efficient model here (AUC = 0.92). AUC values of SVM and XGBoost are 0.85 and
0.89 respectively. AdaBoost model identifies that very low susceptibility class occupies 60.22% area and
very high landslide susceptibility class occupies 15.51% area and it will be considered as more encourag-
ing method for landslide susceptibility determination in this kind of cases for better accurateness. This
high accuracy susceptibility map positively helps during the execution of various developmental projects.
© 2022 The Author(s). Published by Elsevier Ltd on behalf of Ocean University of China.
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1. Introduction astrous geo-environmental hazard in hilly or mountainous parts
of the world and causing billion of economic losses along with
thousands of injuries and causalities in each year (Galli et al.,

2008). Basically, landslide is the most common geological or geo-

Landslide is one of the most distressing and never ending
geo-environmental hazards which impose serious threats to the

human life and economy (Petley, 2012). Landslide describes the
down ward movement of masses including rocks and minerals,
soils, organic materials etc. under the gravitational force and it
is a result of the interaction between driving force and resis-
tance force (Bera, 2008). Landslides play a significant role in ge-
omorphological evolution of landscape and act as a common dis-
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morphic hazard which is associated with economic loss (100 bil-
lion USD globally) and severe effect over natural and social en-
vironment. Fluid pressure and stress tensions come from various
hydrological parameters such as changes of precipitation, infiltra-
tion, infiltration, runoff, dehydration reaction, and wastewater and
thus fluid-injection can easily exaggerate different forms of slid-
ing including stable sliding (fault slips) and unstable sliding (earth-
quake and rainfall induced landslides) (Iverson and major, 1987;
Terzaghi, 1950; Handwerger et al., 2013; Guglielmi et al., 2015;
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Tanyas et al., 2022). Types of sliding are classified by the rate-and-
state friction models and laboratory based critical state soil me-
chanics (Schulz et al., 2009; Guglielmi et al., 2015). Generally, land-
slides are triggered by various geological, geomorphological, hy-
drological and anthropogenic activities and a single triggering fac-
tor can make hundreds slope failures. In 2015, the Gorkha earth-
quake affected the central Nepal region (more than 35000 km?
area) and triggered around 25000 landslides in this Himalayan ter-
rain (Roback et al., 2017). Information regarding this type of land-
slides and their spatial distribution is very much important for de-
velopmental planning and execution of projects, understanding the
landform evolution, hazard zonation and sometimes it assists to
predict the landslide probability (Tanyas et al., 2019; Galli et al.,
2008). Landslide erosion quantification is very much essential
to understand the relationship among physical erosion processes,
chemical weathering and consumption (Gabet, 2007). Steep hill
slopes in mountain areas are removed by the landslides that are
driven by hydro-geomorphological and geological conditions com-
piled with river and glacial erosions (Whipple et al., 1999). Climate
change is another secondary factor for landslides at hilly areas or
high altitude regions due to degradation of permafrost and inces-
sant melting of glaciers (Fischer et al., 2006). The timing and veloc-
ity of gravity driven landslides is controlled by the internal compo-
sitions and properties of the sliding materials (Schulz et al., 2009).
Surface roughness dating and geochronological techniques are be-
ing used to determine the exact age of landslide masses and their
intensity. Glade (2003) revised the evidences from New-Zealand
regarding human induced landslide probabilities and its responses
with land use change. The primary stage of forecasting of differ-
ent geological hazards is to identify the predictor’s nature and
character along with geomorphological, geological and extreme cli-
matic conditions (Kumar and Anbalagan, 2016). Road construction
in hilly or mountainous terrain is an archetypical example of hu-
man induced tension on the earth surface. Constructions of road
network, tunnel, bridge and culvert in hilly areas are always as-
sociated with blasting and excavation that makes the total region
unstable and effectively decrease the strength and cohesive power
of the hill slope as well as soil (Zhao et al., 2018). Advance remote
sensing imageries can detect landslide locations, distribution and
extension of the land failures (Xu et al., 2019). Recently, a wide
range of landslide inventory methods or approaches has been de-
veloped and these are manually extracted of landslide areas on the
basis of specialist’s visual opinion, image classification approaches,
multi-temporal SAR interferometry techniques, applying optical or
LiDAR data from unmanned aerial vehicles and semi-automated
image classification methods which are based on machine learning
algorithms (Ghorbanzadeh et al., 2019). Approximately 95% land-
slide incidents in the entire globe were identified from develop-
ing and underdeveloped countries (Chung and Fabbri, 2003). In In-
dia, around 15% areas are landslide prone and Himalayan terrain is
one of the extreme landslide prone areas (Rawat and Joshi, 2012;
Bera, 2007a). Inadequate investigation of geotechnical and geolog-
ical aspects unfavourably affects the regional planning and devel-
opment of existing geo-environmental condition and it leads the
hill slope instability (Anbalagan et al., 2008). Slope stability anal-
ysis is an essential method for the safely execution of various en-
vironmental engineering projects worldwide. In mountainous areas
(like Himalaya), slopes are excavated at the time of road construc-
tion (Komadja et al.,, 2021). In hilly tract, it is essential to analyse
the parameters that are responsible for slope instability. Generally,
geology, geomorphology, human activity, climate etc. are the rea-
sonable factors behind the slope instability (Komadja et al., 2020).
Mineralogical and the geotechnical characteristics of debris mate-
rial showed the particle sizes that are formed from weathering and
erosion. The engineering geotechnical parameters of slope mate-
rials decline the stability of slope (Summa et al., 2018). This Hi-
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malayan range is characterised by the convergence boundary be-
tween Indian plate and Eurasia plate associated with active thrusts,
lineament and faults and such neo-tectonic activities accelerate
ideal land failure conditions (Sati et al., 2007). During rainy sea-
son the excess water cannot release as a surface runoff while it
infiltrates through the lineaments, surface cracks, joints, cleavage,
bedding and porous soils. As a result, the driving force significantly
increases and ultimately landslide occurs. Generally, in mountain
areas where erosion rate is greater and the rate of weathering
will be kinetically limited (Dixon et al., 2012). In tectonically ac-
tive mountain belts, erosions are mainly driven by bedrock land
sliding and the rate depends on intense rainfall and seismicity
(Dadson et al., 2003; Bera, 2009). Bedrock land sliding can pro-
mote the slow percolation of surface runoff in the exceedingly
fragmented rock or soil debris and develops unfavourable condi-
tion of weathering (Shou and Chen, 2021). Exposed bed rock mate-
rials by land sliding erosion indorse effective chemical weathering.
Landslides are termed as important erosion agent in mountainous
region or upland landscape areas that are commonly characterised
by threshold hill slopes, high-relief and relatively narrow river
gorges (Montgomery and Brandon, 2002; Bera, 2008). Landslides
produce massive amount of debris into river bed and dammed the
river channel naturally. Korup and Montgomery (Korup and Mont-
gomery, 2008) identified frequent glacial and debris damming in
the eastern Himalayan syntax region that created ideal condition
of head ward erosion of major river channels and dissected the
edge of the Tibetan plateau (Korup and Montgomery, 2008). In the
last decade, different ML models were employed for landslide sus-
ceptibility modelling studies such as frequency ratio (Kumar and
Anbalagan, 2016); Logistic regression (Lee, 2005; Lombardo and
Mai, 2018); artificial neural networks (Chen et al., 2017a); lin-
ear discriminant analysis (Pham and Prakash, 2019); neuro-fuzzy
(Chen et al., 2017a); support vector machines (Xu et al., 2012);
decision tree (Wu et al., 2020), classification and regression tree
(Chen et al., 2017b); Bivariate and multivariate statistical analysis
(Nandi and Shakoor, 2010). In this scientific study, support vector
machine (SVM), extreme gradient boosting (XGBoost) and Adap-
tive Boosting (AdaBoost) have been considered for landslide sus-
ceptibility modelling. SVM is a widely used method for landslide
susceptibility modelling that is based on non-linear transforma-
tion of the covariates in a high dimensional space and every class
is linearly separable (Ballabio and Sterlacchini, 2012). AdaBoost is
a homogeneous ensemble framework and significantly amplifies
the performance of the prediction model (Pham et al., 2017). The
main objective of the study is to identify the appropriate landslide
susceptible zones in the two westernmost districts of Arunachal
Pradesh (Tawang and West Kameng). Such scientific study will
definitely assist to administrators and policy makers during the
execution of different developmental projects like road construc-
tion, tunnel structure, building and bridge. Moreover, limitation
of the study was ground based data unavailability like rock and
soil strength. There are also some limitations of machine learn-
ing model based studies. Machine learning requires huge amount
of data set for training and these are highly susceptible to errors
(Malik, 2020).

2. Study area

Arunachal Himalaya is the eastern most sector of Himalayan
mountain range with an extension of 91°30’ E to 96°E and 26°28’
N to 29°30’ N and it includes the eastern Himalayan syntaxis
(Yin et al, 2006; Fig. 1). The study area has been restricted
within the political boundary of Tawang and West Kameng dis-
tricts of Arunachal Pradesh (Fig. 1). The study area has been
divided into different tectonomorphic zones (Shiwalik Himalaya,
Lesser Himalaya, Greater Himalaya, Trans Himalaya) that make
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Fig. 1. Geographical location of the study area.

this area more landslide prone (Singh et al., 2014). Physiographi-
cally, this region is characterised with high altitude, steep slope,
gorge, dissected valleys and ridge with mountain summits. An-
nual rainfall and temperature of this Himalayan tract vary from
150 ¢cm-200 ¢cm and 15°C-30°C respectively. The climatic charac-
teristics of Arunachal Pradesh influence by the geographical con-
ditions and this region comes under very high seismic zone (Zone
V) due to its geographic location and tectonic activities. Accord-
ing to GSI guidelines, landslides are classified into three types
i.e. very large active slide or more than one slide, one active
landslide and dormant landslide. Dormant landslides are those
where no active movements are observed. It can be identified
only through the previous imprints. Active landslides are easily
identified through the freshness of landslide materials in the dis-
turbed part of the hilly area and displacement masses of land-
slides more than 100 cubic meters are classified into large land-
slide (Singh et al.,, 2014). Singh et al. (2014) investigated the num-
ber of landslide occurrences along the important road section of
the study area (Bhalukpong-Bomdila-Tawang) and they identified 4
large active landslides, 21 active landslides and 62 dormant land-
slides.

2.1. Geology of Arunachal Himalayas

Arunachal Pradesh has high geological complexity and the en-
tire region exhibits three different mountain system i.e. (i) Hi-
malayan range (ii) Naga-Patkai-Arakan range and iii. Mishmi hills.
Past geological enquiry of this area was totally carried out through
field survey but structural and geochronological analyses were
missing (Yin, 2006). The study area (Tawang and West Kameng dis-

trict) is the westernmost part of Arunachal Pradesh that is abruptly
raised from Assam plain. These two districts consist with sedi-
mentary rocks of the Siwalik group and the MBT (main boundary
thrust) divides this region from the lesser Himalaya (Fig. 2). The
Lesser Himalayan range is characterised by various rocks of dif-
ferent geological ages and separated by thrust from one another
(Singh et al., 2014). This stretch occupies by the crystalline forma-
tion of Se La group that is comprised with Kyanite-sillimanite bear-
ing garnet-biotite schist, Psammatic gneiss, streaky gneiss, tourma-
line bearing leucogranite and amphibolites. It is associated with
steep hill slope and escarpment which belongs from Archaean and
Palaeozoic geological age (Mishra, 2007; Fig. 2). Bomdila group is
another important existing rock system in this region that is char-
acterised by argillaceous, arenaceous, metamorphites and penecon-
temporaneous basic volcanic rocks and it is also categorised into
three key geological formations (Bhushan et al., 1991). Dedza For-
mation consists of carbonate rocks along with minor quantity
of black slates while Dirang formation comprises with garnet-
muscovite-biotite schist, sericite quartzite, tourmaline marble and
carbonate phyllite (Srivastava et al., 2011). The gneissic and schist
formations of this region consist with different folds, symmet-
ric and asymmetric structures, fault scars, shear plains and differ-
ent linear and non-linear structures. Mesoscopic shear zones have
been identified in this area over schists and migmatitic gneisses
(Srivastava et al., 2011). Here, the Gondwana super group has been
superimposed on the quartzite-carbonate-phyllite sequence that is
termed as “Buxa Group” (Singh et al., 2014). A sudden change of
geomorphic character has been observed along the local and re-
gional discontinuities. Topography of Tawang section is character-
ized by very steep slopes with glacial geomorphic features. The
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Fig. 2. Geological map showing the geological framework of the western Arunachal Pradesh.

sudden geomorphic change in this region attributed with faults
and thrusts (Srivastava et al., 2011). The discontinuity between Se
La and Tawang sector is known as Tawang thrust that is roughly
parallel with the main central thrust (MCT). Another important
thrust has been traced apart from Tawang thrust based on satel-
lite observation in the south of Se La pass that separates the Se
La sector with Senge sector. Se La thrust has also been detected
on the basis of highly presence of Knick points and sudden re-
fraction of drainage system that comes from high altitudinal areas
(Kumar, 1997).

3. Methods and materials
3.1. Information gain ratio (InGR)

Information gain ratio (InGR) is a principal method for analy-
sis of the implication of the influential factors or the parameters
of a predicted model. The information gain ratio statistic can sig-
nificantly select the features of the used prediction model that is
accomplished to identify the high ranking parameters for the sus-
ceptibility prediction studies or researches (Bui et al., 2020). This
statistical method gives the InGR values for the each causative fac-
tor to evaluate the applicability. High InGR value signifies main fac-
tor whereas the low InGR value shows low significant factor. The
InGR method has been applied here to find out the usefulness of
the used factors using the equation.

Entropy(z) — Y1 Y1, B Emtropy (Z)

Gain ratio (x,z) = (1)
’ n |z 1Zi]
— i 7 log

Here, Z with Z1=1,2,3....... n subsets, the attribute x is be-

longing.

For selection of the appropriate factor in the case of predictive
modelling, Johnston et al. (2018) have given the proper way to find
out the existing multi-collinearity problem in the causative factors
. The VIF (variance inflation factors) value greater than 10 and Tol-
erance value less than 0.1 specify the multi-collinearity problem
(Johnston et al., 2018; Table 2). The Tolerance value and VIF value

can compute by the following equation.

Tolerance = 1 — R?| (2)
VIF = (;) 3)
~ \Tolerance

Here, R?J also indicates coefficient of determination of the re-
gression equation.

3.2. Landslide conditioning factors

To achieve better and accurate landslide susceptibility model,
selection of proper landslide conditioning factors is a vital step
(Table 1). For this research, total 16 conditioning factors have been
selected based on previous literatures, related studies and also field
investigation (geology, slope, aspect, profile curvature, plain curva-
ture, lineament, elevation, soil, distance from road, distance from
river, rainfall, NDVI, NDWI, distance from epicentre, drainage den-
sity, LULC; Figs. 3 and 4).

3.2.1. Topographical factors

DEM (Digital Elevation Model) is a basic element to analyse
the nature of the terrain of a particular area and it is also used
for precise prediction of landslide susceptibility. The characteris-
tics of DEM have direct impact over geomorphic factors, attitude
and magnitude of slope, surface characteristics (elevated and un-
dulated surfaces), convexity and concavity (Burrough, 1988). Vari-
ation of relief can deliberately influence the intensity and degree
of landslide (Pradhan, 2017a). In this research, the relief of the
study area ranges from 115 m to 6402 m and plays most impor-
tant controller of the occurrence of landslide hazards. Slope is an-
other principal factor of landslide and land instability. Generally,
steep slope condition can decrease the soil strength. In this re-
search, slope ranges from O to 75.70 degree that indicates more
potential energy available for mass movement. Terrain curvature
is another geomorphic character that can regulate the soil erosion
process through the divergence and convergence process of wa-
ter flow (Erener and Diizgiin, 2010; Bera, 2010). Previous studies
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Database (source, type and method) of the landslide conditioning factors used in this research.

Conditioning factors

Source

Variable type

Classification method

Altitude

Slope

Aspect

Plain curvature
Profile curvature
Lineament density
River density
Distance from river
Soil

Digital Elevation Model (ASTER DEM) (https:

[[earthdata.nasa.gov/learn/articles/new-aster-gdem)

Food and Agricultural organization (https://www.fao.org/

soils-portal/data-hub/soil-maps-and-databases/

Continuous (DEM based)
Continuous (DEM based)
Continuous (DEM based)
Continuous (DEM based)
Continuous (DEM based)
Continuous (DEM based)
Continuous (DEM based)
Continuous (DEM based)
Discrete (Digital image)

Natural breaks
Natural breaks
Azimuth classification
Natural breaks
Natural breaks
Natural breaks
Natural breaks
Manual

Soil classification

harmonized-world-soil-database-v12/en/)
NDVI (Normalized
Difference Vegetation
Index)
NDWI (Normalized
Difference Water Index)
LULC (Land use and Land
Cover)
Rainfall NASA power access (https:
/[power.larc.nasa.gov/data-access-viewer/)
Distance from epi-centre
Geology
Distance from road

Google earth pro

Landsat 8 (OLI_TIRS) (https://earthexplor&.usgs.gov/)

Geological Survey of India (https://www.gsi.gov.in/)

Continuous (Satellite image based)  Natural breaks

Continuous (Satellite image based)  Natural breaks

Discrete (Satellite image based) Supervised classification

Continuous (Other factor) Natural breaks

Continuous (Other factor) Manual
Discrete (Digital image based) Geological classification
Continuous (Digital image based) Manual

vividly showed that there was a high correlation between landslide
and different geo-environmental factors (those influence the land-
slide process; Regmi et al., 2010). Different slope aspect associated
factors such as, solar radiation, wind condition, rainfall condition;
biological conditions can play as a triggering factor of the process
of landslide (Sevgen et al., 2019).

3.2.2. Geological factors

Lithology, soil group, lineament and distance from earthquake
epicentre have been taken as geological factors in this research.
Lithological variations of a region have a significant impact over
different types of geo-environmental hazards. The rock structure,
strength, porosity and permeability also control the process of
landslide (Erener et al., 2017; Bera, 2007a). Processes of Landslide
are characterised by individual lithological characteristics because
each unit of lithology reflects its own response to weathering and
erosion or jointly the process of denudation (Duna et al., 2018).
Prominent lineament including joints, faults, fractures also make
rocks more fragile. The river networks follow the lineament di-
rection and accelerate toe erosion as well as process of landslide
(Pradhan and Kim, 2020). The landslide incidents are greatly con-
trolled by soil and rock strength, porosity and permeability and co-
hesiveness (Althuwaynee et al., 2014).

3.2.3. Hydrological factors

Drainage density, distance from river, rainfall and NDWI are se-
lected as hydrological factors in this research. Various hydrolog-
ical factors play a vital role in the occurrence of landslides par-
ticularly in the Himalayan terrain. The drainage proximity map
has been generated through Euclidean distance tool in GIS plat-
form. Drainage density means the total length of drainage within
the pixel. Higher density of drainage specifies greater surface flow
and low percolation (Pradhan and Kim, 2020).Water flow can lead
the transportation of sediment and reduces the strength of slope
by toe erosion which allows the process of landslide in hilly re-
gion (Highland and Bobrowsk, 2008). High drainage density ac-
celerates rapid soil and land erodibility (Pradhan et al., 2017b;
Bera, 2007b). Rainfall induced landslides are the natural phenom-
ena in the hilly terrain areas. Rainfall can extensively change the
hydraulic pressure, strength of soil mass and lithology that ex-
aggerates the downward movement of rock and debris along the

slope due to the gravitational action (Wang et al., 2020). Higher
magnitude of rainfall is also associated with high intensity of land-
slide. The quantitative analysis of rainfall threshold value consid-
ered as a landslide influencer. Landslide may occur when the rain-
fall crosses its certain amount of threshold value (Gariano et al.,
2019; Bera, 2007b).

3.2.4. Land related factors

Distance from road, NDVI and land use land cover has been
taken as land related factors here. Every area has its own land
use land cover characteristics. Hilly region, bare land, road and
settlement region are stated as landslide prone in past studies
(Ozdemir and Altural, 2013). In this research land use land cover
map has been produced using Landsat 8 satellite images along
with seven distinct classes (open land, vegetation, scrub, water-
body, settlement, bare land and snow cover area). Reduction of
vegetation cover (due to human activities in a regional scale) is
a significant controller of the occurrence of shallow landslides
(Glade, 2003). Human activities are also influential for the land-
slide occurrence because they always affect the land use land
cover of that particular area (Al-Najjar et al., 2021). Vegetation al-
ways plays a fundamental role in stabilizing the water flow and
increases the resistance force along with soil cohesion property
(Sidle and Ochiai, 2006). The root system of trees acts as anchor
and improves the soil strength along with shear resistance, at the
same time it can reduce the moisture of soil in a certain context
(Pandey et al., 2019; Bera, 2007a). Cut down of trees and exca-
vation of soil is the common activities during the construction of
roads or any developmental activities which are highly associated
with landslide (Al-Najjar et al., 2021).

3.3. Application of machine learning models

3.3.1. Extreme Gradient Boosting (XGBoost)

Decision tree based methods are the cutting-edge techniques in
the case of small and medium range set of data (Al-Najjar et al.,
2021). The XGBoost was developed based on gradient boosting
concept that is very much regularized and can overcome the over-
fitting problem. Gradient boosting is a boosting algorithm that
is mainly used to minimize the biasness or errors in the ma-
chine learning model and it is an ensemble machine learning
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Fig. 3. Landslide conditioning factors (a) Aspect, (b) profile curvature, (c) plain curvature, (d) lineament density, (e) elevation, (f) slope, (g) soil type, (h) distance from river,

(i) distance from road.

technique for the regression and classification (Dada et al.,, 2019).
This recently developed tree based method (XGB) has gained a
great significance in the recent model based susceptibility stud-
ies (Sonobe et al., 2017). This method was established in 2016 as
a research project associated with high prediction ability because
the weightage of this method is based on unexpected errors from
the training process. XGB method has a great advantage compared
with other parallel methods because it provides best usage and
low computational cost (Georganos et al., 2017; Liu et al., 2018).
XGBoost is an optimized extension of gradient boosting. The XG-
Boost model can minimize the regularized objective function that
is computed using this formula.

L(p) =Y 1Gw) +Y_Qf) (4)
i k

Here, the first term is the loss functions whereas y; and y; are
the target and predicted variables respectively.

For reduction the over fitting and complexity problem, the be-
low mention equation has been used,

Q) = yT+ phlwlP (5)

Here, T signifies the no. of leaves in the tree and w indicates
the score of each leaf.

The objective function has been minimized using the given
equation,

n
LO =S Ui + fi(x) + Q) (6)
i=1
In case of accelerate the optimization process, the second order
Taylor expansion has been used in the objective.
After eliminating the constant, a simple objective function has
been developed applying this formula.

[0 = 3 aifi ) + g hif2060)] + 2(0) )
i=1

Several algorithms are available in case of XGB modelling for
accurate split efficiency (weighted quartile sketch, approximate,
sparsity-aware split finding etc.).

3.3.2. Support Vector Machine (SVM)
Support vector machine is a kernel based method which is
considered in supervised machine learning algorithm consider-
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ing Vapnik-Chervonenk is (VC) dimension and statistical theory
(Vapnik and Cortes, 1995; Chervonenkis, 2013). It is classified
based on optimal hyper-plain that maximizes the area of the
classes and the data nearest to the hyper-plain (It completely
separates the vectors into two distinct classes and maximizes
the margins of training datasets) is called the support vectors
(Pourghasemi et al.,, 2013). SVM model is suitable for the lesser
number of dataset and its primary aim is to build and separating
the data on the basis of hyper-plain (Xu et al., 2012). This machine
learning algorithm has been used to resolve two important aspects.
Firstly, it finds a proper way to compute the correlation between
the input vectors. Secondly, it designs a linear structure by merg-
ing the output of training samples (Wang et al., 2020). Linear sep-
aration condition follows,

D={(*1,y1), (X2,¥2),-----. . (X, ¥n)} (8)

Here, x; e X C R™,y; € {1,-1}, and i=1, 2, ....n. it can be sep-
arated by a hyper-plain, it follows,

(wx)+b=0,weR" beR (9)

Here, b signifies the scaler base whereas (.) represents the
scaler operation.

Similar input sample has greater contribution in output. In the
case of original nearest neighbour classifier, it is expressed as,

I
> i i xK(x.x) (10)
i=1
Here, | signifies training sample and y; denotes the result of
training samples.

3.3.3. Adaptive Boosting (AdaBoost)

AdaBoost is widely used ensemble machine learning algorithm
that was proposed by Freund and Schapire (1997). It is a boost-
ing algorithm that consists a series of classifiers and every classi-
fier in this ensemble learning method attempts to precisely classify
the dataset (Kadavi et al., 2018). AdaBoost is an ensemble boosting
algorithm that is notably applied to amplify the predictive capa-
bility in various machine learning methods such as, support vec-
tor machine, random forest, tree based models etc. (Wang et al.,
2009). This classifier uses adaptive resampling technique at the
time of selection of training samples. AdaBoost algorithm has been
achieved by the changes of data distribution that determines the
weight of every sample based on correct classification of the sam-
ples in the training set and exactness of the previous entire clas-
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sification (Wu et al., 2020). For the iteration, this algorithm devel-
ops a new training dataset that is the sample dataset of the given
training dataset. Subsequently, a base classifier (S;) also uses in
new training dataset for learning. The error of S; (E;) has been cal-
culated by the equation

Es= > ws (11)
iSc#Y;
The following steps have been maintained during learning pro-
cess,

Wi = wi.exp (—B.2) (12)

Here, B8 and z; have been determined using the following equa-
tion,

ﬁ:O.Sln(lgEs) (13)

S

Lif Se(xi) =yi

zZi= . 14
I 1f S A 9 (14)

The calculated weights are normalized by the following equa-
tion,

w; + 1
Yiawi+1

In the last stage, the boosting algorithm integrates all the re-
sults of the classification.

wi+1= (15)

3.4. Comparison of the implemented models

To compare the implemented models, two different non-
parametric tests have been considered in this research (Wilcoxon
Signed Rank test and Friedman test). The non-parametric test does
not require any special distribution pattern of the datasets. If the
data does not follow the normal distribution pattern, this kind
of tests will be very helpful to interpret the inferential statistics
(Martinez-Alvarez et al., 2013). Friedman test assumes that there
is no substantial change in the model efficiency if the significance
level of Alpha is 0.05 (Beasley and Zumbo, 2003). Wilcoxon Signed
Rank test has been performed to assess the pair-wise statistical dif-
ferences between the models. In the case of this research p-value
and z-value have been utilized to evaluate the significant differ-
ences among them. Here, the null hypothesis will be rejected if
the value of p is greater than 5% level of significance and the value
of z is greater than the critical value of z (+1.96 and -1.96).

Friedman test follows,

K

12 D R]-3N(K+1) (16)
j=1

fe= e+

Here, R; refers sum of the ranks. N & K refer number of blocks
and treatments
The Wilcoxon signed rank test follows,
Nr
W= "[sgn(xi—x1.)Ri (17)
i=1
sgn refers the Sign function. x;;,x;; signify corresponding rank
pairs.

3.5. Accuracy assessment

In this research, different model performance methods have
been evaluated using confusion matrix. Various statistical indices
such as sensitivity, specificity, positive predictive value (PPV), neg-
ative predictive value (NPV), prevalence, detection rate were used
to assess the model accuracy. Total four types of possibility (true
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positive (TP), true negative (TN), false negative (FN), false positive
(FP)) have been applied to estimate the statistics. Higher values of
the statistics signify better accuracy of the model and vice versa.

PPV = % (18)
NPV = TIL*PFN (19)
Sensitivity = sz_ipm (20)
Specificity = FPT+7NTN (21)

Here, TP shows true positive, TN shows true negative, FN signi-
fies false negative and FP shows false positive.

ROC is another important statistical device designed for the ex-
amination of the degree of validation for applied machine learning
models that contain two dimensions such as events and non-event
phenomena. This curve is plotted on the basis of 1-specificity (x
axis) and sensitivity (y axis). The predictive capability of the exe-
cuted model can be classified using the value of area under curve

(AUC-ROC). The ROC-AUC follows the given equation,

- S
Swe =Y _ K1 — XK)(SK +1 =Sk — %) (22)
k=1

Here, Syyc signifies the area under curve (AUC). Xy and Sk rep-
resent 1-specificity and sensitivity respectively.

4. Results
4.1. Multi collinearity assessment

Multi collinearity assessment is knowingly used to diminish the
biasness of the model. The outcomes of multi collinearity assess-
ment test illustrate that there is no existence of multi collinear-
ity among the variables because the tolerance and VIF values of
the factors are not surpassed there threshold limit or critical limit.
Highest and lowest values of variance inflation factors are 4.59 and
1.16 respectively on the other hand the highest and lowest toler-
ance values are 0.86 and 0.22 respectively (Table 2). It suggested
that altitude has highest importance value among the other land-
slide conditioning factors (72.72) followed by river density (68.91),
distance from road (60.85), geology (57.48), NDVI (54.19). Profile

Table 2
Result of the multi-collinearity statistics of the used
causative factors.

Factors Multi collinearity statistics
Tolerance  VIF
River density 0.699 1.431
Altitude 0.317 3.151
NDWI 0.243 4117
Aspect 0.446 2.014
LULC 0.669 1.495
Lineament density 0.862 1.16
Distance from river 0.571 1.904
Distance from road 0.723 1.384
NDVI 0.218 4.592
Plain curvature 0.529 1.891
Distance from epi-centre 0.329 3.781
Profile curvature 0.55 1.819
Rainfall 0.293 3.413
Geology 0.556 1.887
Soil 0.565 1.77
Slope 0.614 1.678
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Fig. 5. Landslide susceptibility maps using machine learning models, (a) Adaptive Boosting (AdaBoost), (b) Support Vector Machine (SVM) and (c) Extreme Gradient Boosting

(XGBoost).

Table 3
Analysis the landslide conditioning factors using informa-
tion gain ratio (InGR).

Landslide conditioning factors  Average merit (AM)

River density 0.141
Altitude 0.187
NDWI 0.021
Aspect 0.007
LULC 0.097
Lineament density 0.011
Distance from river 0.021
Distance from road 0.114
NDVI 0.057
Plain curvature 0.003
Distance from epi-centre 0.009
Profile curvature 0

Rainfall 0.064
Geology 0.089
Soil 0.014
Slope 0.078

curvature has the lowest amount of importance for landslide (2.17)
particularly in landslide susceptible study. The influence of the
landslide conditioning factors has been appraised through InGR
statistics. Altitude (0.187), river density (0.141) etc. have high InGR
value that indicates better predictive capability whereas profile
curvature (0.000) and aspect (0.007) have low InGR value that in-
dicates minimal relevancy (Table 3).

4.2. Landslide vulnerability analysis

In this scientific study, various machine learning methods (SVM,
XGBoost, AdaBoost) have been applied to prepare the actual land-
slide susceptibility maps in two western districts of Arunachal Hi-
malayas. The landslide susceptibility maps have been classified into
five different landslide probable zones in ArcGIS platform on the
basis of natural break raster classification method (very low, low,
moderate, high and very high) (Fig. 5). In the case of support vec-
tor machine model, very low, low, moderate, high and very high
susceptibility classes have been occupied 3682.06 (50.24%), 1196.51
(16.33%), 819.53 (11.18%), 685.7 (9.36%) and 945.26 (12.90%) re-
spectively (Figs. 5b, 6). In case of extreme gradient boosting
method, very low, low moderate, high and very high susceptibil-
ity classes have been occupied 4091.41 (55.82%), 1081.57 (14.76%),
584.04 (7.97%), 538.19 (7.34%) and 1033.85 (14.11%) respectively
(Figs. 5¢, 6). Similarly, adaptive boosting model shows that very
low, low moderate, high and very high susceptibility classes have
been occupied 4413.42 (60.22%), 804.38 (10.98%), 497.73 (6.79%),
476.78 (6.51%), 1136.76 (15.51%) respectively (Figs. 5a, 6). The ma-
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Fig. 6. Bar graph showing the area wise proportion of the susceptibility classes.

chine learning models significantly identified some middle part
and south and south eastern parts which are more vulnerable for
landslide hazard particularly the areas of Urgeling, Tawang, Rump,
Bomdila, Dirang, Senge, Balemu, Tippi town, Baisakhi etc.

4.3. Comparison of landslide susceptible models

In this scientific study, test datasets of landslide susceptibility
models have been employed to compare the models with each
other. The Friedman test reveals that the level of confidence (p
value) is less than 0.05 which clearly indicates the rejection of null
hypothesis and models are statistically difference in terms of their
performance (Table 5). AdaBoost model has the highest mean rank
that may be considered finest performing model here. For pair-
wise comparison of the applied models, Wilcoxon-Signed rank test
has been applied. The result of Wilcoxon-Signed rank clearly por-
trays that pairs of the models are statistically different in terms of
their performance (p value is less than 0.05 and z value surpass
the threshold or critical value -1.96 to +1.96) (Table 6).

4.4. Model validation

Validation of the models as well as the accuracy can be shown
through the receiver operating curve (ROC) and the value of area
under curve (AUC). The value of AUC can easily symbolize the pre-
diction capability of the model and it is considered as a quantita-
tive value for model validation and comparison (Table 4). The AUC
values of the testing dataset of the models SVM, XGBoost and Ad-
aBoost are 0.85, 0.89 and 0.92, respectively (Fig. 7). Although all
the models provide reasonable result but AdaBoost performs bet-
ter accuracy in terms of AUC value. Other statistical accuracy in-
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Table 4
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Performance evaluation of the machine learning based landslide susceptibility models (AUC values)
with respective standard error and confidence interval.

Models AUC value  Std. Error? Asymptotic Sig.P Asymptotic 95% Confidence Interval
Lower Bound  Upper Bound

AdaBoost  0.921 0.016 0 0.887 0.961

SVM 0.855 0.032 0 0.793 0.917

XGBoost 0.893 0.02 0 0.859 0.938

Table 5
Result of the Friedman test of LSMs associated with mean rank along with chi-
square and significance value.

Models Mean ranks Chi-square Significance
XGBoost 1.99 7.473 0.024
AdaBoost 2.12
SVM 1.88

Table 6

Comparison of the applied machine learning models using Wilcoxon signed-rank
test.

Models XGBoost - AdaBoost SVM - XGBoost SVM - AdaBoost
z -2.599P -2.331°¢ -3.148¢
Asymp. Sig. (2-tailed) 0.009 0.02 0.002

b Based on positive ranks.
¢ Based on negative ranks.
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Fig. 7. Validation assessment of the applied ML models through ROC curve and AUC
analysis.

dicators such as sensitivity, specificity, positive pred value, nega-
tive pred value, prevalence, detection rate have been applied here.
The values of these statistical indicators are 0.8133, 0.9014, 0.8948,
0.8219, 0.5972 and 0.4593; 0.9200, 0.8700, 0.8942, 0.8978, 0.6372
and 0.5338; 0.9267, 0.9171, 0.9263, 0.9067, 0.5772 and 0.5083 for
the model SVM, XGBoost and AdaBoost respectively (Table 7). Ad-
aBoost has relatively higher values of the performance indicator
statistics that indicating the ability of AdaBoost model to learn the
complex relationship as well as correlation among the geospatial
characteristics and the incidence of landslides.

10

Table 7

Comparison of different accuracy indicators of the applied models.
Accuracy indicators SVM XGBoost AdaBoost
Sensitivity 0.8133 0.92 0.9267
Specificity 0.9014 0.87 0.9171
Positive pred value 0.8948 0.8942 0.9263
Negative pred value 0.8219 0.8978 0.9067
Prevalence 0.5972 0.6372 0.5772
Detection rate 0.4593 0.5338 0.5083

5. Discussion

Identification technique of future probable landslide areas or
future landslide potential areas is an suitable tool for land use
planning and decision making particularly in hilly or mountain-
ous terrain (Park et al, 2013). In this research three highly ac-
cepted machine learning algorithms (SVM, XGBoost and AdaBoost)
have been applied for spatial analysis of landslide susceptibility.
Huge number of methods is being applied in different parts of
the world for precise mapping of landslide. These are analysed
to find out the complex relationship between predictors or in-
dependent factors with the dependent variable. Landslide factors
are selected on the basis of literature and field study then multi-
collinearity check has been adopted to investigate whether there
is any existence of multi-collinearity problem. Model comparison
has been done through different statistical test (Friedman test and
Wilcoxon-Signed rank) and it significantly shows that models have
a statistical significant different in context of their statistical anal-
ysis and outcomes. It has identified that altitude; river density and
distance from road are the most influencing factors for landslide.
All statistical model prediction indicators including AUC, sensitiv-
ity, specificity, positive pred vale, negative pred value, prevalence,
detection rate show that AdaBoost model has a better prediction
ability and high goodness-of-fit than other applied models. The
advantage of AdaBoost model is that it can act as a Meta classi-
fier and maintains a balance between diversity and accuracy and
it reduces the data over fitting problem in the training dataset. In
the case of supervise machine learning algorithm, the model over-
fitting problem cannot be avoided completely. Based on the bias
training data the overfitting problem will occur and it can reduce
the accuracy of the model (Bu and Zhang, 2020). This problem
will arise when the model components are appraised against the
wrong reference distribution. Kawabata and Bandibas (2009) con-
sidered that geology is the most vital parameter in the occur-
rence of landslide. Kincal et al. (2009) also showed that lithology
has the greatest impact for the occurrence landslide in hilly ter-
rain. Except lithology other import completing factors are altitude,
river density, slope, vegetation etc. Hong et al. (2007) also iden-
tified that altitude, geology; slope, soil texture and structure are
most substantial factors of landslide. Like other parts of Himalaya,
Arunachal Himalaya exhibits different well-known tectonomorphic
zones (lesser, greater and Trans-Himalayan zones) and all these
segments exist along the Bhalukpong-Bomdila-Tawang road sec-
tion (Singh et al, 2014). Land use and land cover has a direct
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Fig. 8. Some active landslide incidents happened in various pockets of western Arunachal (Source: Arunachal 24.in).

impact over the triggering and activation of landslide (Lu et al.,
2015). With the changing pattern of human activity, the land use
of a region is being changed simultaneously and high impact of
human activity leads slope instability processes (Lu et al., 2015).
In the western parts of Arunachal Pradesh, the higher Himalayan
rocks area termed as Se La group which is distinct with the rock of
Bomdila group (the crystallines of lesser Himalayan) in the south
by the MCT (main central thrust) (Singh et al,, 2014). The Bomdila
group consists of low grade penecontemporaneous basic volcanic
rocks, argillaceous metamorphites and large scale igneous intrusive
(Bhushan et al., 1991). This region consists with Subansiri forma-
tion, Tenga formation, Dedza formation, Dirang formation etc. and
during field survey it has been observed that Bomdila group has
the highest probability of landslide occurrence. The Tenga forma-
tion is characterised by mafic metavolcanics, quartzite and phyl-
lites while the Dedza formation is compacted with carbonate rocks
along with a little quantity of black slate. The Dirang formation is
composed by muscovite-biotite schist, tourmaline marble, sericite
quartzite and carbonate phyllite (Srivastava et al., 2011). MCT in
Arunachal Pradesh is under strain and recognized as high duc-
tile shaving areas that are unveiling more than a single thrust
plane (Bhattacharjee and Nandy, 2008). Multi-dimensional first
and second generation structural imprints have been exposed on
these lithological formations along Bhalukpong-Bomdila-Tawang
road section. These formations are highly landslide prone due to
low degree of strength and excessive stress (heavey loaded vehi-
cles) is being imposed throughout year due to important interna-
tional tourist destination. Rainwater can easily penetrate through
these vulnerable structures during rainy months as a result most
of the landslides occur during the monsoonal period. Dry spell
is also partially responsible for landslide particularly western part
of Arunachal Himalayas. The MBT passes through the study area
and the continuous pressure of Indian plate towards the north-

1

ern side is always fallen in this region that makes huge landslide
prone condition. Most of the lineaments are trending parallel to
MBT and playing a vital role for landslides incidents (Rawat and
Joshi, 2012). During the field survey, it has been observed that the
upslope areas as well as steep areas are recurrent landslide prone
and the outcrops are much crumbled (Fig. 8). The incised river
terrace, hanging valley, steep slope, escarpment, fault scarp and
gorges are contained the signature of tectonic activities within the
study area. In Arunachal Pradesh, Jhum cultivation and high rate of
deforestation are the significant anthropogenic factors which accel-
erate landslide (Rawat and Joshi, 2012). Selection of proper land-
slide types and assessment of appropriate landslide models are
very much difficult work and these will highly control the final
outcome map of landslide susceptibility. The selected causative fac-
tors are carefully considered based on their relative significance
and data adequacy. The accurate landslide susceptibility mapping
on a regional scale depends on various influencers but it will be
quite difficult in terms of different perspective of the researchers.

6. Conclusions

This study exhibits that remote sensing based landslide prob-
ability models play a vital role in the precise mapping of land-
slide susceptibility zonation mapping. Here, three different ma-
chine learning based approaches (SVM, AdaBoost and XGBoost)
have been used for landslide susceptibility mapping in Tawang and
West Kameng district of Arunachal Pradesh. There are some limi-
tations of machine learning model based studies. Machine learn-
ing requires huge amount of data set for training and these are
highly susceptible to errors (Malik, 2020). The results attain from
machine learning may have errors due to the statistical reason-
ing. The systems generate the data based on previous results and
the data that was loaded previously. Landslides are considered as
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one of the gravest natural hazard that imposes threats for both life
and property. Short term and long term solutions are more nec-
essary to combat against these daunting challenges. The landslide
vulnerability map recently becomes popular in the context of land-
slide prone area delineation and management. This kind of studies
can definitely help to implement different kinds of management
strategies such as proper land use management, afforestation, pol-
icy making and barrier construction etc. The landslide susceptibil-
ity study of western Arunachal reveals that relief, river density, ge-
ology are the most influencing factors than anthropogenic activ-
ities. Various unconsolidated based geological formations in this
region are very much susceptible for landslide occurrence and in
the recent years, shifting (Jhum cultivation) cultivation along with
high rate of deforestation on this rugged Himalayan terrain exag-
gerates the magnitude of landslide. The AdaBoost model has the
highest prediction rate or success rate compared to other used
models. Therefore, AdaBoost model has been considered most op-
timized model here. From this scientific study, researchers will get
different future research directions and wings. Consequently, new
hybrid models will develop to reduce the direct and indirect land-
slide risk particularly in Himalayan terrain. These research findings
as well as strategies will be very much important for future de-
velopment and sustainable livelihood of the people. Selection of
appropriate method can assist to combat against this kind of geo-
environmental hazards. It is very difficult to stop completely such
geo-hazard in tectonically active mountainous belt of Himalaya.
Therefore, various management techniques such as hard, soft and
bio-engineering should be implemented for very high and high
landslide prone zones particularly at the vicinity of build environ-
ment (Bera, 2007).
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