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Abstract The main objective of the present study was to apply a Support Vector Machine for the construction of a
landslide susceptibility map in the Nancheng area, China. The analysis was based on a database of 224 sites that was
classified into non-landslide and landslide areas. Eight geo — environmental variables were analyzed, namely: lithology, soil,
slope, aspect, elevation, topographic wetness index, distance to rivers and distance to faults. The database, 224 sites were
separated into a training dataset (70%) and a validation dataset (30%). The validation of the outcomes was achieved using
statistical evaluation measures, the receiving operating characteristic and the area under the prediction rate curves. In order to
question the predictive performance of the Support Vector Machine, a Naive Bayes classifier was also utilized, in its
predictive accuracy was estimated. The analysis showed that the Support Vector Machine identified correctly 89.70% of the
instances during the validation, followed by the Naive Bayes model (86.78%).
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1. Introduction

During the past three decades, landslides have been a
significant subject of research as a consequence of their
devastated nature. The annual direct and indirect economic
losses that are reported for China and are related to landslides
exceed 20 billion Yuan, making the lives of local people
difficult [1]. Taking into account the fact that the demand for
land has increased in China, as a result of population growth
and economic development, landslide susceptibility
mapping is considered as highly valuable tool which assist
local and national agencies in regard to construction
management and land use planning [2-6].

The methods and techniques that are used in landslide
susceptibility assessments are classified into two main
approaches; data - driven approach that is based on the
exploration of data and knowledge - driven approach that is
based on the assessment of knowledge derived by experts. In
particular, knowledge — driven approach involves techniques
that are based on experts specific experience with landslide
susceptibility determined directly in the field or by
combining different layered index maps, while data — driven
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approach incorporates methods that perform statistical and
probabilistic analysis or follow deterministic approaches
[4, 7]. The implementation of both approaches has been
aided by the technology of Geographical Information System
(GIS).

A wide range of different methods and techniques have
been used for landslide susceptibility modelling, such as the
analytical hierarchy process (AHP) [8], logistic regression
[9], support vector machine [7, 10], neuro-fuzzy [11, 12],
evidential belief functions [13, 14], decision tree [15, 16],
random forest [17-19], artificial neural network [20, 21],
weights-of-evidence [22, 23] and index of entropy [19, 24,
25, 26].

Each of the above mentioned methods have advantages
and disadvantages and the decision of which to use depends
on the purpose of investigation, the quality and quantity of
data and relative resources. No general agreement exists
regarding either the methods or the range for producing
landslide susceptibility maps [27, 28].

However, according to [29] many of the above approaches
suffer from conceptual limitations related to predictors’
independence assumption, while others appear strictly
parametric and must satisfy several restrictive assumptions
on data distribution. On the other hand, support vector
machines (SVM) are presented as methods that do not
concern about the presence or absence of non-regularity in
the data, if data are not regularly distributed or have an
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unknown distribution, and ideal for problems that might not
be linearly separable.

In this context, the present study applied SVM for the
construction of a landslide susceptibility map in the
Nancheng County, China. To evaluate its predictive
performance it was compared to the predictive performance
of a Naive Bayes model.

2. Methodology

The methodology followed during the present study could
be separated into a four phase procedure; (a) constructing the
inventory map and selecting the appropriate landslide related
variables, (b) the data pre-processing phase, (c) the phase of
implementing SVM and Naive Bayes (d) the validation and
comparison of the models.

The computation process was carried out using Orange
[30], an open source software for machine learning and data
visualization, that uses interactive data analysis workflows
and RStudio. ArcGIS 10.3 was utilized for compiling the
data and producing the landslide susceptibility maps.

Figure 1 illustrates the flowchart of applying SVM and
Naive Bayes, while a brief description of the two methods
are presented in the paragraphs below.

2.1. Support Vector Machines

SVM are a supervised machine learning method used for
classification and regression analysis. Given a set of training
data, that is known to belong to a certain category, an SVM
training algorithm builds a model that assigns new data to
one category or the other, making it a non-probabilistic
binary linear classifier.

Data — Test Data

N

The aim of the SVM classification is to find an optimal
separating hyper plane that can distinguish classes [31]. In
cases where it is impossible to construct the separating hyper
plane using the linear kernel function, the original input data
may be transferred into a high-dimension feature space
through some non-linear kernel functions.

The main objective of SVM is to search an n-dimensional
hyperplane differentiating the two classes by their maximum
gap, 1 /||w||, which is equivalent to minimizing ||w||’ by:

minimize 1/ 2 ||w||°, subject to y;(wx;) + b)=>1

where ||w]| is the norm of the normal of the hyperplane, b is a
scalar base, and (-) denotes the scalar product operation.

For the case of non-separable data, the constraints are
modified, including slack variables &;:

yil(wxy) + b)=>1-¢;

where w is a coefficient vector that determines the
orientation of the hyper plane in the feature space, b is the
offset of the hyper plane from the origin, and ¢ is the positive

slack variables [31].
The optimization problem now becomes:

minimize 1 /2 |\w||2 + C2& (i=1wn

subject to y;(wx;) + b)=>1-¢;

The most popular kernels used in SVM classification tasks
are polynomial kernels and Radial Basis Function (RBF). In
this paper a RBF kernel was used to cope with the non-linear
nature of the landslides. The mathematical representation of
the RBF kernel is as follows:

Radial basis function: K(x,x;)=e—y(x;—x;)2,y>0

where K(x; x;) is the kernel function; y is the gamma term
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FlowChart of the followed procedure
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2.2. Naive Bayes

Naive Bayes is referred to as a simple probabilistic
classifier which is based on Bayes' theorem having strong
(naive) independence assumptions between the features. The
Bayesian classification process is defined as a process that
estimates the probability of a new observation belonging to a
predefined category, using a probability model according to
the theory of Bayes [32]. In the case where all the variables
that describe the training data are independently and each of
them contributes equally to the problem of classification, a
simple method for Bayesian classification known as Naive
Bayes has been developed [33]. Naive Bayes estimates the
prior probability of each category based on a large set of
training data, that are described by a number of variables,
and assumes that classification could be estimated be
calculating the conditional probability density function and
the posteriori probability [33].

2.3. Validation and Comparison

The validation and comparison of the performance of the
produced models are based on statistical evaluation measures,
the receiving operating characteristic and the area under the
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Figure 2.

success and prediction rate curves [34].

In addition estimation concerning the predictive power of
the two models was achieved by following the procedure
introduced by [35, 36]. According to the authors, an ideal
landslide susceptibility map must have an increasing
landslide density ratio when moving from low susceptible
classes to high susceptible classes and the high susceptibility
class to cover small extent areas.

3. Study Area

The Nancheng County is located in the Eastern of the
JiangXi Province, between longitudes 117°25°00’E to
118°50°00”’E and latitudes 27°45°00°’N to 28°25°00°’N,
covering an area of about 1,698.3 km?, with altitude ranging
between 50 to 1,180 m above sea level (Figure 2).

Around 61.57% of the study area has a slope gradient less
than 15° whereas areas with a slope gradient larger than 45°
account for only 0.39%. 25.38% of the area is characterized
by slope gradient between 15° and 25°, while 10.01% is
characterized by slope gradient between 25° and 35°.
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The climate of Nancheng County is classified as humid
subtropical (Koppen Cfa), with long, humid, very hot
summers and cool and drier winters with occasional cold
snaps. According to the Jiangxi Province Meteorological
Bureau (http://www.weather.org.cn), the mean annual
rainfall for the period 1953-2015 ranged between 900.3 mm
and 2866.4 mm. The average annual temperature is 17.8°C.
The rainy season is from April to July accounting for the
55.2% of the yearly rainfall. In May and June, the average
rainfall varies between 270 mm and 305 mm per month.

4. Data Preparation

The landslide inventory database which included 112
landslide locations was provided by the Jiangxi Department
of Land and Resources (http://www.jxgtt.gov.cn) and the
Jiangxi Meteorological Bureau (http://www.weather.org.cn).
The database involved 70 rotational slides and 42
translational slides. For the training process, for both
methods, an equal number of non-landslide areas were
identified and included into the landslide inventory database.
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Table 1.

Lithological units

Class Unit name

Lithology

A Zhong hanwu group

Tonalite rocks, granitic gneiss

B Huang long, Chuan shan, Ou tangdi

Gravel sandstone, siltstone, limestone, dolomitic limestone

C Xin yu

Purple siltstone, mudstone and fine sandstone, the central dark gray
mudstone containing Glauber's salt, anhydrite, and halite

Lin shanqun, Jiu xiantan, Mu bushan,
Xia changshan, Huang xie, Xi huashan

Coarse quartz sandstone, shale, coal line, gabbro, diabase

Huo bashan, Nan keng, Shui jiang, He
kou, Liu keng

Ignimbrite, tuff, sandstone gravel, granite porphyry

F Hongshan group,

granulite rock, schist, leptite, marble

Wanyuan group

Gray brown granulite, two-mica schist, quartz schist

H Tan hu, Che nao, Fu fan

tonalite rock, porphyritic granodiorite, porphyritic monzonite
granite, porphyritic moyite

1 Anyuan group

Sand, shale, chert conglomerate with coal seams, tuffaceous
sandstone, tuff, tuffaceous mudstone, oil shale, olivine basalt
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Training and validating datasets were randomly produced
from the total number of landslide and non-landslide areas.
The training dataset contained a number of data that equalled
to approximately 70% of the total number of landslide and
non-landslide, while the rest 30% served as validating data.

Eight landslide variables were analyzed, namely: lithology,
soil, slope, aspect, elevation, topographic wetness index,
distance to rivers and distance to tectonic features.

Concerning the geological settings, based on data
that was obtained by the China Geology Survey
(http://www.cgs.gov.cn) more than 22 geological units are

recognized, In the present study, the lithology map was
reconstructed by classifying the geological formations into
nine groups, based on clay composition, degree of
weathering and physical and strength parameters (Table 1,
Figure 5). The main lithological unit that covers
approximately 37% of the area is granite porphyry of
Cretaceous age, tuff, ignimbrite and sandstone gravel (class
E) followed by leptynite, schist and marbles (class F) that
covered 24% of the area and gray brown granulite, mica
schist and quartz schist (class G) that covered 17% of the
area [19].
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5. Results 6 1.0 0.1 0.09008278 | 0.05348227
. 7 0.1 0.2 0.10427211 0.05512194
In the present research, a SVM RBF kernel classifier was
used in order to construct a landslide susceptibility map in 8 02 02 0.09316952 0.05707027
the Nancheng County, China. By applying a 10-fold 9 03 02 0.08914523 | 0.05778462
cross-validation technique the best values for parameters C 10 0.4 0.2 0.09077871 0.05736596
and gamma (y) were estimated. For the C parameter the 11 0.5 0.2 0.09187297 0.05757839
search Spacc was 0.1, 0.2, 0.3, 0.4, 0.5 and 1.0 and for the 12 1.0 0.2 0.09479704 0.05763151
gamma 0.1, 0.2, 0.3, 0.4 and 0.5 (Table 2). The best 13 o1 03 012065093 0.05879127
performange is achieved having C and y parameters, 0.2 and ” ) 03 0.10678929 0.06129898
0.1 respectively. 15 03 03 0.09804624 | 0.05925439
The predictive performance of SVM and Naive Bayes are - - - -
presented in Table 3. As it can be seen the SVM model gave 16 04 03 0.09535939 0.05849758
the best results. In the case of predicting non-landslide areas, 17 0.5 0.3 0.09618740 0.05786182
SVM correctly classified 91.17% of the cases in the 18 1.0 0.3 0.09902965 0.05749301
validation dataset, while Naive Bayes 88.23%. The same 19 0.1 0.4 0.13485125 0.05943524
pattern of classification appears in the case of predicting 20 02 0.4 011778086 | 006422716
. . . o
¥andsl%d.e areas. SVM correc.:tly. identifies 88:23 % .of o1 03 04 0.10848442 0.06228696
instability cases within the validation dataset, while Naive
. o 22 0.4 0.4 0.10295515 0.06021776
Bayes slightly less, 85.29%.
23 0.5 0.4 0.10082811 0.05915624
Table 2. Detail performance results 24 1.0 0.4 0.10335903 0.05655491
Cost (C) gamma error dispersion 25 0.1 0.5 0.15003690 0.05933058
1 0.1 0.1 0.09015792 0.04872657 26 0.2 0.5 0.12737221 0.06510650
2 0.2 0.1 0.08464997 0.05171379 27 0.3 0.5 0.11711919 0.06439041
3 0.3 0.1 0.08469647 0.05328231 28 0.4 0.5 0.11063683 0.06199401
4 0.4 0.1 0.08614167 0.05468507 29 0.5 0.5 0.10681761 0.05987169
5 0.5 0.1 0.08652901 0.05430365 30 1.0 0.5 0.10801823 0.05571590
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Table 3. Classification accuracy
SVM Predicted
Observed no yes %
no 31 3 91.17
yes 4 30 88.23
89.70
Naive Bayes Predicted
Observed no yes %
no 30 4 88.23
yes 5 29 85.29
86.76

Figure 13 illustrates the ROC curves that were estimated
based on the validation dataset. The AUC value for the SVM

model was estimated to be 0.897, while the AUC value for
the Naive Bayes model was estimated to be 0.868.

Concerning the produced landslide susceptibility map, the
high and very high susceptibility class was estimated to
cover 27.00% and 13.35%, respectively, while the relative
landslide density for the high and very high landslide
susceptibility class was estimated to be 28.57% and 51.79%,
respectively (Figure 14).

From the visual analysis of the landslide susceptibility
map, high and very high susceptible zones are located at the
west and east mountainous areas of the research area with the
spatial pattern of the landslide susceptibility following the
distribution of lithology and elevation (Figure 15).
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Figure 13. ROC curves



American Journal of Geographic Information System 2017, 6(1A): 1-13

11

B0
50 1 : ro
W Landslide susceptibility zones
W Landslides
e
B0 0
m
i
| =
S
@ 30
Q
o
20
10
1]
VLS LS MSs HS VHS
Figure 14. Landslide susceptibility zones — Relative landslide density
116°24'0"E 116°32'0"E 116°40'0"E 11B°4'8'0"E 11E°5l6'0"E
1 1 1
LS-SVM
_ | - .
N
- s
N 5
Z z
=) o
o w3
& &
£ z
2 °
& - =&
& &
= =z
o o
& =S
5 5
16,5
® Landslides (=== [

1 | ) 1 I
116°24'0"E 116°32'0"E 116°40'0"E 116°48'0"E 116°56'0"E

Figure 15. Landslide susceptibility map



12 Haoyuan Hong ef al.:

Providing a Landslide Susceptibility Map in Nancheng

County, China, by Implementing Support Vector Machines

6. Discussion

The results of the comparison performed in the present
study is in agreement with other similar studies concerning
landslide, such as [37] and [7] who stated that SVM models
with RBF function had the highest prediction capabilities
among other data mining classification methods.

The performance of the SVM-RBF model is influenced by
the selection of C and gamma parameter values. C controls
the cost of misclassification on the training data, while
gamma is parameter of the Gaussian radial basis function. In
our study the gamma parameter is relative low (0.1),
resulting in a SVM-RBF model with a low bias and high
variance. The low bias assumes that the model can
successfully identify the relevant relation between the
landslide related variables features and target outcome. On
the other hand, the high variance implies that our model is
quite sensitive sensitivity to small fluctuations in the training
dataset. There is a change of overfitting. The low C,
estimated in our study (0.2) implies that the cost of
misclassificaiton will be low, "soft margin", creating a
smoother decision surface. The above have been confirmed
by the high predictive power of the SVM-RBF model
(89.70%).

6. Conclusions

The present study provides a predictive model that utilizes
a Support Vector Machine model, for producing a landslide
susceptibility map in the Nancheng County, China. Eight
conditional variables, were selected and used in the analysis
namely; lithology, soil, elevation, slope, aspect, topographic
wetness index, distance to river network, distance to tectonic
features.

According to the outcomes of the research, both models
had satisfactory performance. However, the SVM model had
a slightly higher performance in terms of AUC predictive
values (0.8970) against the one estimated by the Naive Bayes
model (0.8680). From the visual inspection of the produced
landslide susceptibility maps the most susceptible areas are
located at the west and east mountainous areas, while the
central area is characterized by moderate to low
susceptibility values.
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