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Abstract

The district of Nainital in the state of Uttarakhand in north India has experienced several landslides in the previous decade
due to its diverse geomorphology. Several lives have been lost and substantial damage has been caused to livestock and
property due to these landslides. Machine Learning algorithms have been used in several studies earlier for the creation of
landslide susceptibility maps (LSM) for the classification of regions prone to landslides. This study aims to creation of an LSM
using the maximum likelihood (ML), ISO (International Organization for Standardization) clustering, and Random Forest (RF)
algorithms. The landslide conditioning factors (LCF) viz., slope angle, slope aspect, curvature, distance from the stream,
altitude, and land use land change (LULC) have been analyzed in detail for the generation of the LSM. According to the results
of this case study, the highest positive predicted value (PPV%) of 83% is observed for the ISO algorithm with slope angle
considered as LCF. The ISO algorithm with distance from stream LCF has the highest negative predicted value (NPV%) of 83%.
The ISO algorithm with distance from stream LCF has the highest sensitivity of 84% and the I1SO algorithm considering slope
angle as LCF has the highest specificity of 84%. A Kappa index of 0.79 has been computed for ISO clustering using slope angle
as LCF. It has also been observed that, of all the values of frequency ratio for the various classes of LCFs, the slope angle gives
the highest value of 3.4 for the class of 25 — 35 degrees. Further, the ISO algorithm outperforms the ML and RF algorithms in
terms of Area Under Curve (AUC) with a value of 0.817.
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1. Introduction

Landslides are a natural phenomenon in which two layers of
the earth slide over one another causing soil erosion and
altering the landscape. Landslides could lead to a depletion in
resources of soill*? further leading to damages to human
property, and agricultural fields and general degradation of the
economics of the land.l*!

Consequently, it is very essential to prepare a landslide
susceptibility map to cause early detection and mitigate the
risks caused by landslides. Prior knowledge of methods to
control land degradation helps in planning strategies for
development in regions prone to landslides.®7

Nainital is a hill station in the Northeastern state of
Uttarakhand, India which is prone to several landslides.[®] Due
to the mountainous terrain, and a rapid increase in
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urbanization, a modification of the landscape of Nainital has
resulted in an increased instability of the slopes of the hills of
Nainital (Fig. S1 in supplementary material). The problem has
further escalated causing social and economic distress in the
region along with alteration to the geomorphology of the
environment. Table 1 illustrates the extent of the impact of
landslides on Nainital over the years.

The modeling of susceptibility to a landslide is performed
using different approaches viz., using physical models,
statistical correlation models, and machine learning models. In
the case of physical modeling of landslides, a detailed map of
the geography of the region along with the geological aspect
is required.®1% This is not practically feasible when the site
under consideration is huge. In the case of statistical models,
classification is performed using landslide conditioning
factors which bear a key importance in the quality of the
landslide susceptibility map which gets created.l*Y] Tilahun et
al. have performed a bivariate statistical analysis of GIS
(Geographical Information System) data on Shimada,
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Ethiopia.*? They have made use of the parameters of
frequency ratio and weight of evidence to compare the
landslide causative factors and prepare a landslide
susceptibility map for the area.

Table 1. The extent of the impact of landslides in Nainital from
2010 to 2017 (Source Geological Survey of India).

Loss Type 2010 2012 2013 2016 2017
Human 220 176 225 119 84
deaths

Missing - - 4021 5 27
humans

Injured 139 96 238 102 66
humans

Farm 1798 997 11268 1391 1020
animals

The era of Machine learning has brought in many
algorithms which can help build a correlation model between

the landslide conditioning factors and the actual occurrence of
a landslide. Bui et al. have showcased the usage of support
vector machines (SVM), artificial neural networks (ANN),
and logistic regression (LR) for the accurate prediction of
landslides in certain areas of Vietnam.'®! Their results
showcase the superiority of ANN in the accurate prediction of
landslides and the creation of susceptibility maps. An
exhaustive survey has been performed on the application of
machine learning for the early prediction and prevention of
landslides.[* Achour et al. have presented the usage of SVM,
Random Forest (RF), and Boosted Regression Tree (BRT) for
the prediction of landslides in the Ain Bouziane region of
Algeria.*® Their results show that the RF algorithm gives the
highest prediction accuracy in comparison to the rest. Hence,
their study reinforces the idea of the usage of machine learning
algorithms for the effective and accurate prediction of
landslides in various regions. Table 2 gives a detailed analysis
of recent research in the prediction of landslides using various
machine learning algorithms and their relative results.

Table 2. Summary of studies conducted using Machine Learning Algorithms for prediction of Landslides.

S.No. Ref. No. Location Image Dataset Evaluation Algorithm Parameter values
Resolution used parameter used
1 Pham et Uttarakhand, 20m <20 m  Google Prediction RMSE Prediction
al.lel India Earth accuracy, accuracy
images RMSE SVM 0.279 88.72
LR 0.325 85.53
Fisher’s 0.329 85.41
LDA
BN 0.343 84.37
NBC 0.355 83.89
2 Chen et Long county, 30m Landsat 8, Prediction AUC Prediction
al. [17] Shaanxi Google Accuracy accuracy
province, Earth Pro and AUC LMT 75.2 717
China 71 RF 78.1 795
CART 74.2 74.6
3 Dehnavi Iran NA NA Prediction SWARA AUC Prediction
et al.['8] Accuracy and ANFIS accuracy
and AUC 84 80
4 Althuway  Inje, Korea 5m Daum Web AUC AUC
nee et portal, CAID 76
al.ll UltraCAM
X sensor AHP 80
5 Lee et PyeongChang, 10m x10m Daum Web AUC AUC
al.l20 Korea portal,
Inje, Korea UltraCAM SVM 81.36
X sensor
6 Kavzoglu  Duzkoy, 30m LANDSAT  Prediction AUC Prediction
etal.l2 Turkey ETM+ Accuracy accuracy
and AUC SVM 98.5 94.43
LR 98.4 93.85
DT 98 89.82
FR 92.1 85.07
Sl 91.1 82.48
WoE 89.3 81.88
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7 Erminiet  Riomaggiore 5m NA Standard Standard Error
al.l22 Catchment, Error MLP 14
Italy PNN 19
8 Chen et Langao NA NA AUC AUC
al.[z County
SWARA- 89
ANFIS-
PSO
SWARA- 89
ANFIS-
SFLA
9 Kalantar Dodangeh 10m Satellite AUC AUC
etal.l4 watershed, images SVM 81.42
Mazandaran LR 79.82
province, Iran ANN 70.2
10 Aditianet  Ambon Island, 30m Google AUC AUC
al.[? Indonesia Earth FR 66.8
LR 66.7
ANN 717
11 Trigilaet  Giampieleri, Imto20m  LIDAR AUC AUC
al.l2el Italy survey LR 85.1
RF 77.2
12 Wang et Yunyang 30m ASTER AUC AUC
al.l27 County, China satellite RF 99.2
FR 60
13 Leel?l Sagimakri 6.6 m KOMPSA  AUC AUC
area, Korea T-1 WoE 79.4
14 Mershaet Simada area, NA Google AUC AUC
al.l?l Ethiopia Earth data WoE 88.2
FR 84.8
15 Jaafari et Caspian NA Aerial AUC AUC
al.sa forest, Iran photos l0E 75.9
FR 72.6
16 Dickson et  Auckland, NA LiDAR Prediction Prediction Accuracy
al.l3u New Zealand Accuracy MEM 93.1
BRT 95.3
CART 89
17 Hong et Linahua area, 25mx25m NA AUC AUC
al.ka China RF 81.2
EBF 81.3
FR 775
LR 717
18 Youssef et Abha Basin, 05m GeoEye AUC, AUC RMSE
al.lsl Saudi Arabia and Google RMSE RF 95.1 0.36
Earth data LDA 94.1 0.37
ANN 93.4 0.45
SVM 93 0.39
MARS 91.8 0.07
NB 91.6 0.46
QDA 89.9 0.46
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19 Aghdam Provincesnear 90 m x90m  GeoEye AUC AUC
etal.l3 Alborz and Google
Mountains, Earth data Wi-ANFIS 89
Iran
20 Youssef et Fayfa 0.5mand0.6 GeoEye AUC AUC
al.33 mountains, m and FR 58
Saudi Arabia QuickBird LR 77
Ensemble 82
FRand LR
21 Deng et Pinggu 05m Google AUC AUC
al.[3e district, Earth data FR 76.9
Beijing CF 76.8
22 Park et Inje, Korea 05m NA AUC AUC
al.[37 FR 79.4
AHP 78.9
LR 79.4
ANN 80.6
23 Shahabi et  Zab Basin, 30m Landsat AUC AUC
al [l Iran FR 94.6
LR 96.4
Fuzzy logic  85.11t0 94.6
24 Devkota Mugling- NA Aerial AUC AUC
et al.l9 Narayanghat photos lIoE 90.1
road, Nepal LR 86.2
CF 83.5
25 Kumar et  Tehri 30m ASTER, AUC AUC
al.l40 reservoir, WorldView
Uttarakhand -2, AHP 78.7
Cartosat-1

2. Materials and methods

2.3.1 Description of the study area

The study area chosen is the district of Nainital, which has an
area of about 4,251 sq. km. It is located in the southern part of
the mountainous area of Uttarakhand and is a part of the
Kumaon region. It lies approximately between 80°14° and
78°80° E and 29°00” and 29°05° N. It is surrounded by the
Almora district to the north and the Udham Singh Nagar
district to the south.

The region has a tight intersecting network of various
rivers and smaller water bodies. Some of the major
waterbodies are the Kosi, Gola, and Nandhaur rivers. The Kosi
starts from the Almora district and flows in the southern
direction towards Someswar and then towards the southeast of
Almora and then join Nana Kosi and the Sual. From its
junction with Sual, it forms a boundary between the Almora
and Nainital districts. The Gola River starts in Almora and the
Nandhaur river starts from the southern slopes of the lower
hills in Patti Chandigarh. It flows south past Chorgallia
through the Bhabar and Terai. Fig. S2 in the study’s
supplementary material showcases the map of the Nainital
district.

© Engineered Science Publisher LLC 2022

There are various lakes present mostly in the Pargana
Chhakhata district. The important lakes of the district are -
Nainital, Bhimtal, Malwa Tal, Sat Tal, Naukuchhiya Tal, and
Khurpa Tal. The lakes are one of the most attractive features
of the Himalayan Region and some of them are used for
irrigation purposes. The climate of the area depends upon the
altitudes of the place; hence weather conditions and rain
density vary from area to area. The summer usually lasts from
March to June end. The monsoon season starts in July and lasts
till mid-September. The period between September to
November is the post-monsoon or autumn season and from
December to February is considered the winter season. High
humidity is found during the monsoon season and less in the
winter months. The average daily maximum temperature
varies between 23 °C and 24 °C in the mountainous terrain,
while the mean daily maximum temperature is 39 °C and the
minimum is 27 °C in the plains during the same season.

The land use and land cover (LULC) maps for Nainital
have been generated using the ArcGIS (Aeronautical)
Reconnaissance Coverage Geographic Information System
tool with the aid of the ISO clustering algorithm. The aim of
LULC map generation is to notice the changes in the
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Fig. 1 (a) LULC map for 2010 (b) LULC map for 2015.

geological features of the region of interest. The LULC maps
have been generated for 2010 (Fig. 1a) and 2015 (Fig. 1b).
Both the maps have been generated to classify land features
viz., Forest, Lake, Settlement, Barren land, Agriculture, and
River. It is clear from both Figs. 1a, and 1b that within a span
of five years, barren land has increased in the Nainital region
with a corresponding increase in human settlement area and
degradation in forest cover. This results in soil erosion during
the monsoons and thereby leads to landslides. A major
landslide occurred in 2013 (Refer to Table 1) which caused
damages to both lives and property.

2.3.2 Methodology followed

In our study of the region of Nainital, the landslide inventory
map (LIM) has been downloaded for the region from the
Bhukosh portal provided by the Geological Survey of India at
a scale of 1:100000. Geological data of various regions in
India can be downloaded from this portal. Fig. 2 illustrates the
LIM of Nanital where the red dots represent the regions of
active landslides.
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Fig. 2 Landslide Inventory Map of Nainital.
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From the LIM obtained, the training and testing data are
split based on the LCFs of slope angle, slope aspect, curvature,
and distance from the stream. The corresponding datasets are
trained using the ISO, ML, and RF algorithms for two classes
of data i.e., Landslide positive and Landslide negative classes.
The corresponding confusion matrices that are obtained are
used to compute the classification parameters viz., accuracy,
sensitivity, specificity, positive predicted value, and negative
predicted value. Fig. 3 showcases the flowchart of the
methodology followed.

2.3.3 Landslide conditioning factors and their analysis
The different causative factors which result in the triggering
of landslides are termed Landslide Conditioning factors
(LCFs). The identification of such factors which cause
landslides is of prime importance for early detection and
prediction. Major LCFs are slope aspect, slope angle,
curvature, distance from the stream, distance to road,
precipitation, and roughness to name a few. The following
section describes primary landslide conditioning factors which
play a vital role in triggering landslides.

2.3.4 Landslide conditioning factors

The development of an effective landslide susceptibility map
(LSM) depends on the choice and evaluation of the impact of
landslide causative/ conditioning factors. This section
describes various landslide conditioning factors taken into
consideration for our study.

The slope angle of the terrain: The slope angle of the terrain
determines the angle of the presence of water below the
surface which leads to the increased moisture content in the
soil. This phenomenon indirectly leads to landslides.

Aspect angle of the terrain: The aspect angle specifies the
direction of the region of interest in terms of the geographical
directions of north, south, east, and west. Aspect determines
factors such as exposure to sunlight, the intensity of winds,
precipitation, efc. experienced by the region of interest.

The curvature of the terrain: Plan curvature of the terrain

© Engineered Science Publisher LLC 2022
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Fig. 3 Methodology followed.

signifies the counter line curvature made by a horizontal plane
when it crosses the surface. The process of soil erosion due to
the convergence of water at different profiles of curvature may
lead to landslides.

Distance from the stream: This factor, as the name suggests,
determines the distance of the region of interest from a stream/
river.

Altitude: The altitude of the terrain with respect to mean sea
level is affected by various geomorphologic and geological
processes.

Land use: Land use is a vital factor the in determining the
causes behind landslides. It is used to classify the land into
separate entities such as lakes, rivers, vegetation, forests,
barren land, etc. The gradual change in the land use land cover
(LULC) map of Nainital of 2010 and 2015 has been shown in
Figs. 1a and b respectively.

Lithology: The study of the strength of the rocks and soil is
termed Lithology. It is also an important factor to be
considered for the creation of LSM as different types of rocks
in the region of interest have varied responses to landslide
triggers.

Sediment transport index (STI): This index is used to create
a relation between the slope of the region of interest and the
water accumulation in the catchment area. It is denoted by

Equation 1. AN fein sanl3
STI = (m) (0.09)

O]
where:

UA refers to the upper catchment area

SA refers to the slope angle in radians.

Wetness Index (WI): A reduction in the stability of soil is
caused by the accumulation of moisture and precipitation in
the soil. This is theoretically represented using the WI which
is shown in Equation 2.

WI = log, (

@)

w tanSA)
where:

© Engineered Science Publisher LLC 2022

FA denotes the flow accumulation in meter square

w denotes the pixel width through which the water flows in
meters SA denotes the slope angle in radians studies#2 that
have been carried out to determine primary LCFs which
however change from one region to another. In our study, the
choice of these factors is based on Information Gain Ratio
(IGR) with ten-fold cross-validation. Out of all the LCFs the
ones which produced null predictive probabilities have been
removed.

2.3.5 Factor selection based on correlation analysis
The concept of multicollinearity exists in the study of
landslides where the datasets have LCFs with high correlation.
This could result in an erroneous analysis of the data.l“l The
Pearson coefficient of correlation between two LCFs (e.g.
slope angle (S) and slope aspect (4) is computed as shown in
Equation 3. High collinearity is indicated by rg, having a
value greater than 0.7.44 Here, S and A indicate the mean
values of slope angle and slope aspect, respectively.
S-S Aj-A
fEose [ aear
Multicollinearity among the various LCFs cited in Section
3.2.1 was identified by computing the metric of variance
inflation factors (VIF) and tolerances (Table 3). The Pearson’s

3)

— n
ISA ™ Li=1

Table 3. Analysis of multicollinearity of LCFs.

S.No. LCF Tolerance VIF
1 Slope 0.985 2.45
2 Aspect 0.894 3.7

3 Curvature 0.684 2.57
4 Distance from stream 0.245 1.45
5 Altitude 0.689 2.34
6 Land use 0.774 1.56
7 Lithology 0.256 2.76
8 STI 0.367 3.49
9 wi 0.968 1.72
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Table 4. Pearson’s correlation between pairs of LCFs.
Slope Aspect Curv. Dist. Str.  Altitude Landuse  Lith. STI Wi
Slope 1
Aspect 0.345 1
Curv. 0.370 -0.016 1
Dist. St. 0.044 0.072 0.539 1
Altitude 0.245 0.062 0.067 0.578 1
Land use 0.174 0.120 -0.078 0.175 0.234 1
Lith. 0.286 0.314 0.093 0.066 0.564 0.783 1
STI 0.448 0.175 0.144 0.068 0.321 0.632 0.335 1
Wi 0.359 0.068 0.149 0.098 0.743 0.564 0.452 0.734 1

the correlation coefficient was computed for the various LCFs
and is presented in Table 4. The result shows that the largest
VIF is 3.7 and the lowest tolerance is 0.245. These values
satisfy the VIF < 10 and tolerance > 0.1 criteria which
indicates that there is no multicollinearity among the 9 LCFs
considered.

2.3.6 Factor selection based on information gain ratio
(IGR)
All LCFs do not serve equally in the correct prediction of
landslides. Therefore, to quantify the ability to the prediction
of landslides using various LCFs, the technique of Information
Gain Ratio (IGR) has been used in our study. The concept of
information gain stems from information theory which is used
to find the decrease in overall entropy of the system to find the
feasibility of the usage of a LCF for the prediction of
landslides. However, due to the bias that information gain has
towards datasets that contain many sample values, the IGR is
used. A high value of IGR indicates a higher predictive
ability™ of the LCF. For an input dataset of m samples in the
training dataset 7, and the output class L; of landslide or non-
landslide, the information entropy to classify 7 is given by
equation 4.
m(L;, T m(L;, T
i log, Mg @
The amount of information required to disintegrate 7"into (77,
T, ...T,) with respect to a LCF X is given by equation 5.

InfoEnt(T, X) = ¥, |TTJ| InfoEnt(T) (5)

The Information Gain Ratio (IGR) for a certain LCF X is given
by equation 6.

IGR(T, X) =

InfoEnt(T) =-Y7_,

InfoEnt(T)-InfoEnt(T, X)
SplitInfo(T, X)

(6)

Here, Splitinfo(T, X) represents the potential information
generated by dividing the training dataset 7'into n subsets and
is given by equation 7.
SplitInfo(T, X) = -zg;l%llogz%l )
The details of the LCF selection based on IGR method
have been specified in Table 5. It has been observed that the
largest merit is for slope (0.568). The LCFs of lithology, STI,
and WI showcase an average merit of zero and hence indicate

no ability to predict the occurrence of landslides. Therefore,
the LCFs of lithology, STI, and WI have been excluded from
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further analysis for landslide prediction.

Based on the parameters for the selection of LCFs for our
region of study, the LCFs of slope angle, slope aspect, slope
curvature, distance from the stream, altitude, and land use
have been considered for our analysis. The slope angle map,®!
aspect angle map,* slope curvature map,! distance from
stream map, altitude map, and land use map have been
showcased in Figs. 4(a-f).

Table 5. Details of the selection of Landslide Conditioning
factors (LCF) using the Information Gain Ratio (IGR) technique.

S.No. LCF Average Merit Standard Deviation
1 Slope 0.568 +0.027
2 Aspect 0.100 +0.023
3 Curvature 0.389 +0.028
4 Distance 0.377 40.152

from stream
5 Altitude 0.038 +0.084
6 Land use 0.028 +0.088
7 Lithology 0 0
8 STI 0 0
9 WI 0 0

2.4 Machine learning algorithms used for landslide
prediction and their parameters for analysis

As described in Table 2, several machine learning algorithms
are available in the existing literature to classify landslides.
This section of the study describes the Maximum Likelihood
algorithm (ML), the ISO clustering algorithm (ISO), and the
Random Forest (RF) algorithm used in our study.

2.4.1 Maximum likelihood (ML) algorithm
The ML algorithm is a method to fit models to available data
and find out which is the best fit. Alternatively, it can be
defined as a technique to find the best set of parameters viz.
mean (p) and variance (c) which could best be used to describe
a distribution from which a data sample ‘x’ has been pulled
out. The methodology followed by the ML algorithm is to
determine the best parameters that fit the data by maximizing
the log-likelihood function comprising of these parameters
and then using information theory to compare all these models
to find the best-fit model.

The likelihood function is defined in equation 6 as the true
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Fig. 4 (a) Slope angle LCF map, (b) Aspect angle LCF map, (c) Curvature LCF map, (d) Distance from stream LCF map, (e) Altitude

map (f) LULC map.

parameters of a given data are the same as observing the data
given the parameter values. Maximizing the values of these
functions are cumbersome. Hence the log of equation 8 is
taken and is termed as the Log-likelihood function shown in
equation 9.

L(O]x;)
InL(0]|x;)

[1£(x;16)
2 f(x:16)

®)
)

where:
L(6|x;) = Likelihood of sample x; being drawn from a
distribution represented by parameters 6 . f(x;|0) =

© Engineered Science Publisher LLC 2022

probability of sample x; being drawn given a distribution
with parameters 6 is encountered.

The justification for using the ML algorithm for our
classification is that this is a form of unsupervised
classification where the dataset of images available does not
have any information about which distribution it has been
taken from. Therefore, the ML estimation algorithm is best
suited to estimate the distribution and thereby the
characteristics of the landscape such as rivers, lakes barren
land, agricultural land, efc. by comparing various distributions
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and choosing the best fit from them using the principles of
information theory. The hyperparameter values assigned for
the ML algorithm are showcased in Table 3.

The ML algorithm of classification is available in ArcGIS
and it follows two principles which are - the sample classes
are normally distributed and use Bayes’ theorem for making
decisions. The variance and covariance are taken into account
in this classification. The cells are assigned to each class by
statistical probability. By assigning an equal option to a priori
probability, the cells are classified into the class based on
maximum probability.

2.4.2 ISO clustering (ISO) algorithm

The ISO algorithm is an iterative self-organizing process of
unsupervised classification and uses Euclidean distance for
allotting each point to a cluster. The cluster is assigned by the
user. Each cell is allocated to the nearest mean by Euclidean
distance. After the completion of the first iteration, new means
are calculated for all clusters, this process is continued till the
specified number of iterations is met. Each cluster is expected

to have enough cells for the proper representation of each class.

In the case of a wide variety of ranges of input band values
for various classes, normalization of the input band values is
performed as shown in equation 10.

_ (IR-minjg)X(maxor—mingg)

OR =

+ mingg (10)

(max;r—ming)
where:
OR = Output Raster
IR = Input Raster
min;g = Minimum value of Input Raster
max;g = Maximum value of Input Raster
minggr = Minimum value of Output Raster
maxyr = Maximum value of Output Raster

2.4.3 Random forest (RF) algorithm

The RF algorithm is a supervised learning technique that uses
multiple decision trees to classify data using the technique of
averaging to improve the overall accuracy of classification. It
uses the principle of bagging to obtain the best results in
classification. The method of splitting the decision tree could
either be using the Gini index (equation 11) obtained by
subtracting the summation of the square of all class
probabilities from 1, or Entropy (equation 12) which signifies
the randomness in a sample and needs to be reduced during
the process of classification.

Gini(P(X)) = 1—XN_1(x,)?

Entropy(P(X)) = —ZN=1%xlogz(xn)
where:
P(X) = (x4,xy...x,) and x; is the probability of
classification of an object into a particular class.
The overall size of the forest can be controlled by reducing the
number of leaf nodes and the maximum depth of the tree.
Table 6 tabulates the hyperparameter space used for the
implementation of the ML, ISO, and RF algorithms.

(in
(12)
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Table 6. Hyperparameters of ML, ISO, and RF Algorithms.
Name of Hyperparameters
Algorithm
ML

Reject fraction = 0.01

This indicates to reject classifications that have a
confidence value lesser than 0.01

A priori Probability weighting = Equal

This indicates that each pixel of the image is
assigned to the class to which it has the highest
probability of being a part

Number of classes = 6

This indicates the number of output land feature
classes which is 6 in this case

Sample interval = 10

This indicates the sampling interval to be chosen
which has a default value of 10

Number of estimators = 5000

This indicates the number of Decision trees in the
Random Forest

Splitting criterion = Gini

This indicates the criterion for splitting the nodes
of the Decision trees

Maximum depth = 3

This indicates the amount of levels/ depth of the
Decision tree

Class weight = Balanced

This indicates that all classes are given equally
probable priority

I1SO

RF

2.4.4 Classification assessment

The assessment of the accuracy of the ML, ISO, and RF
algorithms is performed by computing five parameters viz.,
accuracy, sensitivity, specificity, positive predicted value, and
negative predicted value. These parameters are computed
based on the true positive (TP), false positive (FP), true
negative (TN), and false negative (FN) that are generated by
the algorithms and are defined using the following equations

13, 14, 15, 16, and 17.
TP+TN

Accuracy (Acc.) = TPTTNCEPIIN (13)
Sensitivity (Sens.) = TN (14)
Specificity (Spec.) = ——— (15)
Positive Predicted Value (PPV) = —— (16)
Negative Predicted Value (NPV) = NN (17)

The Kappa index (k)1*5%-%2 is a measure to express the
ability of landslide classification algorithms to classify the
pixels corresponding to landslides. It is termed as the
proportion of observed agreement beyond that expected by
chance. A Kappa magnitude of 0.8 to 1 indicates almost
perfect agreement, 0.6 to 0.8 indicates substantial agreement,
0.4 to 0.6 indicates moderate agreement, 0.2 to 0.4 indicates
fair agreement, 0 to 0.2 indicates slight agreement and less
than 0 indicates no agreement.®l

To validate the results obtained using the ML, ISO, and RF
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algorithms, frequency ratio (FR) analysis has been carried out
for the four land conditioning factors. FR analysis is a
technique that quantitatively performs landslide susceptibility
mapping by making use of GIS techniques and spatial data. It
builds an association between the landslide inventory and
landslide causative factors.® The computation of FR is
performed using Equation 18.5%

Y
FR = - (18)

where:

results. In our study, we have presented the usage of the ML,
ISO, and RF techniques for the creation of LSMs for the region
of Nainital. Each of these algorithms provides varied results
for the parameters of concern i.e. accuracy, sensitivity,
specificity, positive predicted value, and negative predicted
value. In order to obtain the best possible results for our
classification, we have performed bagging by drawing several
bootstrap samples from the training data set pixels and fitting
the ML, ISO, and RF algorithms on the same.

This section gave a brief description of the algorithms we
have used for our classification. The following section of our

Y =% of landslide pixels in a particular class and X = % of
total pixels in a particular class.

In order to perform a comparative analysis of the three
machine learning algorithms, the area under the ROC curves
is computed on the validation dataset.

2.4.5 Bagging strategy employed

Bagging which is the short form of Bootstrap Aggregation
refers to an ensemble machine learning algorithmic technique
to find the best possible classification or regression model
study outlines the results achieved and the discussion
pertaining to the same.

3. Results and discussion

The LANDSAT 7 dataset with a spatial resolution of 30 meters
is used. The DEM is extracted from the images obtained from
the LANDSAT 7 sensor. From the DEM, the LCF maps have
been extracted using the ArcGIS software. The ArcGIS
software is used to classify the regions of landslide occurrence
and non-occurrence with location data from the LIM (Fig. 2)
obtained from the Geological Survey of India. Initially the

Table 7. Comparative performance of ML, ISO, and RF models based on Confusion matrix parameters and Kappa index.

g ML ISO RF

s £

A S A C D AL L S A C D AL L S A C D AL L
ﬁ 20 46 34 39 38 44 55 39 39 42 61 59 59 59 64 61 37 32
E 22 45 46 43 42 43 62 34 35 37 38 53 54 54 27 38 35 43
& 8 14 10 10 11 13 12 16 15 13 15 21 22 22 16 15 17 10
E 10 15 25 14 12 14 19 11 11 8 38 26 26 26 54 38 9 25
Eg 72 77 77 78 80 77 83 71 71 77 80 72 73 73 80 81 71 77
=

% S 69 75 65 76 76 75 77 76 76 83 51 69 68 68 33 50 76 65
=y

Z

= ei 67 76 58 74 74 76 75 78 78 84 61 71 70 70 55 62 78 58
5

»n

=y

= ~~

5‘5 § 74 76 82 81 81 76 84 68 70 74 71 71 71 71 63 72 68 81
2

wn

g

5 ;\? 70 76 70 77 77 76 84 73 74 79 65 70 70 70 58 65 73 69
;Q) N’

S =

%é 030 069 042 060 060 069 079 047 048 0.60 0.67 0.58 0.57 0.57 0.70 0.68 0.46 0.41
=
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points with landslide occurrence are extracted from the LCF.
These points are classified with a training-testing split of 80:20
using the ML, ISO, and RF algorithms. The results of the
comparative performances of the three algorithms based on
the confusion matrix parameters and Kappa index are
showcased in Table 7.

Due to lack of space, the following naming convention
abbreviations have been followed for Table 7; Slope angle is
denoted as S, Aspect angle is denoted as A, Curvature is
denoted as C, Distance from the stream is denoted as D,
Altitude is denoted as AL and Land use is denoted as L.

From Table 7 several conclusions have been drawn. Firstly,
the highest positive predicted value (PPV%) is for the ISO
algorithm with a slope angle considered LCF (83%). This
indicates that the probability that, the ISO algorithm with the
slope as LCF, correctly classifies the pixels into the class of
landslide is 83%. The ISO algorithm with distance from
stream LCF has the highest negative predicted value (NPV %)
of 83% which indicates the probability of correctly classifying
the pixels in the non-landslide class. The ISO algorithm with
distance from stream LCF has the highest sensitivity of 84%
indicating that 84% of the pixels are correctly classified into
the landslide class. Further, the ISO algorithm considering
slope angle as LCF has the highest specificity of 84%
indicative of the correct classification of non-landslide pixels
into the non-landslide class. The highest accuracy of
classification is also exhibited by the ISO algorithm which is
84%. The highest Kappa indices for all three algorithms range
between 0.69 to 0.79 which indicates substantial agreement
between the classification models and the ground truth. The
highest Kappa index is computed for ISO clustering using
slope angle as LCF with a value of 0.79.

Considering this, it has been concluded that the ISO
clustering algorithm which uses slope angle as a land
conditioning factor, has the highest PPV, specificity, and
accuracy in the classification of landslides in the Nainital
region. Its other parameters also lie within permissible limits
of acceptance. Therefore, the ISO clustering algorithm
outperforms the Maximum likelihood algorithm and random
forest algorithm in terms of PPV, specificity, and accuracy.

Table 8. Mean Accuracy and Standard Deviation of K-fold Cross-
validation over ML, ISO, and RF algorithms.

Algorithm Mean Accuracy Standard Deviation
ML 79 % +0.023
I1ISO 82 % +0.039
RF 76 % +0.013

validation of the classification results has been performed. The
mean accuracy and standard deviation accuracy scores
observed after the k-fold cross-validation for the algorithms
used for classification are shown in Table 8. The frequency
ratio analysis for the LCFs obtained from the LCF maps has
been tabulated in Table 9.

Table 9. Frequency ratio analysis of LCFs.

LCF Class % of % of  Frequency
pixels landslide Ratio =
in class pixels in  (Y/X)
X) class (Y)

Slope 0-75 28.82 3.2 0.11

(degree) 75-16.5 20.20 55 0.27

16.5-25 215 245 1.13
25-35 10.95 37.2 3.4
> 35 18.53 29.5 1.6
Aspect N 9.54 27 2.83
(direction) NE 415 8.2 0.2
E 11.77 34.2 2.9
SE 5.8 491 0.84
S 6.2 5 0.8
SW 6.3 51 0.8
w 9.5 7.62 0.8
NW 9.4 7.7 0.81
Curvature -336e°--23 326 9.5 0.3
(degree) e’
-23e%--7¢° 2163 24.75 1.2
-7e°- 4¢° 15.71 11 0.7
4e°- 18e° 13.7 425 3.1
18e%- 251e°  15.62 125 0.8

Distance to 0-0.02 23.3 38.25 1.6

Stream 0.02-0.05 24.66 23 0.94

(km) 0.05-0.08 225 9.75 0.44

0.08-0.11 18.8 24.75 1.32
>0.11 10.83 4.25 0.4
Altitude (m) <200 25.71 16.1 0.62
200-300 19.4 12.7 0.65
300 - 400 17.3 5 0.29
400 - 800 23.63 29.75 1.3
> 800 13.9 37.25 2.67
Land Use Lake 195 11.7 0.6
Forest 21.63 24.75 1.14
Barren Land  20.23 34.75 171
Agriculture 13.9 17.25 1.24
Settlement 13.62 175 1.28
River 10.83 4.25 0.4

We have used 1000 samples of the input image to classify
it into two output classes viz., landslide occurrence and no
landslide occurrence, based on the features of slope angle,

slope aspect, curvature, distance to stream, altitude, and LULC.

The algorithms are evaluated using the k-fold cross-validation
technique used for Bagging. For using this technique, the input
image has been split into 10 sets and a three-fold cross-
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From Table 9 it has been observed that of all the values of
frequency ratio for the various classes of LCFs, the slope angle
gives the highest value of 3.4 for the class of 25 — 35 degrees.
This is followed by an aspect of East with a value of 2.9 further
followed by the LCF of altitude for > 800 meters with a value
of 2.67. The frequency of landslide occurrence is almost equal
in terms of LULC for barren lands, agricultural lands, and
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settlements.

The quantitative performance of the three machine
learning models has been compared using the receiver
operating characteristics curve (ROC). The ROC is computed
by drawing a graph based on Sensitivity and Specificity using
different threshold values. The area under ROC (AUC) gives
the comprehensive performance of the machine learning
models used for creating the LSMs (Table 10). A perfect model
gives an AUC value of 1 which signifies that all the landslide
pixels have been correctly classified as landslides.

Table 10. AUC values for Machine Learning algorithms used for
the creation of LSMs.

S. No. Machine Learning algorithm AUC
1 ML 0.743
2 I1ISO 0.817
3 RF 0.721

From Table 10 it can be interpreted that, the ISO algorithm
outperforms the ML and RF algorithms in terms of AUC.
Therefore, it has been concluded that the ISO algorithm using
the LCF of slope angle along with altitude generates the best
LSM (Fig. 5) for the region of Nainital.

79'2.5'0"5 E 7!'29'0"5

1 Kilometers N

0 026 05

W20N

13°240°N

273N

T
29°0°N

LEGEND

B LANDSLIDE OCCURRENCE
| NO LANDSLIDE OCCURRENCE

2W0E

Fig. 5 LSM map for Nainital.

192%0°E wITeE

4. Conclusion

This study presents a comprehensive comparison and
evaluation of three machine learning algorithms viz,
Maximum Likelihood estimate, ISO clustering, and Random
Forest for the classification of landslides based on land
conditioning factors of slope angle, slope aspect, curvature,

and distance from the stream, for the region of Nainital in India.

The results presented are:

1. Presentation of collinearity among the various LCFs
and selection of appropriate LCFs for construction of
the LSM using the Information Gain Ratio.

2. Assessment of the ML, ISO, and RF algorithms and
their comparison using the Confusion matrix, Kappa
index, Frequency ratio, and AUC.

According to the results of this case study, the highest PPV

of 83% is observed for the ISO algorithm with slope angle

© Engineered Science Publisher LLC 2022

considered as LCF. The ISO algorithm with distance from
stream LCF has the highest negative NPV of 83%. The ISO
algorithm with distance from stream LCF has the highest
sensitivity of 84% and the ISO algorithm considering slope
angle as LCF has the highest specificity of 84%. A Kappa
index of 0.79 has been computed for ISO clustering using
slope angle as LCF.

It has been observed that of all the values of frequency ratio
for the various classes of LCFs, the slope angle gives the
highest value of 3.4 for the class of 25 — 35 degrees. It has also
been observed that the ISO algorithm outperforms the ML and
RF algorithms in terms of AUC with a value of 0.887.

The various results of this study may prove to be of use for
policy and decision-making in the areas prone to landslides in
Naintal, India.
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