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Application of an Incomplete Landslide Inventory
and One Class Classifier to Earthquake-Induced

Landslide Susceptibility Mapping
Shuai Chen, Zelang Miao , Member, IEEE, Lixin Wu, and Yueguang He

Abstract—Rapid and effective evaluation of landslide suscepti-
bility after earthquakes is critical for various applications, such as
emergency rescue, land planning, and disaster prevention. Current
research suffers from the lack of a complete landslide inventory
and sample selection uncertainty issues. To solve these problems,
this study presents a landslide susceptibility mapping model that
integrates one-class support vector machine (OCSVM) and an
incomplete landslide inventory, which was established with the aid
of change detection from bi-temporal Landsat images. Wenchuan
County is selected as the study area to test the performance of
the proposed method. The proposed method is also compared with
standard two-class SVM that selects a sample randomly. Experi-
mental results show that OCSVM can achieve better performance
than SVM when only an incomplete landslide inventory is available.
The findings of this study can be applied to determine regional
landslide susceptibility after earthquakes and provide an essential
reference for emergency response.

Index Terms—Earthquake-induced landslide, incomplete
landslide inventory, landslide susceptibility, one-class support
vector machine, slope unit.

I. INTRODUCTION

ON May 12, 2008, a MS 8.0 earthquake occurred in
Wenchuan county, Sichuan province, which triggered a

large number of landslide, causing great economic losses and
casualties [1]. In the process of post-earthquake emergency
rescue, it is necessary to quickly locate the high-risk area of
seismic landslide, so as to provide a basis for seeking the best
rescue opportunity and optimizing emergency rescue deploy-
ment. Although remote sensing technology can quickly obtain
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post-earthquake high-resolution image and obtain the actual
landslide distribution, it is difficult for traditional technology to
identify potential susceptibility areas under earthquake distur-
bance. Therefore, timely evaluation of landslide susceptibility
after an earthquake is critical to various applications, such as
emergency rescue and disaster prevention [2].

Susceptibility models of seismic landslides can be divided
into two categories, namely, Newmark displacement and sta-
tistical analysis methods. The method of Newmark displace-
ment analysis combines the slope stability before an earth-
quake and seismic wave disturbances to evaluate landslide
susceptibility. This method has attracted considerable attention
from researchers due to its simple mechanical principle. For
example, the method has been applied to analyze the 1994
Mw6.7 Northridge earthquake [3], the 1997 Ml4.4 Umbria
Marche earthquake [4], the 1999 Ml = 7.3 Chi-Chi earth-
quake [5], [6], the 2008 Mw8.0 Wenchuan earthquake [7],
the 2013 Mw7.0 Lushan earthquake [8], [9], the 2015 Nepal
earthquake [10], the 2016 Kumamoto earthquake [11], and the
2017 Jiuzhaigou earthquake [12]. However, the prediction of
the Newmark model requires detailed and accurate geotechni-
cal parameters and ground motion parameters to calculate the
displacement of the slope, which is often difficult to obtain under
current technical conditions [13]. Therefore, landslide suscep-
tibility mapping based on the Newmark model alone is still
challenging.

The statistical analysis method uses landslide inventories to
establish a statistical model of a landslide and its influence
factors. Typical statistical models include an index of entropy
(IoE), analytic hierarchy process (AHP), weight of evidence
(WoE), artificial neural networks (ANN), support vector ma-
chine (SVM), logistic regression (LR), and random forest (RF).
For example, Yi et al. [14] used AHP to produce a landslide
susceptibility map of Jiuzhaigou in Sichuan Province, China.
Mondal and Mandal [15] utilized the IoE model to map the
landslide susceptibility zones of Darjeeling Himalaya, India.
Kayastha et al. [16] applied the WoE model to analyze landslide
susceptibility in Tinau Watershed, Nepal. Xu et al. [17] used
the LR model to obtain a landslide susceptibility map in China.
Shahri et al. [18] adopted and verified landslide susceptibility
results obtained using ANN, and GIS was applied to southwest
Sweden. The SVM model was also used to produce reliable
susceptibility maps in China [19] and Iran [20].
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With the widespread application of numerous models, model
performance has attracted increasing attention. For instance,
Kim et al. [21] used RF and boot tree (BT) to produce and
compare two landslide susceptibility maps in Korea; they found
that the BT model is better than the RF model. Pradhan [22]
compared the predictive ability of decision tree (DT), SVM,
and adaptive neuro-fuzzy inference system (ANFIS) in landslide
susceptibility mapping using GIS. The results showed that the
use of the three models in Malaysia is viable. Pham et al. [23]
compared and analyzed the performance of different models
(e.g., SVM, LR, BN, NB, and FLDA) in landslide susceptibil-
ity mapping and found that the SVM model exhibits the best
performance among all of the compared models. Meanwhile,
Hong et al. [24] used four different kernel functions in the
SVM model to predict the spatial distribution of landslides
triggered by the Yushu earthquake. Their results showed that
the RBF-SVM model has the highest overall performance. More
about statistical analysis method can reference to the review
article [2]. Different from the Newmark displacement analysis
method, the statistical analysis method does not require detailed
and accurate geotechnical parameters. The statistical model is
built based on the distribution information of real earthquake-
induced landslides, and the results are more objective by taking
the effect of complex geological environment impact factors into
comprehensive consideration.

Sample selection is necessary for building a statistical model
of landslide susceptibility. The following methods can be used
in the selection of a non-landslide sample: (1) random selection
in a landslide-free area [19], [23], [25], (2) random selection in
areas beyond the landslide buffer distance [17], and (3) random
selection in an extremely low susceptibility area by building an
initial susceptibility map [26]. These sample selection methods
assume that complete landslide inventories are available, that
is, the area outside the landslide is the landslide-free area.
Therefore, the statistical analysis method relies on the quality
of input landslide inventories, which greatly limits the practical
application of landslide susceptibility.

Landslide inventories are key to study the distribution of
landslides, to assess the main mechanisms of slope failure, and to
generate landslide hazard maps. With the development of remote
sensing, especially the availability of optical image, it is possible
to obtain complete landslide inventory after the earthquake.
For reliable landslide inventories, most existing studies still
exploit time-consuming and labor-intensive visual interpretation
in practical applications [1], [27], [28]. However, this approach
has difficulty in meeting rapid emergency needs. Compared with
visual interpretation, semi-automatic interpretation can realize
rapid landslide inventory mapping for a large area. Common
methods include change detection [29]–[31], pixel-based anal-
ysis [32] and object-based analysis [33], [34]. However, the
existing semi-automatic interpretation still have many short-
comings in practical applications, such as misclassification of
areas, over prediction of landslide areas, and difficult to separate
amalgamated landslide zones. On the other hand, as the main
data source of landslide inventory mapping, the quality of optical
image is also an important factor. For earthquake events, the
earthquake is often accompanied by severe weather conditions,

Fig. 1. Geographical location of the study area.

post-earthquake areas are covered by clouds; it is difficult to
obtain cloud-free images. For earthquake events, earthquakes are
often accompanied by severe weather conditions, and the area
after the earthquake is covered by clouds, making it difficult to
obtain cloud-free images, which also affects the complete of the
landslide inventories. Therefore, how to carry out landslide sus-
ceptibility evaluation based on an incomplete landslide inven-
tories and provide data support for post-earthquake emergency
rescue work.

In response to these problems, this study used an incomplete
landslide inventory to build a landslide susceptibility model
on the basis of one-class SVM (OCSVM). Different from the
traditional statistical model, OCSVM only needs single-type
sample data, which can better deal with the uncertainty of the
traditional statistical model on the selection of non-landslide
samples and reduce the dependence on the complete landslide
inventories. Wenchuan County, which was struck severely by an
earthquake in 2008, was used as the study area. The reliability of
the model was verified and analyzed through complete landslide
inventories and new landslide events. This work can provide
a reference for post-earthquake emergency rescue, land use
planning, and disaster prevention.

II. STUDY AREA AND DATA SOURCES

A. Study Area

The study area, which is located in Wenchuan County of
Sichuan Province, was severely affected by the Wenchuan earth-
quake last May 12, 2008. The area is dominated by high moun-
tainous terrain with significant fluctuation, and it has a relative
elevation of 782−5896 m. Affected by complex geological
and topographical conditions, the 5.12 Wenchuan earthquake
triggered numerous landslides and caused substantial property
losses and casualties in the disaster area. Fig. 1 presents the
geographical location of the study area.

B. Data Sources

The data sources used in this work included six parts. (1) The
initial landslide inventory was obtained quickly by using the
change detection (CD) of pre- and post-earthquake Landsat-7
ETM+ (Imaging dates: April 22, 2008 and May 25, 2008).
Influenced by climate, technology, and other factors, the ini-
tial landslide inventory was defined as an incomplete landslide
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Fig. 2. Flowchart of the landslide susceptibility map based on OCSVM.

inventory and mainly used to build the model of landslide sus-
ceptibility. (2) The complete landslide inventory was acquired
from Xu et al. [1]; it was obtained via visual interpretation and
field investigation using pre- and post-earthquake multi-source
high-resolution remote sensing images (e.g., CBERS-02B, IRS-
P5, ASTER, ALOS, SPOT 5, IKONOS, and QuickBird). This
inventory was used to verify the results of landslide susceptibil-
ity. (3) A DEM with a spatial resolution of 30× 30 m was derived
from the data of Advanced Spaceborne Thermal Emission and
Reflection Radiometer Global Digital Elevation Model1 and
mainly used to obtain the slope, aspect, elevation, and other
landslide influence factors. (4) A geological map of the study
area was obtained from the Geological Bureau of China. (5) A
seismic intensity map of the study area was acquired from the
China Seismological Bureau2 and mainly used to obtain seismic
influence factors. (6) Other data (e.g., land use, landform, and
soil) were obtained from the Resource and Environment Science
Data Center of the Chinese Academy of Sciences3 and used to
collect other landslide influence factors.

III. METHODOLOGY

Remote sensing images have been widely used in seismic
disaster extraction because of their broad coverage and conve-
nient data acquisition. However, due to the influence of cloud
and fog, obtaining a complete seismic landslide distribution
after an earthquake is difficult. On the basis of remote sensing
images, we can rapidly obtain an incomplete landslide inventory,
construct a landslide susceptibility model, and determine the
regional distribution of landslide susceptibility. The flowchart
of the proposed method is shown in Fig. 2.

A. Acquisition of an Incomplete Landslide Inventory

A complete landslide inventory provides primary data for
the evaluation of regional landslide susceptibility. Visual inter-
pretation is the main method for the acquisition of a landslide
inventory, and a considerable amount of time and manpower are

1Online. [Available]: https://gdex.cr.usgs.gov/gdex/
2Online. [Available]: https://www.cea.gov.cn/
3Online. [Available]: http://www.resdc.cn/Default.aspx

Fig. 3. Pre- and post-earthquake NDVI distribution.

needed in a large area. However, this approach has difficulty in
meeting rapid emergency needs. Compared with visual interpre-
tation, semi-automatic extraction technology, especially change
detection, can quickly obtain landslide inventories through re-
mote sensing images pre- and post-earthquake [29], [30], [35].
However, due to uncertain factors, such as cloud, fog, and
terrain effects, it is difficult to obtain detailed complete landslide
inventory.

A landslide destroys vegetation on the ground during forma-
tion and sliding, resulting in low or no vegetation coverage. The
near-infrared (NIR) band has strong reflection characteristics in
a vegetation coverage area, and the visible light band has strong
absorption characteristics. A vegetation index for a quantitative
analysis of vegetation coverage can be constructed through
the spectral differences between visible and NIR regions of
vegetation. NDVI is sensitive to the change of surface vegetation
and has been widely used in landslide extraction [36], [37].
Therefore, in this study, the change detection based on NDVI
was used to product landslide inventory.

For change detection, image preprocessing is an essential
preparation. It mainly includes image correction, radiation cor-
rection, atmospheric correction, and cloud mask processing.
Then, pre- and post-earthquake NDVIs were constructed using
Eq. (1), as shown in Fig. 3, by using NIR and red band (R)
spectral information. This figure indicates that the NDVI of
the landslide after the earthquake was lower than that before
the earthquake; this information can be used to identify the
landslide.

NDVI =
(NIR −R)

(NIR +R)
. (1)

To extract change information, the Change Index (CI) be-
fore and after the earthquake is obtained by using the image
difference base on NDVI. More specifically, the value of the
CI for a specific pixel is defined as CI(i, j) = NDVI(i, j)pre −
NDVI(i, j)post, in which NDVI(i, j)pre, and NDVI(i, j)post are
pixel values obtained before and after earthquake, respectively.
Usually, for the landslide area, the post-earthquake vegetation

https://gdex.cr.usgs.gov/gdex/
https://www.cea.gov.cn/
http://www.resdc.cn/Default.aspx
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Fig. 4. Incomplete landslide inventory in Wenchuan County extracted by
change detection.

is significantly less than that before the earthquake, showing
a significant negative value on the CI, while the CI of other
areas should be close to 0. Therefore, to extract the landslide
area, the CI of each pixel is compared with a given threshold
value. If the threshold value is less than or equal to the threshold
value, it is labeled as landslide; Otherwise, it is marked as a
background pixel. Specifically, the threshold can be obtained by
comparing multiple groups of experiments. The threshold was
set to −0.27 in this experiment. Finally, the results were post-
processed as necessary, including morphological operations and
manual removal of misclassification.

The landslides extracted by change detection are shown in
Fig. 4. It can be seen that the change detection method can
identify most large and medium-sized landslides, but there are
obvious omissions in small landslides and cloud-covered areas.
At the same time, affected by the image resolution, it is difficult
to separate amalgamated landslide zones. By comparing the
actual landslide distribution, it can be found that the landslide
area extracted by change detection is 169.06 km2, far less than
the actual landslide area of 359.22 km2, only 47% of the actual
landslide area is extracted. Therefore, the landslide inventories
are incomplete.

B. Mapping Unit and Landslide Influence Factors

1) Mapping Unit: The mapping unit is a critical foundation
of a landslide susceptibility model [2]. Existing research is
mainly based on the grid unit, which is a regular independent
mapping unit that is easy to realize and simple to calculate
and has been widely used in the evaluation of landslide sus-
ceptibility [9], [18], [38]. However, the grid unit has difficulty
expressing complex geological environment information, which
entails many problems, such as large amounts of data and long
calculation time [39]. Unlike the grid unit, slope units (SUs)
correspond to geomorphic units and are bounded by drainage

Fig. 5. SU of the study area.

and boundary lines; they can effectively reflect geomorphic and
topographic information. A landslide is a geological disaster
phenomenon developed on a slope. Therefore, research on land-
slide susceptibility based on SU can reliably reflect the degree
of landslide susceptibility in disaster areas. In ArcGIS platform,
SUs are extracted by DEM. A SU can be considered either as part
of a slope or as half of a drainage basin, which can be divided into
two SUs based on a ridgeline and a valley line. The flowchart
of SU extraction is shown in Fig. 2. For the selection of flow
threshold, the optimal parameters were determined according to
the artificial multi-group experiment. In this experiment, 5000
was uniformly used as the flow threshold. Further details about
the SU obtained can be found in the work of [36]. The study
area was divided into 1351 SUs, as shown in Fig. 5.

2) Landslide Influence Factors: Seismic landslides are
formed under the comprehensive action of various influence fac-
tors under complex geological conditions. Reasonable selection
of influence factors is an essential prerequisite for the evalua-
tion of landslide susceptibility [40]. Landslide influence factors
can be typically divided into controlling and inducing factors.
Controlling factors, such as geological sites and landforms, are
static and essential in the original stability of the earthquake
area. Inducing factors, such as heavy rainfall, earthquake, and
human engineering activities, are dynamic and can promote or
inhibit the occurrence of landslides. The formation of seismic
landslides involves the comprehensive influence of controlling
and inducing factors. Therefore, controlling factors, such as to-
pography, geology, and hydrology, and inducing factors related
to the earthquake were selected as the influence factors of the
landslide in this study.

1) Seismic intensity refers to the ground shaking caused by
an earthquake and the intensity of its impact is generally
used to describe the damage caused by earthquakes in
different regions. Seismic intensity is the main induc-
ing factor of seismic landslides. Previous studies have
shown that landslides are likely to occur in areas with
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TABLE I
INFLUENCE FACTORS OF THE SEISMIC LANDSLIDE

high seismic intensity [41]. According to the seismic
intensity provided by Sichuan Seismological Bureau, the
study area contains four seismic intensity zones [Table I,
Fig. 6(a)]. The main seismic intensity level of each SU was
adopted as the corresponding seismic intensity attribute of
the SU.

2) A river is a crucial factor that affects the occurrence of
landslides. Erosion and cutting of rivers can weaken the
stability of slopes [17]. In accordance with the river distri-
bution of the study area, the buffer zone was established
based on a distance of 0.5 km, and the study area was
divided into 11 categories [Table I, Fig. 6(b)]. The value
closest to the river in each SU was assigned the SU river
attribute.

3) Elevation is closely related to the development and dis-
tribution of landslides. Elevation controls surface water
runoff and affects seismic disturbance. In accordance with
the DEM of the study area, elevation was divided based on
a height difference of 0.5 km. The study area was divided
into 10 categories [Table I, Fig. 6(c)]. The main elevation
level in an SU was set as the elevation attribute of the SU.

4) Slope is crucial in the occurrence of landslides. The key
to the formation of landslides lies in whether the slope has
a valid free surface. The stress concentration under the
action of an earthquake is likely to cause a landslide in
an area with a steep slope. For the study area, DEM was
used to obtain the slope distribution, and the slope was
discretized based on a 10◦ interval, which was divided
into eight categories [Table I, Fig. 6(d)]. The main slope
grade in each SU was taken as the slope attribute of the
SU.

5) Aspect is defined as the projection direction of the slope
normal to the horizontal plane. Clear differences exist in
the distribution of seismic landslides in a different aspect
due to the influence of solar radiation and earthquake
disturbance. In accordance with the value range of the
aspect, the study area was divided into nine grades [Table I,
Fig. 6(e)] with 45◦ as a zone. The main aspect information
in each SU was taken as the aspect attribute of the SU.

6) Lithology is an essential component of a slope. Rock
type determines the weathering strength and mechanical
properties of rock and soil mass. Different lithologies are
affected by seismic disturbance differently. According to
the geological map, the study area contains 10 kinds of

TABLE II
CORRELATION COEFFICIENT BETWEEN INFLUENCE FACTORS

1F1−F9 represent elevation, soil, slope, distance to the river, lithology, land use, seismic
intensity, landform, and aspect, respectively.

lithology [Table I, Fig. 6(f)]. The main lithology in each
SU was taken as the lithology attribute of the SU.

7) Soil is a critical component of a slope. According to the
distribution of soil types provided by the data center of the
Chinese Academy of Sciences, five soil types are mainly
distributed in the study area [Table I, Fig. 6(g)]. The main
soil types in each SU were taken as the soil attribute of the
SU.

8) Landform can be divided into different types according
to the differences in geomorphic genesis and morphology.
According to the landform distribution provided by the
data center of the Chinese Academy of Sciences, seven
landforms are mainly distributed in the study area [Table I,
Fig. 6(h)]. The main landform in each SU was regarded
as the landform attribute of the SU.

9) Land use is a land attribute with different purposes and
characteristics formed in the process of human activities.
According to the land use distribution provided by the data
center of the Chinese Academy of Sciences, the study area
mainly includes five land-use types [Table I, Fig. 6(i)]. The
main land use types in each SU were used as the land use
attribute of the SU.

3) Independence Analysis of Influence Factors: To ensure
the independence of the influence factors, this study conducted
a multicollinearity analysis of the nine influence factors and
calculated the correlation coefficient between the factors. The
results are listed in Table II. The absolute value of the correlation
coefficient reflects the correlation between factors. A strong
correlation between factors exists when the value is greater than
0.5. As shown in Table II, the absolute value of the correlation
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Fig. 6. Influence factor maps of the seismic landslide.
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Fig. 7. Landslide susceptibility maps using SVM and the OCSVM model in Wenchuan: SVM model based on the (a) first, (b) second, and (c) third sample
selection methods, (d) OCSVM model based on a single-class sample, and (e) actual landslide distribution.

among elevation, river, and landform was greater than 0.5 (0.66,
0.79, and 0.65, respectively). Hence, a strong correlation exists
among the three influence factors. Compared with elevation and
landform, river had a more obvious promoting effect on the
landslide [17]. Therefore, the elevation and landform factors
were removed in this study to ensure relative independence
between the selected influence factors. In the end, seven factors
(earthquake intensity, distance to the river, slope, aspect, lithol-
ogy, soil, and land use) were adopted as the influence factors of
the landslide susceptibility model.

C. One Class Classifier

In this study, OCSVM was used as a mathematical model for
evaluating the susceptibility of seismic landslides. The model
maps the sample from low- to high-dimension space by using
the kernel function and finds the optimal hyperplane between the
sample and origin in the high-dimension space [42]. For exam-
ple, the distance from the sample to the hyperplane represents
the similarity of the sample belonging to a certain category. The
decision function of the OCSVM model can be expressed as
follows:

f(x) = sign ((ω.Φ(x))− ρ) (2)

where Φ(·) represents the sample feature space, ω and ρ denote
the weight of the support vector and bias, respectively. The deci-
sion function can be transformed into a quadratic programming
equation as follows:

min
1

2
‖ω‖2 + 1

vN

N∑

i=1

ξi − ρ

s.t. (ω.Φ (xi)) � ρ− ξi ξi � 0 (3)

where ξi is the slack variable and v ∈ (0, 1) is used to control
the proportion of the support vector in the training samples. By
introducing the kernel function, this problem can be transformed
into a dual form as follows:

min
a

1

2

N∑

i=1

N∑

j=1

aiajk (xi, xj)

s.t. 0 � ai �
1

vN

N∑

i=1

ai = 1 (4)

where k(·) represents the kernel function, ρ =∑N
i=1 aiK(xi, xj) denotes the bias, and ω refers to the

weight of the support vector. In this study, the OCSVM model
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TABLE III
PERCENTAGE DISTRIBUTION OF SEISMIC LANDSLIDES IN THE LANDSLIDE SUSCEPTIBILITY MAP

TABLE IV
DISTRIBUTION STATISTICS OF NEW LANDSLIDE EVENTS IN LANDSLIDE SUSCEPTIBILITY

was established using the LIBSVM package [43] by collecting
landslide samples and related landslide influence factors.

IV. EXPERIMENTAL RESULTS

According to the incomplete landslide inventory obtained for
the study area, the Wenchuan earthquake triggered a 170.49 km2

seismic landslide in the scope of 4138 km2. The proportion of
the landslide was approximately 4.1%. Unlike other landslides,
the seismic landslide was affected by ground motion, resulting in
a seismic landslide characterized by long-distance ejection [44];
hence, the influence scope of the landslide was not limited to a
single SU [45]. To ensure the reliability of the selected sample
data, the slope with a proportion of more than 4.1 landslides in
the SU was regarded as unstable. Through calculation, the study
area was found to contain 348 unstable SUs, which were used
as the primary data source of the landslide susceptibility model
for analyzing landslide susceptibility.

A. Landslide Susceptibility Model Based on SVM

Compared with the traditional machine learning method,
SVM has better generalization ability with the principle of
structural risk minimization and is widely used in the analysis

of landslide susceptibility. Therefore, SVM, which needs to
select two kinds of samples (stable and unstable slopes), was
used for a comparative analysis to evaluate the reliability of
the OCSVM model. This study selected the Gaussian kernel
for SVM and OCSVM [19], and the most suitable parameters
were determined via fourfold cross-validation. Further details
on OCSVM and SVM can be found in the work of Chang and
Lin [43]. To compare and analyze the influence of stable sample
selection on the results of landslide susceptibility, three methods
of stability sample selection were designed in this study. (1)
Stable samples were selected in the landslide-free area of the
complete landslide inventory. (2) Stable samples were selected
in the omitting area of the incomplete landslide inventory. (3)
Stable samples were selected randomly in the landslide-free
area of the incomplete landslide inventory. To reflect landslide
susceptibility directly, natural break classification, which is a
statistical method that classifies and classifies classes according
to the statistical distribution of values, was applied to divide the
study area into five categories: extremely high, high, moderate,
low and extremely low. The results are shown in Fig. 7(a)–(c).
These figures show the obvious differences in landslide suscep-
tibility among the three maps, indicating that stability sample
selection had a significant impact on the results of SVM landslide
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Fig. 8. Distribution of landslide susceptibility and new landslide events. (a) SVM model based on the third sample selection method. (b) OCSVM model based
on a single-class sample.

susceptibility. Fig. 7(a) shows the distribution of risk areas
(extremely high, high, and moderate) along the river, including
the towns of Ginkgo, Yingxiu, Mianfan, and Weizhou, whereas
the non-risk areas (low and extremely low), such as the towns of
Gengda and Wolong, are mainly distributed in the southwest of
Wenchuan County. This result is consistent with the distribution
of landslides induced by the Wenchuan earthquake. Fig. 7(b)
shows that Gengda and Wolong were classified as risk areas
although these towns are minimally distributed with seismic
landslides because the risk is overestimated due to the selection
of stable samples in the area of omission. Fig. 7(c) shows that
towns, such as Keku and Longxi, were classified as non-risk
areas in the evaluation model, as a result that is different from
the actual distribution of seismic landslides. In the other areas,
the results of landslide susceptibility zoning were consistent with
the distribution of seismic landslides.

B. Landslide Susceptibility Model Based on OCSVM

The OCSVM model only needs a single class of sample data.
On the basis of the incomplete landslide inventory for the study
area, a sample set was established to train the OCSVM model and
obtain landslide susceptibility. Then, the study area was divided
into five categories (extremely high, high, moderate, low, and
extremely low) by using the natural break classification scheme.
The results are illustrated in Fig. 7(d). The risk areas in the study
area mainly included the towns of Ginkgo, Yingxiu, Mian’an,
Yanmen, and Weizhou, and the non-risk areas mainly included

Shuimo and Xuankou. These findings are consistent with the
actual distribution of seismic landslides.

C. Model Evaluation

The reliability of landslide susceptibility mapping was ana-
lyzed and verified using the complete landslide inventory and
new landslide events in the study area.

In the model evaluation, the risk areas (extremely high, high,
and moderate) in the landslide susceptibility mapping were
regarded as landslide areas, and the rest (i.e., low and extremely
low) were considered landslide-free areas. Therefore, more ac-
tual landslides were located in the risk areas than in the non-risk
ones, indicating a higher prediction ability for the former. In
this study, the exact seismic landslide location was determined
by the complete landslide inventory. For the SVM model, a
landslide susceptibility map was obtained via the three methods
of landslide-free sample selection, and the actual landslide areas
in each zone were counted. The statistical results are presented
in Table III. In the first case, the model was constructed based on
the complete landslide inventory. The accuracy of the model was
high, and the proportion of actual landslides that developed in the
risk area was 94%. In the second case, because the landslide-free
samples were in the omission area of the incomplete landslide
inventory, the model was constructed in the worst case. The
accuracy of the model was low, and only 80% of the actual
landslides were developed in the risk area. In the third case, the
research focus of this study is based on the incomplete landslide



1658 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 13, 2020

inventory. The accuracy of the model was between that in the
first and second cases, and the actual landslides that developed
in the risk area accounted for 87%.

Different from the SVM model, the OCSVM model only
needs a single class of sample data and is thus unaffected by
the selection of landslide-free samples. Therefore, this study
used the incomplete landslide inventory to build landslide sus-
ceptibility mapping on the basis of the OCSVM model and
counted the actual landslides in each zone. The results (Table III)
showed that the real landslides that developed in the risk area
accounted for 89%, which is at a high level. In conclusion, in
the case of complete landslide inventory in the study area, the
result of the SVM model is better than that of the OCSVM
model, which is consistent with existing research. When a
complete landslide inventory is difficult to obtain quickly, the
OCSVM model only needs a single kind of sample data to
achieve reliable landslide susceptibility mapping, which is help-
ful in providing a basis for emergency rescue work after an
earthquake.

Landslide susceptibility is mainly used to evaluate the possi-
bility of subsequent landslides. Therefore, new landslide events
are also a valuable reference for verifying the assessment results
of landslide susceptibility. Hence, six new landslide events that
occurred after the Wenchuan earthquake were identified by
searching for new landslides on the Internet. The locations of
these landslides were determined by conducting a historical
Google search of remote sensing images, as shown in Table IV.
In accordance with this point of view, the SVM model con-
structed by the standard random sample selection method (the
third sample selection method) and the OCSVM model built by
a single class of samples were selected, and an overlay analysis
with the new landslide event locations was conducted. The
results are shown in Fig. 8(a) and (b). The statistics on landslide
susceptibility corresponding to the new landslide events and
analysis of the reliability of the landslide susceptibility results
are presented in Table IV. For the OCSVM model, new landslide
events occurred in the risk areas (extremely high, high, and
moderate), whereas for the SVM model, two landslide events
occurred in the non-risk areas (low and extremely low). The
analysis of the distribution of new landslide events indicated
that the landslide susceptibility obtained by the OCSVM model
is more consistent with the actual situation, and the results are
more reliable than those of SVM.

V. CONCLUSION

This study analyzed the applicability of the OCSVM model
in landslide susceptibility under the condition of incomplete
landslide inventory. SU was used as the mapping unit, and seven
influence factors (slope, aspect, lithology, distance from the
river, soil type, seismic intensity, and land use) were selected
for the construction of the OCSVM model for the analysis of
landslide susceptibility in Wenchuan County. Compared with
the traditional SVM model, OCSVM only needs a single kind
of sample data. It has minimal dependence on the complete
landslide inventory and exerts little influence on landslide-free
sample selection. OCSVM showed the advantages of stable

precision and reliable prediction results. In conclusion, under the
condition that obtaining a complete landslide inventory after an
earthquake is difficult, the proposed method can quickly obtain
a landslide susceptibility map and provide essential guidance for
emergency response, rescue, and subsequent land use planning
after earthquakes. The influence of the incomplete level on
landslide mapping accuracies of different methods would be an
interesting research direction in future work.
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