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Abstract
The mechanism of landslide occurrence is complicated due to the dependency and nonlinear relationship of various physical
factors. A promising prediction model, which can be used to locate the high-risk regions and a corresponding prevention strategy
can be prepared to reduce the slide occurrence and its consequence, is therefore desired. To perform the landslide assessment for a
large-scale slope, this study proposes to use the method of small watershed that is integrated with Relevance Vector Machine
(RVM) to enhance the prediction accuracy. Effect of physiographic and hydrological factors such as slope steepness, dip slope
ratio, landslide ratio, and cumulative rainfall are investigated. To estimate the occurrence of landslide, RVM first maps the
aforementioned factors into a feature space using Gaussian radial basis function. A linear boundary, distinguishing landslide
or not, is then obtained through the search of the optimal weights. To find these weights, a Bayesian theory-based optimization
problem is formulated and solved by iteratively reweighted least squares algorithm and the Laplace approximation procedure.
The proposed model is validated by the data collected from Kaoping River Basin. Results indicate that the proposed RVM-based
small watershed approach possesses a prediction accuracy of 87.5%, which is better than those of using Support Vector Machine
(SVM), Least-Square Support Vector Machine (LS-SVM), and logistic regression, providing authorities in their hazard alert
system to minimize the life or property losses caused by the landslide.

Keywords Small watershed, landslide . RVM . Physiographic factor . Hydrological factor

Introduction

Varnes (1978) divided landslides into five basic pat-
terns: falls, topples, slides, spreads and flows. In terms
of the physical mechanisms, landslides are the processes
where the rocks, soils and debris slide down a slope
(Cruden, 1991). In general, landslides can be classified
according to the action patterns, material type and the
depth of sliding surface. When classified by the depth,

it can be categorized as shallow landslide or deep-seated
landslide. In Taiwan, the landslide hazards often cause
loss of lives and properties. Thus, the alert and preven-
tion measures against landslides are key issues to be
dealt with. When estimating the occurrence of landslide,
one needs to clarify the reasons causing the landslide.
Often, the landslide occurrence mechanism includes in-
ternal and external factors. Internal factors refer to the
physiographic factors such as elevation difference, mean
elevation, slope steepness, road ratio, dip slope ratio,
landslide ratio, and distance to fault, etc.; whereas, ex-
ternal factors refer to the triggering mechanisms such as
precipitation, earthquake or volcanic activities, etc. in
which, the water content is the most important factor
(Highland and Bobrowsky, 2008). The higher the land-
slide potential, the less the water content required for
triggering the landslide. Therefore, the physiographic
and hydrological factors of a hillslope area are often
considered to directly affect the occurrence of landslides
(Chan et al. 2015). In addition to the hydrological fac-
tor, the impacts of physiographic factors on landslides
are important and described below.
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In view of force equilibrium, stronger downward sliding
force will be generated when the slope is steeper. Dai et al.
(1999) pointed out that slopes with a slope of 30–40 degrees
were most vulnerable to damage during the rainfall-induced
landslides. For the Chi-Chi Earthquake in Taiwan, Hung et al.
(2000) discovered that 90% of landslide took place on slope
faces higher than 45 degrees and it indicated the steeper the
slope, the higher the damage potential. Dai and Lee (2002)
discovered that if the slope is less than 40 degrees, the land-
slide tends to increase along with the increase of slope; and
most landslides are seen at the slope between 35~40 degrees.

The dip slope means the dip direction of a natural slope is
roughly identical with the true dip or apparent dip of the un-
derlying strata. Landslide might not occur for dip slope, but a
destructive dip slope usually exhibits extremely high sliding
speed (potentially exceeding 100 km per hour); therefore, dip
slope sliding is one of the most serious landslide events in
Taiwan. The dip slope usually brings higher impact to the
slope hazard. Especially, when the footing of the dip slope is
disturbed or removed, there is a higher possibility of a land-
slide occurrence. In view of this, higher landslide potential
may exist in an area with higher percentage of dip slopes in
Taiwan where the mountain areas are densely developed by
people.

Based on site investigation, if the overlay of a landslide
area is not fully consolidated or the vegetation has not been
restored, a higher landslide reoccurrence may exist.
According to Chang et al. (2007), 75% of large-scale land-
slides during the Ji-Ji Earthquake is found in the areas that
have landslides before. Fan et al. (2018) classified the surface
coverage as: (1) Former landslide land. (2) Naked land. (3)
Construction land. (4) Forestry land. (5) Farming land and (6)
Water body for evaluating the landslides and debris occur-
rence. He found that a promising prediction is often obtained
when the landslide ratio (i.e. number of having landslide in the
past) is used to replace the surface coverage factors.

In Taiwan, the strata are mostly formed by folding structure
and are easily affected by the weathering effect and lead to the
occurrence of landslide. Chang (1987) divided the sedimenta-
ry rocks, igneous rocks and metamorphic rocks into soft stra-
tum and hard stratum according to lithologic characters. The
soft stratum includes inter-layer shales, alluvium, laterite ac-
cumulation, laterite gravel layer, shales or muddy rocks, po-
rous limestone, tuff, pyroclastic rock, slate, phyllite, black
schist and green schist, etc. Firm and highly consolidated stra-
tum can resist against landslides, but weaker and highly frac-
tured stratum are vulnerable to landslide. Because the fault is
more fractured on geological side, therefore the fault distance,
which is a distance from the considered site to the nearest
fault, are often used as an indicator for the lithologic character.

Often, the process of landslide occurrence is complicated
and involves various factors (Zhou et al. 2018). Establishing a
landslide model at a regional scale is therefore, a challenging

task. In light of this, AI is a reasonable choice if one has
enough statistic data and in this case, no governing equations
are needed. The built AI model has a potential to be utilized to
investigate effects of topographic, climatic, and human-related
factors on the landslide susceptibility in a systematic manner.
Previous works have shown that the accuracy of conventional
statistical approaches may not be sufficient due to the multi-
variate and nonlinear nature of the problem of interest (Pham
et al. 2017, Tien Bui et al. 2012). Therefore, AI has drawn
considerable attentions of researchers in modeling of landslide
and other natural hazards (Kavzoglu et al. 2019).

Recently, geographic information system (GIS) is widely
employed in disaster prevention research such as landslide
evaluation due to its ability to incorporate with large-scale
dataset with multi-layered information of spatial characteris-
tics (Le et al. 2018). It is seen that GIS based data-driven AI
approach has a great potential in landslide prediction due to its
ability to provide spatial prediction for the interested measure-
ments (i.e., the landslide occurrence in this study) which pro-
vides a chance of identifying vulnerable areas and thus is
helpful for land-use planning (Jaafari et al. 2019). It is seen
AI based models possess several outstanding capabilities and
can be incorporated with other powerful tools such as GIS.
Thus, exploring AI methods for landslide prediction is highly
necessary and is one of the goals for the current study.

This study proposes a novel landslide occurrence estima-
tion algorithm that integrates Relevance Vector Machine
(RVM) and Bayesian-based optimization to implement the
landslide occurrence assessment. RVM, proposed by
Tipping (Tipping 2000), is a Bayesian inference approach
for constructing probabilistic classification model. Compared
to the Support Vector Machines (SVM) and Least Squares
Support Vector Machines (LSSVM), the Bayesian-based
RVM has fewer tuning parameter and therefore, is more effi-
cient in computation. In addition, a RVM model often has a
better performance in generalization due to its better sparse-
ness property. That is, a RVM model only employs a small
number of relevant vectors from the training samples to con-
struct the classification boundary (Tipping 2004). This sparse-
ness property is greatly useful because a sparse model is fast to
establish and less susceptible to overfitting (Tzikas et al. 2006;
Cheng and Hoang 2015) . Recen t ly, succes s fu l
implementations of the RVM have been reported in various
fields (Tien Bui et al. 2018, Samantaray et al. 2019, Abbas and
Tezcan 2019, Liu et al. 2019). Nevertheless, the applications
of the RVM in landslide occurrence prediction are still limited
and is one of the focuses for the current study.

To estimate the occurrence of landslide, RVM first maps
the physiographic and hydrological factors into a feature space
using Gaussian radial basis function. A linear boundary,
distinguishing landslide or not, is then obtained through the
search of the optimal weights. To verify the proposed algo-
rithm, historical records collected from Kaoping River basin
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are used. Kaoping River basin is featured on its violent drop in
altitude that the elevation is diminishing from northeast to
southwest in constituting nearly 4000 m of height difference.
Mountains with altitudes over 1000 m account for 47.8% of
the basin coverage and that between 100 m to 1000 m takes
30.3% of the basin coverage. Kaohsiung and Pingtung plains
are the lowest areas that are below 100 m in altitude, making
up 21.9% of basin coverage. The collected slope steepness,
the dip slope ratio, the landslide ratio and cumulative rainfall
are integrated into the proposed RVM-based small watershed
model to assess the slide occurrence. Results indicate that the
proposed method possesses a prediction accuracy of 87.5%,
which is better than that of using standard Support Vector
Machine (SVM), Least-Square Support Vector Machine
(LS-SVM) and logistic regression, providing authorities in
their hazard alert system tominimize the life or property losses
caused by the landslide. Details of the proposed method are
provided below.

Support vector machine, Least-Square
support vector machine and the employed
relevance vector machine approach

Before conducting the estimation of landslide occurrence
using the proposed approach (i.e., RVM), this study also trains
two additional models, which are SVM (Ge et al. 2018) and
LS-SVM, to evaluate/compare the performances of the pro-
posed RVMs. These two models (SVM and LS-SVM) are
briefly introduced below. SVM is a classifier that is able to
solve a nonlinear problem using convex quadratic programs
(QP), as shown in Eq. (1).

minimize
w;b;ξ

1

2
wTwþ c ∑

N

k¼1
ξk Subject to

yk wTK xið Þ þ b
� �

≥1−ξk
ξk ≥0; i ¼ 1; 2; :::;N

�
ð1Þ

in which yk represents the class and [wTK (xi) + b] indicates
the classifier,w is a vector of weights that are orthogonal to the
hyper-plane; c is constant number that is greater than zero; and
ξk is the slack variable. When ξk is greater than one, indicating
that the k-th inequality is violated.N is the number of data, and
K is the kernel function, in which Gaussian radial basis func-
tion (RBF) is one of the common kernels and is adopted here,
as shown in Eq. (2).

K X ;X ið Þ ¼ e
−σ ‖X−X i‖

� �2

ð2Þ
in which vector of X is input, σ represents kernel function
parameter; and Xi are the support vectors. The least-square
support vector machine, (LS-SVM, Suykens et al. 2002) does
not attempt to solve the QP problem. LS-SVM actually try to
solve a system of linear equations after altering the SVM via

introducing the error variable (ε), as described in Eq. (3).

min
1

2
wTwþ γ

2
∑
N

k¼1
ε2k

s:t:yk w⋅K xkð Þ þ bð Þ ¼ 1−εk ; k ¼ 1; :::; n
ð3Þ

in which γ is a constant number. It is seen that two modifica-
tions, equality constraints and a squared error variable, leading
to solving a set of linear equations in LS-SVM.

Normally, the time-variance factors are not considered in
most of the landslide occurrence assessment established by
quantitative statistical analysis method, and the rainfall thresh-
old is used for judging whether the landslide occurred or not.
If the time-variance factors are considered, such assessment
can be used to evaluate the landslide occurrence in an area
subjecting to certain kind of hydrological and physiographic
conditions. In the meantime, the research result can also be
used in minimizing or preventing disasters.

Established by Tipping (2001), RVM is a powerful ma-
chine learning algorithm for constructing probabilistic model
used for nonlinear pattern recognition. As a supervised learn-
ing approach, RVM employs a training data set containing N
samples which is denoted asX ¼ xnf gNn¼1 to make prediction

of the class labels denoted as C ¼ cnf g2n¼1. In the problem of
interest, c1 and c2 represent the landslide and non-landslide
categories, respectively. For the task of landslide spatial
modeling, RVM is able to categorize a set of feature vectors
into two decision domains (e.g., c1 and c2) and can be used to
generalize a nonlinear classification model. Herein, for the
purpose of modeling, c1 = 0 means non landslide occurrence;
and c2 = 1 indicates a landslide occurrence. The values of the
class output (either c1 and c2) are the ground truth results
obtained from the records of landslide in the study region.

The application of RVM in physiographic and hydrological
factor-based landslide modeling is appropriate since landslide
is a complex phenomenon affected by various influencing
factors (Hoang and Bui 2016). Moreover, the classification
boundary used to quantify landslide probability is possible
nonlinear. To deal with the aforementioned difficulties, two-
step RVM is proposed. In the first step, RVM maps the orig-
inal input data to a higher dimensional space (i.e., feature
space). In the second step, RVM builds a classification model
in the feature space. Figure 1 displays the model construction
phase of RVM.

As mentioned earlier, the class label ci can have two
possible values: 0 for non-landslide occurrence and 1
for landslide occurrence. Accordingly, the conditional
distribution of landslide occurrence given a set of the
8 landslide conditioning factors is presented as follows:

P cijx;wð Þ ¼ σ yð Þ ð4Þ

whereσ(y)is a logistic sigmoid function ( 1
1þe−y ); P
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denotes the posterior probability given that x and w. y is
a sum of M basis functions with linear weights, as de-
scribed below:

y x;wð Þ ¼ ∑
M

m¼1
wmφm xð Þ þ wo ¼ w:φ ð5Þ

in which φis a radial basis function, in which the
Gaussian function is adopted as shown in Eq. (6):

φ xi; x j
� � ¼ exp

− xi−x j
�� ��2
2� r2

 !
ð6Þ

as seen, the hyper-parameter is denoted as r which rep-
resents the width of the RBF.

In the train stage using concepts of Bayesian theory, a prior
distribution with respect to the vector of model weights should
be provided. In addition, due to large values of w often lead to
over-fitting, a small vector of weights is often desired. A
smaller weights often result in a smooth classification bound-
ary and therefore, a better classification model with a high
generalization property can be expected (Bishop and
Tipping 2000; Tipping 2000). To do so, it is often to assign
a Gaussian distribution with zero-mean as shown in Eq. (7).

p wjαð Þ ¼ ∏
M

m¼1
N wmj0;α−1

m Þ� ð7Þ

whereαis a vector of independent hyper-parameters.
In addition, a different variance for the prior distribution of

weights can be assumed to obtain a better prediction (Tipping
2001). In light of this, the prior distribution (w) is described as
shown in Eq. (8) (Tipping 2001).

p wjαð Þ ¼ ∏
M

m¼1
N wmj0;α−1

m

� �

¼ 2πð Þ−M=2 ∏
M

m¼1
α1=2
m exp −

αmw2
m

2

� 	
ð8Þ

The most probable weight μ is found through maximizing
Eq. (9) (Hoang and Bui 2016; Tipping 2001) given that initial

values of the hyper-parameter α andp(w| C, α) ∝ P(C|
w)p(w|α).

log P Cjwð Þp wjαð Þf g

¼ ∑
N

i¼1
cilogyi þ 1−cið Þlog 1−yið Þ½ �−0:5wTAw ð9Þ

where A = diag(α1, α2,…, αM).
To deal with the aforementioned maximization problem,

the iteratively reweighted least squares algorithm and the
Laplace approximation procedure is utilized. The most prob-
able weight μ and its covariance Σ are computed in the fol-
lowing manners (Hoang and Bui 2016):

μ ¼ Σ:ϕT :B:C
Σ ¼ ϕT :B:ϕþ A


 �−1
 

ð10Þ

where B = diag(β1, β2,…, βN) with βi = σ{y(xi)}. [1
− σ{y(xi)}].

After the optimization problem is solved, Tipping
(2001) mentioned that one may find there are many
infinity among the vector α. As a result, the w having
a few non-zeros are defined as the relevant vectors.
When the training process terminates, the vector of
model weight w can be used to construct the RVM
classification model for inferring the posterior of the
class label ci of landslide occurrence status given the
information of conditioning factors. This process of the
RVM based prediction is illustrated in Fig. 2, in which
H stands for elevation difference, Eav is mean elevation,
S denotes slope steepness, RL stands for road ratio, DS
is dip slope ratio, LR is landslide ratio, and DF is dis-
tance to fault.

In addition, please note that in the training phase of RVM, a
suitable r is desire because the width of RBF has significant
influence on the smoothness of the classification boundary
and hence affects the predictive capability of the RVM model
(Hoang and Tien-Bui, 2016). Although several advance opti-
mization algorithms have been proposed, it is often to find that

Fig. 1 Conceptual illustration of
RVM learning process
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grid search is a very efficient method for parameter tuning and
therefore, is adopted here. The value of r is searched within
the range of [0, 1] with an interval of 0.1.

Comparison of SVM, LS-SVM, and RVM are summarized
in Table 1:

It is seen that all three models are kernel-based algorithm
and are able to perform the nonlinear classification for high
dimensional problem. The formulations of three approaches
are quadratic programming, system of linear equations and
nonlinear programming, respectively. Only RVM can provide
a probabilistic prediction with less hyper-parameter to be
tuned.

Analysis results and discussions

Background

The main stream of Kaoping River is Laonung River, which
has its sourced in the southern part of Xinyi Township in
Nantou County. It is originated from the east peak of
Yushan, running toward northeast and then turning southeast
at Patonkuan where it collects the branches from the

southwestern hills of Shiukuruan Mountain and the western
hills of Dashuiku Mountain and then turns to south-southwest
before entering the Kaohsiung City area. Here, it flows again
through Meishan, Taoyuan, Baolai, Liokuei and then turning
to south till to Dajing where it merges the Zuokou River from
east and then turning to the southwest until it reaches to
Likang and then merges Ailiau River from southeast and it
is named as Erchung River. After that, it keeps running to
Linkou for merging with Chishan River (Nantzeshien River)
from north and it is now called as Kaoping River finally. Here,
the main stream turns south and flows through Dashu,
Jiuchutan, Shanliau, Liyushan and then runs into the Taiwan
Strait at Dongshan.

Geographically, the Kaoping River basin is located at south
of North Tropic Cancer which is covered in the sub-tropic
zone. However, it presents violently different climate types
because of vertical topological terrain distributed from coastal
line to the mountains 3666m high above the sea level. For this
reason, the coastal plain and the medium altitude hills are
classified as tropical climate and the high mountain areas, as
temperate climate. In this pattern, the temperature gradually
diminishes from the southwest alluvial plain to the northeast
mountain areas in forming a vertical climate pattern. The

Fig. 2 The RVM-based Prediction of Landslide Posterior Probability

Table 1 Comparison of SVM, LS-SVM, and RVM

Kernel-
based

High-
dimension

Nonlinear classification Problem formulation Probabilistic Estimation No. of hyper-parameter

SVM Y Y Y Quadratic programming Y More

LSSVM Y Y Y System of linear equations N More

RVM Y Y Y Nonlinear programming N Less
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Kaoping River basin is located in the tropical zone where
distinctive line is defined between dry and humid seasons. In
this area, the yearly average rainfall is about 2920 mm along
the Kaoping river basin. The Majia area has the biggest yearly
average rainfall, exceeding 4000 mm. The southwest plain
area along the basin and the coastal area are lower in yearly
average rainfall, with about 2000 mm. The yearly rainfall of
the Kaoping River basin is mostly concentrated in high water
period from May to September, making up 90% of the total
yearly rainfall and it is mainly brought by the typhoon and the
storm from southwest air current.

The stratum and regional geological condition in the
Kaoping River basin area is roughly extending from north-
northeast towards the south-southwest. The main fault lines
are comprised of, from east to west, the following: Xiaotushan
Fault, Ailiaubei River Fault, Maolin Fault, Kuangshan Fault,
Kuaiku Fault, Weijingshi Fault, Meishi Fault, Shalixian River
Fault, Tulungwan Fault, Kaozhong Fault, Chaozhou Fault,
Liokuei Fault, Yuekuanshan Fault, Xiaolin Fault, Neiying
Fault, Chishan Fault, Pingxi Fault, Jiasian Fault, Dishui
Failt, and Fengshan Fault. Most of these faults are the reverse
faults running from east to west in a thrust manner. Based on
the Taiwan Active Fault Distribution Map announced by the
Central Geological Survey under Ministry of Economic
Affairs, it indicated that among the main faults in the
Kaoping River basin, Chishan Fault is classified as Type-1
active fault and Chaozhou Fault (as well as the Tulungwan
Fault spreading along the north area) is classified as Type-2
active fault.

Data preparation

Classification of sub-landslide area

In order to analyze the occurrence probability of landslides
at different locations in the study area, the study area was
classified by the small watershed method, assuming that
there is a negligible difference between the hydrological
and topographic features of each watershed. In this meth-
od, the 40-m elevation model of the hydrological module
software in the ArcMAP Geographic Information System
is based on calculating the flow direction and the size of
the catchment area for each grid. At the same time, the
basin tool is also used to analyze the ridgeline and water
system on the slope to classify small watersheds. Finally, a
manual modification is performed according to basic data
such as contour and catchment range. Shown in Fig. 3 is
the classification results for each small watershed in the
study area. In total, the study area is divided into 231 wa-
tershed areas, and the subsequent landslide probability as-
sessment model will be implemented based on the 231
small watershed areas.

Selection of representing Rainfall Station

After collecting rainfall data from the Kaoping River Basin,
the monitoring station needs to choose to represent the rainfall
station. According to the “geographic station”, “storm charac-
teristics” and “historic disaster frequency” observed by the
various meteorological stations of the Central Weather
Administration, Fan et al. (2013) suggested that Dajing,
Xinfa, Youyou County, Majia, Jiaxian and Yuemei rainfall
stations can be the representative stations in the study area.
Using the data obtained from the above-mentioned rainfall
stations, the distance between each small watershed and these
rainfall stations is calculated, and the rainfall station closest to
the catchment area where the small watershed is located is
selected as the reference rainfall station. Shown in Fig. 4 is
the distribution of reference rainfall stations for each small
watershed in the study area.

Classification of rain field

Fan et al. (2003) states that slopes in the mountains of Taiwan
are usually steep and the flow is very fast. The runoff after the

Kaoping River Basin

Slope-units

N

EW

E

0        20        40 Kilometers

Fig. 3 Small watershed classification for Kaoping River basin
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rain will soon flow into the downstream rivers. In their debris
flow warning system, in addition to considering the
contribution of previous rainfall, the initial amount of
current rainfall is also considered. They define a rain starting
time as the accumulated rainfall reached 10 mm within the
first 24 h, and define a rain ending time as the accumulated
rainfall within 24 h after the starting time is less than 10 mm.
Based on this method, Fan et al. (2013) classify the rain field
to effectively improve the accuracy of the mudslide slip warn-
ing methodology. This rain field classification method is
adopted in the current study.

The graphical data in the landslide image catalogue from
FORMOSAT-2 is analyzed using ArcMap 10.1, in which the
difference in landslide distribution before and after the ty-
phoon event is used to determine whether or not a landslide

is occurred. In order to reduce the influence of factors other
than the typhoon event between the two landslide graphic
data, the precipitation during the considered period should
be less than 200 mm, and earthquake magnitude should be
less than 3 at that same period. Based on the aforementioned
regulation, taking Typhoon Haitang in 2005, Typhoon Tower
in 2005, Typhoon Kaemi in 2006, Typhoon Morak in 2009
and Typhoon Namadu in 2011 into consideration, there are
1155 cases in total, in which 826 of them are categorized as
“occurrence of landslide”, and 329 of them are not.

Selection of the physiographic factors

Many physiographic factors have been suggested to have sig-
nificant influence on landslide occurrence (Chang 1987;

Kilometers

0        20   40

N

EW

S

Representative rainfall station

Kaoping River Basin

Slope units and their rainfall station

Dajin

Yuyoushan

Xinfa

Yuemei

Majia

Jiasian

Fig. 4 Distribution of referential
rainfall stations for each small
watershed in Kaoping River basin
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Pradhan and Lee 2010). The physiographic factors often con-
sidered are slope steepness, mean elevation, elevation differ-
ence, road ratio, dip slope ratio, landslide ratio and distance to
fault. Selecting suitable representing physiographic factors are
very important in the proposed approach, the factors
mentioned in literatures are first selected as potential factors,
followed by correlativity analysis using actual landslide
records collected in this study to finalize the representing
factors for the inputs of the proposed RVM. Fan et al.
(2015) investigated influences of two different inputs, the
original physiographic factors and their degrees of member-
ship from fuzzy theory, to the debris occurrence. They found
that the degree of membership will not only prevent the orig-
inal value from having excessive discretion but will also ef-
fectively reflect its influence to the occurrence of debris.

The effect of degree of membership on the proposed RVM
is therefore investigated in this study.

The statistics and histograms of the historical dataset are
described in Tables 2 and 3, and Figs. 5 and 6. It is seen that
although the ranges with and without landslide are similar, the
mean, standard deviation and median are apparently different
for most input factors, resulting to different histograms.

Results and discussions

In this research, the landslide occurrence is established ac-
cording to the data obtained from each small watershed and
rainfall station as the physiographic and hydrological factors
for machine learning. It is known that the approach ofmachine
learning often lacks the basics of mechanics, therefore, the
selection of input factors plays an important role. In light of
this, this study exclusively investigates the influence of phys-
iographic and hydrological factors on the landslide
occurrence.

As mentioned, 7 physiographic factors, that are often be-
lieved to have significant effect on landslide, are considered in
the current study. That is, these 7 factors are the input candi-
dates for the proposed RVM. Fan et al. (2018) stated that
among these 7 factors, mean elevation and elevation differ-
ence can be excluded after independent test. Road ratio and

distance to fault can be excluded after correlation test. That is,
after independent and correlation tests, only 3 physiographic
factors that are dip slope ratio, landslide ratio, and slope steep-
ness are remained as the machine learning inputs. Together
with the cumulative rainfall in each typhoon event (i.e., the
hydrological factor), the total input factors are 4 in their logis-
tic model (Fan et al. 2018). Based on Fan et al. (2018), the raw
data of physiographic and hydrological factors are converted
into the degree of membership using the following functions.

The degree of membership SN for the slope steepness factor
is given by

SN ¼ 0:00023� S2:283

1; if S≥39:23°

�
ð11Þ

where S means the slope steepness (°).
The degree of membership DSN for the dip slope ratio

factor is given by

DSN ¼ 1−exp −21:01� DSð Þ ð12Þ
where DS means the dip slope ratio.

The degree of membership LRN for the landslide ratio fac-
tor is given by

LRN ¼ 1−exp −36:4� LRð Þ ð13Þ
where LR means the landslide ratio.

The degree of membership RN for the cumulative rainfall
factor is given by

RN ¼ 0:0006� R− 8:9� 10−8
� �

R2 ð14Þ

where R is the cumulative rainfall (mm).
Based on the above discussion considering effects of input

factors and modelling, 8 different models are built/used to
examine their corresponding performances. To be specific,
these 8 models are described in Table 4.

The collected data consisting of 1155 historical cases are
divided into 2 sets: training set (90%) and testing set (10%).
The former set is employed for model construction. The later
set is reserved for evaluating the model testing. Moreover, to

Table 2 Statistics of the input factors (landslide occurred)

Input Factor (IF) Min Mean Std Median Max

H 0.000 7.889 1.722 15.255 110.256

Eav 0.000 0.033 0.014 0.048 0.241

S 0.531 26.450 30.965 10.996 40.158

RL 9.621 1208.492 1168.586 813.352 3206.798

DS 16.000 1251.372 1280.000 627.111 3919.000

LR 0.023 0.130 0.051 0.226 1.000

DF 0.000 0.024 0.004 0.052 0.730

R 159.5 1015 741 608 2965

Table 3 Statistics of the input factors (landslide not occurred)

Input Factor (IF) Min Mean Std Median Max

H 0.000 21.11 23.14 14.97 110.256

Eav 0.000 0.022 0.04 ~0 0.241

S 0.531 14.7 12.11 12.54 38.44

RL 9.621 607.98 827.57 195.25 3206.798

DS 16.000 653.17 561.78 542 2173

LR 0.023 0.24 0.32 0.08 1.000

DF 0.000 0.004 0.013 0.0 0.11

R 159.5 713.65 495.75 577.5 2158

Earth Sci Inform

Author's personal copy



avoid overfitting, a 10-fold cross-validation is utilized in this
study. The model performance is assessed according to the
sensitivity, specificity and overall accuracy of the confusion
matrix. Sensitivity, also called the true positive rate, measures
the proportion of actual positives that are correctly identified
by the estimation model. Specificity, also called the true neg-
ative rate, measures the proportion of actual negatives that are
correctly identified by the estimation model. To avoid
overfitting, 10-fold cross-validation is adopted.

The measurements of these 8 models are displayed in
Table 5. As shown, the performances of three different ma-
chine learning models are all better than that of the previous
study (i.e., logistic regression). As seen, the SVM enhances
the estimation accuracy from 81.3% to 82.44%. the LS-SVM
further increases the accuracy to 84.7%. The proposed RVM
with any kind of normalization is superior to those of the
logistic model, SVM and LS-SVM. As Table 5 indicates that
the overall accuracies of the RVM models are stably greater

Fig. 5 Histogram of the input
factors (landslide occurred)

Fig. 6 Histogram of the input
factors (landslide not occurred)
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than 87.50%. The poor performance of No. 2 model indicates
that normalization is necessary for estimating landslide. In
addition, the techniques of normalization do not have signifi-
cant impact on the estimation performance by comparing re-
sults between No. 1 and No.5 models, and between No.3 and
No.4 models. Reducing input factors from 8 to 4 is not nec-
essary to low the estimation accuracy, indicating that the in-
dependent and correlation analysis can be utilized to simplify
the machine learning network. As shown, the estimation per-
formances of No. 1, No.3, No.4 and No.5 models are all very
promising. However, it is observed that logistic regression
possesses the best estimation in specificity among all the in-
vestigated models. In addition, it is known that the accuracy/
sensitivity/specificity of a binary estimation model depends
on the values of threshold. In order to further compare these
models, the ROC (receiver operating characteristic curve) for
each model is displayed in Fig. 7, the corresponding AUC
(area under curve) is displayed in Table 5. Similarly, the per-
formances of models No.3 and No.4 are similar to those of
models using more input factors.

Conclusions

The mechanism of landslide occurrence is often too
complicated to estimate via a physical model. The

machine learning model provides an alternative way to
assess such task. In order to analyze the landslide oc-
currence at different locations, the Kaoping River Basin
is divided into 231 small watersheds that have minimal
variations in their hydrological and physiographic char-
acteristics. Hysterical records indicate that in these small
watershed area, there are 826 cases with slides and 329
cases without slides, which are used in the construction
of the assessment model via the proposed machine
learning algorithm. Together with the concept of small
watershed method, this study proposes a Relevance
Vector Machine (RVM) to enhance the prediction accu-
racy. Effect of physiographic and hydrological factors
such as slope steepness, dip slope ratio, and cumulative
rainfall are investigated. RVM first maps the aforemen-
tioned factors into a feature space and a Bayesian
theory-based optimization problem is formulated to find
the weights of a linear boundary for binary classifica-
tion. Results of the proposed approach are compared to
that of literature study, indicating the proposed RVM-
based small watershed approach is superior to the logis-
tic regression. Several important issues are observed and
they are described below.

1. According to correlation test, independent test and results
of models No. 1, No.3, No.4 and No.5, mean elevation,

Table 4 Different Models investigated in the current study

Model No. of input factor Normalization technique Machine learning

No. 1 8 Standardization RVM

No. 2 8 – RVM

No. 3 4 Standardization RVM

No. 4 4 Membership function RVM

No. 5 8 Membership/ Standardization RVM

No. 6 4 Standardization SVM

No. 7 4 Standardization LSSVM

No. 8* 4 Membership function Logistic

*Fan et al. (2018)

Table 5 Mean measurements* for different models in the testing stage

Model RVM SVM LS-
SVM

Logistic

No.1 No.2 No.3 No.4 No.5 No.6 No.7 No.8**

Accuracy 88.23% 28.44% 89.31% 87.58% 87.58% 82.44% 84.70% 81.3%

Sensitivity 95.43% 0.00% 95.42% 92.29% 95.66% 87.76% 95.32% 79.50%

Specificity 70.31% 100.00% 73.94% 75.76% 67.27% 70.12% 63.64% 81.8%

AUC 0.94 – 0.92 0.91 0.89 – – –

*mean of 10 runs, **Fan et al. (2018)
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elevation difference, road ratio and distance to fault only
have a moderate influence on the estimation of landslide
occurrence. That is, to simplify a machine learning net-
work, one can establish a learning machine only with
inputs of dip slope ratio, landslide ratio, slope steepness
and cumulative rainfall.

2. Techniques of normalization does not have significant
effect on the performance of the built RVM. Both stan-
dard normalization and degree of membership can deliver
a promising estimation.

3. Compared to the logistic regression model, the standard
SVM and LS-SVMhave better estimation accuracies. The
performance of the proposed RVM is able to continuously
improve the estimation accuracy and is a superior tool.

4. The relative large number of AUC are observed for all
RVM models, indicating that the proposed RVM models
can consistently provide a promising estimation.

5. The proposed method can provide authorities in their haz-
ard alert system to minimize the life or property losses
caused by the landslide if physiographic and hydrological
factors are given with a prescribed risk level.

6. It is worth of investigating other more sophisticated
metaheuristic methods for selecting the hyper-parameter
in establishing an RVM.
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