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Landslides are one of the nature hazards causing a lot of casualties and property losses in the world. Over the last decades, many
researchers have made contributions in landslide susceptibility maps using qualitative and quantitative methods. Parameters of
DEM, geology, etc. are selected to analyze the mechanism of landslides.(e quality of data is essential in the landslide studies, and
more credible results can be obtained if the data is adequate and accurate from the wide range of parameters.(e aim of this study
is to evaluate the landslide susceptibility of Huangyuan County of Qinghai. (rough field investigations, 100 landslide disaster
locations in the study area were selected, and 11 influencing factors including elevation, slope, aspect, plane curvature, profile
curvature, road distance, river distance, fault distance, stratum rock property, vegetation coverage index, and terrain humidity
index were selected as the influencing factors of landslide disaster based on GIS. In this paper, the information method (IM)
model, frequency ratio (FR) model, and artificial neural network (ANN) model are used to evaluate the susceptibility of geological
hazards, and the receiver operating characteristic (ROC) curve of disaster points at different levels is used to test the evaluation
accuracy of three models. (e results show that factors that have great influence on landslides are associated with witness, and the
terrain humidity index has the highest weight in the occurrences of landslide. (e values of AUC indicate that the ANN model is
the best evaluation model suitable for the study area and can be extremely useful for landslide hazard mitigation strategies. Based
on the calculation of ANN model, three valley areas are determined with high landslide susceptibility, and necessary rein-
forcement measures should be taken.

1. Introduction

Landslide is a kind of natural hazard in the mountainous
regions, threatening human life and property [1–4]. Over the
past decades, the huge catastrophe ability of landslides
attracted many researchers to devote themselves to assessing
landslide susceptibilities [5–7]. From 2014 to 2020, 47614
geological disasters occurred in China, including 33659
landslides, accounting for 68.27% of the total number of
disasters. In the Qinghai region, large loess areas existed,
where there are mountainous topographical features and
have a high incidence of severe landslides.

(e occurrences of landslides are extremely complicated
and affected by many factors such as geologic structure,
lithological association, topography, rainfall, earthquake,
and human activity [8–12]. Based on these factors, various
assessing methods have been proposed to analyze the
landslide susceptibility, which can be divided into two
categories: qualitative analysis and quantitative analysis
[13–18]. (e qualitative method mainly relies on the judg-
ment of experts, which is can be seen as a kind of subjective
method [19–24]. In the process of qualitative analysis, the
spatial distribution of unstable slopes is based on experts’
understanding of the relationship between the occurrence of
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landslides and the assumed antecedent factors, directly
determined by the existing landslides or potentially unstable
areas. Quantitative analysis, an objective evaluation, is a kind
of numerical estimation, such as calculating the probability
of landslides. (is analysis method is to estimate the po-
tentially unstable area by using the inducing factors related
to landslide occurrence.

(e quantitative methods mainly include deterministic
and statistical ones [25]. A deterministic method is a
mathematical model based on the physical and mechanical
mechanism to control the slope failure. (e most common
method is to combine various hydrological models and slope
stability evaluation methods to obtain the safety factor of
corresponding units. It has the highest accuracy in these
models. On the other hand, a statistical model is to analyze
the relationship between the landslide catalogue map and
factors affecting landslide occurrence and then get the spatial
possibility of landslide occurrence, which belongs to the
indirect quantitative evaluation method. (is method is
more practical for landslide evaluation at the mesoscale and
is the most widely used method in landslide sensitivity
evaluation at present. Each evaluation model has been
proved to have different advantages and disadvantages, some
of which may be more suitable for solving specific problems
in specific areas or implementing specific projects [2].

Although a large number of models and methods have
been proposed to produce landslide susceptibility maps
(LSM) using geographic information systems (GIS) [13–17],
a consensus has not been established regarding which
methods are the most suitable, because qualitative tech-
niques can be limited by unconsidered phenomena or in-
complete knowledge that the expert decisions are based
upon. On the other hand, quantitative methods suffer from
inaccurate or low-precision data. Until July 2012, 171 geo-
logical disaster points have been investigated. Among them,
landslide and debris flow account for 81% [26]. (e disasters
damaged 20 housed, killed 54 people, and injured thousands
of people. Economic losses caused by these events are es-
timated to be around 70 million RMB (about 10 million U.S.
dollars).(erefore, it is necessary to assess and manage areas
that are susceptible to landslides and to mitigate any risk
associated with them.

Our study aims to find a more suitable landslide sus-
ceptibility model for Huangyuan City, Qinghai Province,
China. Firstly, a total of 100 landslides were mapped in the
study area based on a geological hazard survey (1 : 50,000) of
the Qinghai region. (en, according to the geological data,
field survey, and landslide information, eleven influencing
factors, namely, elevation, slope, aspect, plane curvature,
profile curvature, road distance, river distance, fault dis-
tance, stratum rock property, vegetation coverage index, and
terrain humidity index, were selected for landslide suscep-
tibility mapping.(en, the information method (IM) model,
frequency ratio (FR) model, and artificial neural network
(ANN) model were adopted to establish landslide suscep-
tibility models. Finally, the receiver operating characteristic
(ROC) curve was used to validate and compare the pre-
diction abilities of the landslide susceptibility models and
select the optimal one. (e results of this study can be

extremely useful for landslide hazard mitigation strategies in
the Qinghai region.

2. Study Area

(e study area is located in the southeast of Qinghai
Province, which is the transition zone between the first and
second terrain steps in China (Figure 1), and also the
marginal zone of the uplift of the Qinghai Tibet Plateau. (e
unique geographical location creates unique geological
environment conditions, which provides a good disaster
pregnant environment for the development of landslide
disasters in the study area. (e whole study area covers an
area of 1545 km2, with an altitude of 2470m–4484m, the
maximum vertical elevation difference of 2014m, and the
terrain inclines from north, West, and south to East.
According to the geomorphic types, the aiming area can be
divided into four units: tectonic erosion high mountain area,
tectonic erosion middle mountain area, tectonic erosion low
mountain and hilly area, and valley belt plain area. (ere are
86 large and small rivers, which belong to the Yellow River
system.

(e exposed pre-Quaternary strata are Proterozoic,
Triassic, Cretaceous, and Paleogene. Tectonically, the study
area is located in the first-order tectonics of the Qilian
geosynclinal fold system, crossing two second-order tectonic
belts of the middle Qilian geosyncline and South Qilian
geosyncline.(e fault structures are developed, and the folds
are mostly in the form of compound structures. (e tectonic
movements of each stage are reflected in varying degrees.
(e main faults are distributed along the NW, NW, nearly
EW, NE. (e tectonic line is NWW. Affected by various
external forces, geological disasters easily occur, which is one
of the most developed areas in Huangshui River Basin. (e
climate of the study area belongs to continental semiarid
climate, the rainfall is concentrated in May to September
every year, and the average annual precipitation is about
405.5mm. According to statistics, many fatal landslides
occurred in this period.

Data of this study includes 100 landslide collapse points,
which are provided by Qinghai geological environment
monitoring station. (rough field investigation, this study
makes an in-depth study on the landslide. (e study shows
that almost all landslides and most soil collapses occur in the
loess layer, and the bedrock is the basement stratum of the
whole area, which constitutes the sliding bed of the Loess
bedrock interface landslide.(e losses slopes are a main type
in the study, as shown in Figure 2.

3. Methodology

Figure 3 shows the main steps of this study: (a) data
preparation, (b) landslide susceptibility modeling, and (c)
validation and selection of the optimal models.

4. Data Preparation

4.1. Landslide Inventory Mapping. (e information of the
existing landslide distribution is essential for the
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Figure 1: Geographical location map of the study area.
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Figure 2: Examples of landslides in the study area.
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identification of likelihood of landslides [27]. In this study,
landslide locations were determined from the analysis of
Google Earth images, the historical records of which are the
landslide inventory maps of the Department of Natural
Resources of Qinghai Province, and from field investigation
(Table 1).(e total landslides mapped are 100, which are
translated to 572 pixels of 50-meter landslide cell size. (e
landslide inventories were divided into training data (80% of
total landslide cases, 456 pixels) and validation data (20% of
total landslide cases, 116 pixels).

4.2. Influencing Factors. (e occurrences of landslide are
comprehensive effects of influencing factors. (rough the
analysis of literature and data, combined with field inves-
tigation, this paper selects 11 landslide-prone factors for
modeling, which are elevation, slope angle, slope aspect,
plane curvature, profile curvature, distance to road, distance
to river, distance to fault, stratum lithology, vegetation
coverage index, and terrain humidity index, as shown in
Figure 4. Elevation has connection with landslide occurrence
[29], especially in plateau area. Slope angle can affect the
slope stability, and the slope aspect controls the hours of
sunshine and the effects of rainfall, moisture, and wind
conditions over the study area [30]. Plane curvature and
profile curvature are morphological factors, which control
the water flow on Earth surface affecting landslide occur-
rences [31]. (e traffic and road construction can produce
vibration, which is an inducement of landslide, so the dis-
tance to road is also an important influencing factor [29].
(e erosion by the river to the bank can reduce the strength
of the soil and make the slope less stable, which is a positive
correlation with the distance to river [30]. (e existence of
fault makes the rock fragmented and increase the probability
of slope instability [30, 32]. Stratum lithology is the material

basis of landslides, which is also an influencing factor of
slope stability [32]. Vegetation coverage index and terrain
humidity index are important environmental factors and are
associated with the structure of soil, which are frequently
used in mapping the landslide susceptibility [30]. (e Jenks
natural breaks method is a one-dimensional clustering al-
gorithm. (is method considers that there are discontinu-
ities in the data itself, so that the variance of different
categories is the largest, and the variance of the same cat-
egory is the smallest to optimize the classification. (e Jenks
natural breaks method can be used to classify the landslide
impact factors, which can well characterize the distribution
of the impact factors. (erefore, the Jenks natural breaks
method was applied in the process of classification [29].

4.2.1. Elevation. (e 1 : 50000 topographic map of the study
area is processed by ArcGIS, and an elevation model with an
accuracy of 30m× 30m is drawn.(ey can be divided into 9
categories: 1795–2788m, 2788–2970m, 2970–3128m,
3128–3297m, 3297–3491m, 3491–3709m, 3709–3964m,
3964–4243m, and 4243–4885m by using Jenks natural
breaks method. In the background of elevation, the landslide
geological disasters in the study area are mainly
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Figure 3: Flowchart describing the methodology applied for the analysis.

Table 1: Data sources.

Data Primary format Data source
DEM Grid ASTER GDEM

Geology Shapefile
(polygon)

Qinghai digital basemap
[28]

River and roads Shapefile (line) Qinghai digital basemap
[28]

Landslide
inventory Shapefile (point) Field survey
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1795–2788
2789–2970
2971–3128

3298–3491
3129–3297

3492–3709
3710–3964
3965–4243
4244–4885

Elevation (m)

0.00–6.52
6.53–12.72
12.73–18.26

23.17–27.72
18.27–23.16

27.73–32.29
32.3–37.51
37.52–55.77
>55.77

Slope angle (º)

0.00–38.12
38.13–77.65
77.66–117.18

158.13–159.06
117.19–158.12

159.06–240
240.01–280.94
280.95–321.88
321.89–360

Slope aspect (º)

–16.38 to –5.21
–5.2 to –1.59
–1.58 to –0.97

–0.46 to –0.15
–0.96 to –0.46

–0.14–0.16
0.17–0.47
0.48–0.99
>0.99

Plan curvature (º)

–9.46 to –1.25
–1.24 to –0.64
–0.63 to –0.27

0.10–0.46
–0.26 to –0.09

0.47–0.95
0.96–1.69
1.7–5.48
5.49–21.78

Profile curvature 

0–382
383–819
820–1283

1775–2348
1284–1774

2349–3085
3086–4068
4069–5268
>5269

Distance to road (m)

N N N

N N N

(a)

Figure 4: Continued.
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0–333
334–728
729–1143

1560–2017
1144–1559

2017–2557
2558–3202
3203–4033
>4033

Distance to river (m)

0–1127
1128–2361
2362–3595

4830–6064
3596–4829

6065–7405
7406–8854
8855–10732
>10732

Distance to fault (m)

Pt1
Q1
Q3

Pt2
Q2

Tratigraphic lithology (m)

N N

–0.251 to –0.051
–0.05 to –0.004
–0.003–0.02

0.044–0.065
0.021–0.043

0.066–0.083
0.084–0.1
0.101–0.116
0.117–0.269

NDVI

3.51–5.66
5.67–6.67
6.68–7.60

8.54–9.61 
7.61–8.53

9.62–10.90
10.91–12.47
12.48–14.62
14.63–21.79

TWI

N N

N

(b)

Figure 4: (e spatial database of landslide susceptibility analysis.
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concentrated in the elevation of 1795–3297m, and the
landslide with the elevation of 2788–2970m accounts for the
largest proportion, 42%. However, there is no record of
landslide disaster above 3297m, which is related to the area
where people live.

4.2.2. Slope Angle. When the slope increases, the shear stress
at the foot of the slope will also increase; that is, the slope
with a larger slope is more prone to deformation and failure.
For digital elevation model (DEM), otherwise, it can be
directly changed to slope data. According to the Jenks
natural breaks method, it can be divided into 9 categories:
0°–6.52°, 6.53°–12.72°, 12.73–18.26°, 18.27–23.16°,
23.17–27.72°, 27.73–32.29°, 32.3–37.51°, 37.52–55.77°, and
55.78–83.17°. In the slope background, the landslide geo-
logical disasters in the study area are mainly concentrated in
the slope range of 6° to 32°, and the landslide disasters with
the slope range of 18.27° to 23.16° account for the largest
proportion (23%).

4.2.3. Slope Aspect. (e surface receives different solar ra-
diation for different aspect of slope, so it will affect the degree
of vegetation coverage, surface weathering, and surface
evaporation, thus affecting the occurrence of landslides. (e
DEM data can be divided into 9 types according to the slope
aspect: 0° to 40°, 40° to 80° and 80°–120°, 120–160°, 160–200°,
200–240°, 240–280°, 280–320°, and 320–360°. Under the
slope aspect background, the landslides in the study area
mainly occur between 160° and 200° of the slope aspect, and
the landslides with the slope aspect of 160°–200° account for
the largest proportion for 21%.

4.2.4. Plan Curvature. (e plane curvature reflects the
terrain. Positive value means that the terrain surface is
convex, negative value means that the terrain surface is
concave, and 0 means that the ground is flat. According to
the plane curvature, DEM data can be divided into nine
categories: −16.38–−5.21, −5.21–−1.59, −1.58–−0.97,
−0.96–−0.46, −0.45–−0.15, −0.14–0.16, 0.17–0.47, 0.48–0.99,
and 1–9.99. Under the background of plane curvature, the
landslide disasters in the study area are mainly concentrated
in the plane curvature range of −0.45–0.99, of which
−0.14–0.16 is the largest, accounting for 38%.

4.2.5. Profile Curvature. (e curvature of the profile reflects
the change rate of the ground slope. A positive value in-
dicates that the terrain surface is convex, a negative value
indicates that the terrain surface is concave, and 0 indicates
that the ground is flat. (e DEM data are classified into 9
types according to the slope curvature by the Jenks natural
breaks method: −9.46–−1.25, −1.25–−0.62, −0.63–−0.27,
−0.26–0.09, 0.1–0.46, 0.47–0.95, 0.96–1.69, 1.7–5.48, and
5.49–21.78. Under the background of section curvature, the
landslide disasters in the study area are mainly concentrated

in the section curvature of −0.26–0.95, of which the landslide
disasters between 0.1 and 0.46 account for the largest pro-
portion, 39%.

4.2.6. Distance to Road. When people build roads, they will
carry out a series of activities, such as manual excavation of
slope toe and blasting. (ese activities will change the
original rock and soil structure, affect the stability of rock
and soil, and leave hidden dangers for the occurrence of
landslide disasters. According to the Jenks natural breaks
method, it can be divided into 9 categories: 0–382m,
382–819m, 8191–283m, 1283–1774m, 1774–2348m,
2348–3085m, 3085–4068m, 4068–5269m, and > 5269m.
Under the background of road distance, the landslides in the
study area are mainly concentrated in the range of 0–819m,
and the landslides with road distance of 0–382m account for
the largest proportion (59%).

4.2.7. Distance to River. (e occurrence of landslide di-
sasters is closely related to surface water.(e river constantly
erodes and hollows out the slope toe, which will lead to slope
instability. Based on the Euclidean distance calculation of the
river data in the study area by ArcGIS, the river data can be
divided into nine categories: 0–333m, 333–728m,
728–1143m, 1143–1559m, 1559–2017m, 2017–2557m,
2557–3202m, 3202–4033m, and >4033m by using the Jenks
natural breaks method. Under the background of river
distance, landslides in the study area are mainly concen-
trated in the river distance of 0–728m, and the landslide
disaster between 0 and 333m accounts for the largest
proportion, 48%.

4.2.8. Distance to Fault. In the fault zone, the structure of
rock and soil is broken and easy to be weathered, which has a
certain impact on the occurrence of landslide disaster. (e
Euclidean distance of fault data in the study area is calculated
by ArcGIS, and then the Jenks natural breaks method is used
to divide it into 9 categories: 0–1127m, 1127–2361m,
2361–3595m, 3595–4829m, 4829–6064m, 6064–7405m,
7405–8854m, 8854–10732m, and >10732m. Under the
background of fault distance, the landslide geological di-
sasters in this study area are mainly concentrated in the fault
distance of 0–2361m, and the landslide disasters with fault
distance of 0–1127m account for the largest proportion,
accounting for 29%.

4.2.9. Stratigraphic Lithology. Stratigraphic lithology is the
internal control factor that affects the occurrence of land-
slide geological disasters, and its type and composition affect
slope stability. (ere are 5 types of lithology in the study
area: hard thick medium thick-bedded metamorphic rock
group (Pt1), hard block intrusive rock group (Pt2), single
structure Aeolian loess group (Q1), double structure alluvial
proluvial sand and sand gravel pebble soil group (Q2),

Advances in Civil Engineering 7



multilayer structure clay, argillaceous gravel pebble, and
broken stone soil group (Q3). According to ArcGIS data
reclassification, under the background of stratum lithology,
the landslide disaster in the study area is mainly in the single
structure Aeolian loess, accounting for 34%.

4.2.10. Normalized Difference Vegetation Index.
Vegetation can play a role in soil and water conservation and
slope protection, which has a certain impact on the oc-
currence of landslide geological disasters. Normalized Dif-
ference Vegetation Index (NDVI) is used to represent the
state of plant growth. (e negative value indicates that the
ground is covered by clouds or snow, 0 indicates that the
ground is covered by bedrock or bare soil, and the positive
value indicates that the ground is covered by vegetation.
Band image data are obtained from the geospatial data of
Huangyuan county: Landsat 8 LC 8132035201 6028lGN00.
(e image data was generated on January 28, 2016, and the
cloud cover was 1.89, which can observe the vegetation
coverage in the study area. NDVI was calculated by envi5.3,
and then the data were classified into 9 categories by ArcGIS
Jenks natural breaks method: −0.251–−0.051, −0.05–−0.004,
−0.003–0.020, 0.021–0.043, 0.044–0.065, 0.066–0.083,
0.084–0.1, 0.101–0.116, and 0.117–0.269. Under the back-
ground of NVDI, the landslide disasters in the study area are
mainly concentrated in the range of NVDI 0.004～0.116,
and the landslide disasters with NVDI 0.084～0.1 account
for the largest proportion, 33%.

4.2.11. Topographic Wetness Index. Terrain Wetness Index
(TWI), which can quantitatively display the control of
terrain on the spatial distribution of soil moisture, is a widely
used terrain attribute. According to ArcGIS, the data were
classified into 9 categories: 3.51–5.66, 5.67–6.67, 6.68–7.6,
7.61–8.53, 8.54–9.61, 9.62–10.9, 10.91–12.47, 12.48–14.62,
and 14.63–21.79. Landslides in the study area are mainly
concentrated in the range of TWI 3.51–8.53, and the

landslides with TWI 5.67–6.67 account for the largest
proportion, accounting for 36%.

5. Evaluation Methodologies and Results

5.1. Variance Inflation Factor (VIF). (e variance inflation
factor is a method to judge multicollinearity by examining
the degree to which a given explanatory variable is explained
by all other explanatory variables in the equation. Any
influencing factor with a VIF value of greater than 10 should
be excluded from the landslide susceptibility model. (e
VIFs in Table 1 show that the values of the influence factors
are all below 10, so no factor needed to be excluded from the
landslide susceptibility model.

5.2. Information Model. (e information method (IM)
[16, 19] is a kind of bivariate statistical analysis method. By
analyzing the actual situation and the information provided
in the deformed or occurring geological disaster areas, it
studies the quantity and quality of the information that has
an impact on their stability and quantifies the degree of its
impact through the information. (e information is cal-
culated as follows:

Ii � 
n

1
I M, xi( 

� 1n
Ni/N
Si/S

,

(1)

where Ni is the total number of geological hazards in the
class i evaluation factor of the study area; N is the total
number of units with geological hazards in the study area; Si

is the number of units with class i evaluation factors in the
study area; S is the total number of evaluation factor units in
the study area; Ii is the total information value of the study
area; n is the number of evaluation factors.

(e landslide susceptibility index (LSI) can be calculated
as follows:

LSIICM � IMelevation + IMslope angle + IMslope aspect + IMplane curvature

+ IMprofile curvature + IMdistance to road + IMdistance toriver + IMdistance to fault

+ IMstratum lithology + IMvegetarian cover ageindex + IMterrain humidity index,

(2)

where IM indicates the influencing factor maps that have
been reclassified as per their information content values.

5.3. Frequency Ratio Method. (e frequency ratio method
(FR) [31, 33] is a more traditional statistical analysis model.
A landslide (M) is affected by many factors (n) (such as
elevation, aspect, and lithology), so the frequency ratio
method divides M into n classes or n grades according to
certain rules.(e simplified calculation formula is as follows:

FRij �
HAij/ HAij

HAij/ HAij

∗ 100%,

LSIFR �  FR,

(3)

where FRij is the frequency ratio of ith factor, jth subfactor;
HAij is landslide area of ith factor, jth subfactor; XAij is the
area of ith factor, jth subfactor; LSIFR is the Landslide
sensitivity index.
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5.4. Artificial Neural Network. (e artificial neural network
model (ANN) [31, 34] consists of the input layer, one or
more hidden layers and an output layer with the different
number of neurons. (e adjacent layers are fully connected,
and each connection is assigned weight. According to
Kolmogorov theorem [35], an artificial neural network
model with a hidden layer can simulate any nonlinear
mapping from n-dimension to m-dimension on a closed set
with any precision.(erefore, this study adopts a three-layer
network structure, including an input layer, output layer,
and a hidden layer. In the input layer, the number of neurons
is the number of landslide risk factors; in the output layer,
the softmax function is used to output two nodes, which
represent the landslide-prone and not prone. (e landslide-
prone is marked as (1, 0), and the not prone is marked as (0,
1); in the hidden layer, the tanh function is used. (e model
structure used in this paper is shown in Figure 5. In the
process of calculation, each neuron receives the output data
of the upper layer neuron, processes the data according to
the corresponding connection weight, and outputs the
calculation results to the next layer neuron. (e learning
process of the artificial neural network model is the process
of continuously adjusting the network parameters. BP ar-
tificial neural network model, based on the cumulative error
between the real value and the output value, adopts a gra-
dient descent algorithm to optimize the parameters. (e
determination process of disaster areas can be divided into
three steps. Firstly, the nonlandslide units and landslide
units selected from the information partition are used as the
test set and training set, 80% of which are trained, and the
remaining 20% are used as the test set. (en, 1826315 grids
of Huangyuan county are input into the trained neural
network model to get the grid probability. Finally, the Jenks
natural breaks method is used to reclassify in probability.

6. Results

6.1. IM Method. Based on the information model (IM), the
IM values of the influencing factors were calculated, and the
results are presented in Table 2. If the value of IM is bigger
than 0, it means that the tendency of the landslide is high; on
the other hand, it means that the tendency is low. (e IM
values of Elevation show that the occurrences of landslide
are mainly concentrated in the low elevation area. For the
slope angle, the classes 12.73–18.26° and 18.27–23.16° have
the largest IM values. (e higher the slope angle, the greater
the effect on the landslide. For the slope aspect, the IM values
of the classes 160–200° and 200–240° are 0.391 and 0.105,
respectively. For the plane curvature and profile curvature,
the highest IM values are 1.532 for class −0.14–0.16 and
0.938 for class 0.47–0.95, respectively. (e IM values of
distance to a river, road, and fault show that too small
distance can also cause landslides. Especially, the vibration
from passing vehicles on the road, the erosion of the river,
and the weakness of fault are the main influencing factors.
(e values in Table 3 show that the IM of classes Q1 and Q2
is 1.395 and 1.322, respectively. It indicates that Q1 and Q2
have a high probability of landslide occurrences in this
region. (e lithology of Q1 is mainly loess, and the lithology

of Q2 is mainly argillaceous gravel pebble and broken stone
soil. (e soil of Q1 and Q2 is extremely weak of the property
and easy to lose stability.(us, landslides are easy to occur in
these two strata. (e vegetation can effectively reduce the
landslide, but the wetness of soil can promote the landslide
based on the IM of Normalized Difference, Vegetation
Index, and Topographic Wetness Index. (e landslide
susceptibility map produced by the IM method is shown in
Figure 6(a).

6.2. FR Method. FR values of each class of the eleven
influencing factors are summarized in Table 2.(e FR values
in Table 2 show a similar tendency with the results of IM.(e
biggest FR values of slope angle and aspect also are in the
classes 18.27–23.16° and 160–200°, respectively. (e eleva-
tion class generated a high FR value in the 2788–2970m
subclass. (e distance to the river, road, and fault shows the
highest FR value in the subclasses of 0–333m, 0–382m, and
0–1127m, respectively. For the lithology, the subclass of Q1
and Q2 had the highest FR value. (e highest FR values of
other influencing factors are focused on the same subclass
with IM values. (e landslide susceptibility maps were
reclassified using Jenks natural breaks method.(e outcome
was an interpretable map showing increasing spatial pos-
sibility of future landslide incidence ranging from very low
to very high susceptibility to a landslide (Figure 6(b)).

6.3. ANNMethod. (e ANN method was performed with a
mean square error of 0.02 in the training process. (e
landslide susceptibility value can be obtained by

Input layer Hidden layer Output layer

Landslide prone

So
�M

ax

Landslide not prone

Figure 5: Structure of artificial neural network model.

Table 2: (e VIF values for the influencing factors.

Influencing factor VIF
Elevation 1.902
Slope angle 1.835
Slope aspect 1.213
Plan curvature 1.078
Profile curvature 1.153
Distance to road 1.233
Distance to river 1.058
Distance to fault 1.008
Stratigraphic lithology 1.621
Normalized difference vegetation index 1.746
Topographic wetness index 1.621
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LSIANN � 
n

I�1
fwiXwij, (4)

where fwi is the weight of each factor, and wij is the nor-
malized weight for the category of the factor i.

(e values of importance and normalized importance
are presented in Table 4. It can be seen that the important
values of TWI, slope aspect, and NDVI are 0.16, 0.14, and
0.12, respectively. (e relevant normalized importance
values are 100%, 87.5%, and 75%，respectively. (e values
of elevation, profile curvature, and plane curvature are much
smaller, 0.06, 0.05, and 0.03, respectively. (e results show
that the factors associated with the wetness are the main
causes of the landslide. (e loess soil is the main component
in the study area, which is extremely easy to lose stability
under the influence of water.

7. Validation and Discussion

7.1. Validation. Based on the grid data map of susceptibility
index obtained from the threemodels, the random point tool

Table 3: Calculations of IM and FR of various evaluation factors.

Factors Subclass IM FR

Elevation

1795–2788m 0.478 1.321
2788–2970m 0.673 1.433
2970–3128m 0.195 1.115
3128–3297m −0.237 0.876
3297–3491m −0.398 0.775
3491–3709m −0.786 0.306
3709–3964m −1.231 0.205
3964–4243m −1.432 0.114
4243–4885m −2.075 0.101

Slope angle

0–6.52° −0.121 0.506
6.53–12.72° 0.265 1.121
12.73–18.26° 0.431 1.045
18.27–23.16° 0.591 1.231
23.17–27.72° 0.375 1.033
27.73–32.29° 0.115 0.897
32.3–37.51° −0.153 0.555
37.52–55.77° −0.271 0.246
55.78–83.17° −0.489 0.387

Slope aspect

0–40° −0.793 0.831
40–80° −0.323 1.031
80–120° 0.051 1.056
120–160° −0.115 0.836
160–200° 0.391 1.154
200–240° 0.105 1.038
240–280° −0.203 1.016
280–320° −0.315 1.114
320–360° −0.256 0.983

Plane curvature

−16.38–−5.21 0.135 1.178
−5.21–−1.59 0.003 1.045
−1.58–−0.97 0.106 1.036
−0.96–−0.46 0.117 1.187
−0.45–−0.15 0.786 0.709
−0.14–0.16 1.532 0.778
0.17–0.47 0.975 0.613
0.48–0.99 0.398 1.077
1–9.99 0.449 0.832

Profile curvature

−9.46–−1.25 −0.451 0.561
−1.25–−0.62 −0.232 0.876
−0.63–−0.27 0.124 1.139
−0.26–0.09 0.108 0.936
0.1–0.46 0.549 0.787
0.47–0.95 0.938 1.259
0.96–1.69 0.225 1.015
1.7–5.48 −0.331 0.897
5.49–21.78 −0.261 0.732

Stratigraphic lithology

Pt1 −2.121 0.325
Pt2 −1.589 0.446
Q1 1.395 1.035
Q2 1.322 1.153
Q3 0.876 1.087

Distance to river

0–333m 1.231 2.357
333–728m 1.053 1.753
728–1143m −0.113 1.156
1143–1559m −1.452 0.797
1559–2017m −1.121 0.568
2017–2557m −1.643 0.321
2557–3202m −2.152 0.253
3202–4033m −1.988 0.118
>4033m −2.223 0.074

Table 3: Continued.

Factors Subclass IM FR

Distance to fault

0–1127m 2.156 3.754
1127–2361m 1.986 2.531
2361–3595m 0.993 1.674
3595–4829m 0.635 1.152
4829–6064m 0.141 1.041
6064–7405m −0.241 0.93
7405–8854m −0.764 0.87
8854–10732m −1.653 0.551
>10732m −2.229 0.324

NDVI

−0.251–−0.051 1.532 1.986
−0.05–−0.004 2.11 2.321
−0.003–0.020 2.563 3.267
0.021–0.043 0.648 1.323
0.044–0.065 −0.613 0.976
0.066–0.083 −0.787 0.815
0.084–0.1 −0.218 0.693
0.101–0.116 −1.131 0.556
0.117–0.269 −2.153 0.323

TWI

3.51–5.66 −0.881 0.653
5.67–6.67 0.112 1.132
6.68–7.6 0.308 1.512
7.61–8.53 0.235 1.073
8.54–9.61 1.568 3.151
9.62–10.9 1.332 2.312
10.91–12.47 0.863 1.457
12.48–14.62 0.151 1.032
14.63–21.79 0 0

Distance to road

0–382m 2.132 4.273
382–819m 0.876 1.182
8191–283m 0.231 0.998
1283–1774m −0.115 0.693
1774–2348m −0.289 0.671
2348–3085m −0.787 0.773
3085–4068m −0.563 0.712
4068–5269m −1.132 0.683
>5269m −2.225 0.312
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is created through ArcGIS 10.2, and 100 nonlandslide points
with the same number of geological hazard points to be
studied are randomly created and imported into SPSS
software. (e accuracy of the results of the above three
models is evaluated through the ROC curve of the analysis
tool in the software. (e AUC value can be obtained by
equation (5) [36]. (e results are shown in Figure 7.

AUC � 
1

0

exp(a/(1 − b))(x/(1 − x))
(1+b)/(1−b)

1 + exp(a/(1 − b))(x/(1 − x))
(1+b)/(1−b)

dx,

(5)

where coefficients a and b represent the dependence of the
test accuracy on threshold; x is the value of ROC.

It can be seen from Figure 7 that the ROC curve veri-
fication results of three different evaluationmodels are above

the reference line, which is in line with the feasibility ex-
pectation of ROC curve verification. (e accuracy of the
ANNmodel is the highest, and AUC is 0.907; the accuracy of
FR model is the lowest, and AUC is 0.867. In this respect, the
ANN model also has the highest predictive power. In terms
of methods, it can be seen that the ANN model has a higher
prediction ability than the IM model and FR model.

7.2.Discussion. (e landslide susceptibilities were calculated
by three methods based on the GIS engine, and the areas and
percentages distribution of the susceptibility classes were
produced. (e susceptibility classes were divided into five
classes, very low, low, medium, high, and very high risk. To
compare the models in detail, the statistical results of the
landslide susceptibility maps produced in this study are also

N

Very low

Low

Moderate

Very high

High

(a)

N

Very low

Low

Moderate

Very high

High

(b)

N

Very low

Low

Moderate

Very high

High

(c)

Figure 6: Landslide susceptibility maps. (a) IM model. (b) FR model. (c) ANN model.

Table 4: Normalized importance value derived from ANN method.

Number Factors ANN importance ANN normalized importance (%)
1 TWI 0.16 100
2 Slope aspect 0.14 87.5
3 NDVI 0.12 75
4 Slope angle 0.1 62.5
5 Distance to road 0.1 62.5
6 Stratigraphic lithology 0.09 56.3
7 Distance to fault 0.08 50
8 Distance to river 0.07 43.8
9 Elevation 0.06 37.5
10 Profile curvature 0.05 31.3
11 Plane curvature 0.03 18.7
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listed in Table 5. (e number of landslides included in the
high and very high susceptibility classification can also re-
flect the predictive power of a model. (e results show that
the areas of five susceptibility classes are 259.95, 492.91,
407.12, 229.04, and 118.82 km2, respectively, for the IM
model. For the FR model, the areas of five classes are 471.95,
529.86, 309.71, and 130.13 km2, respectively. For the ANN
model, the landslide susceptibility areas of five classes are
251.95, 460.46, 442.66, 276.77, and 112 km2, respectively, sh.

According to the landslide susceptibilitymap produced by
the IM method, the very low and low landslide susceptibility
areas are 17.24% and 32.69% of the total study area, re-
spectively. Moderate, high and very high susceptible areas
account for 27%, 15.19%, and 7.88% of the total area. (e

landslide susceptibility generated by the FR method, which
contains 31.3% of the total area, is determined to be very low
landslide susceptibility. Low, moderate, and high areas make
up 35.14%, 20.54%, and 8.63%, respectively. (e very high
landslide susceptibility area is 4.39% of the total study area.
(e landslide susceptibility map, produced through the ANN
method, has similar results with IM method, but different
with FR method. (e very low, low, and moderate area are
denoted at values of 14.32%, 30.54%, and 29.36% of the total
study area, respectively. (e high and very high susceptibility
areas are 18.36% and 7.45% of the total area, respectively. (e
number of landslides divided into the high and very high
classes characterizes the accuracy of the model. In this respect,
the ANN method has the highest predictive ability.
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ANN model AUC = 0.907
ICM model AUC = 0.900
FR model AUC = 0.867

Figure 7: ROC curve of the models.

Table 5: Statistical results of landslide susceptibility mapping.

Models Susceptibility Class area (km2) Class ratio (%) Landslides count Landslides ratio (%)

IM

Very low 259.95 17.24 1 1
Low 492.91 32.69 3 3

Moderate 407.12 27.00 13 13
High 229.04 15.19 29 29

Very high 118.82 7.88 54 54

FR

Very low 471.95 31.30 0 0
Low 529.86 35.14 2 2

Moderate 309.71 20.54 14 14
High 130.13 8.63 47 47

Very high 66.19 4.39 37 37

ANN

Very low 215.95 14.32 0 0
Low 460.46 30.54 1 1

Moderate 442.66 29.36 4 4
High 276.77 18.36 30 30

Very high 112.00 7.45 65 65
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According to the above analysis, the ANN model is the
optimal model. (us, the ANN model was adopted for
landslide susceptibility map analysis in this study. In Fig-
ure 6, it can be seen that the very high susceptibility area is
mainly distributed along the rivers and valleys. (is is
consistent with the landslide distribution along the river and
valley found in our field investigation. It also can be seen that
the very high susceptibility area is mainly distributed in three
regions: (a) Yuandong-Dahua; (2) Dongga-Shangshigou; (3)
Dongxia-Yuanju. In the study area, collapses and landslides
are distributed on both sides of the valley or both sides of the
river, and their disaster-causing effect and distribution
density are closely related to the erosion and cutting of the
valley and river. Generally, in the source and upstream of the
gully, vertical erosion is the main factor, and the landslides
and collapses occur frequently on both sides of the gully. In
the middle and lower reaches of the valley, side erosion is the
main cause. (e unloading and weathering of the valley
slopes on both sides of the valley are strong, and the slope on
one side of the river erosion bank is prone to collapse and
landslide.

8. Conclusion

In this study, landslide susceptibility for losses slopes in
Huangyuan city is proposed. According to geological data,
field survey, and landslides information, eleven influencing
factors, which include elevation, slope, aspect, plane cur-
vature, profile curvature, road distance, river distance, fault
distance, stratum rock property, vegetation coverage index,
and terrain humidity index, were selected for the landslide
susceptibility of Huangyuan, Qinghai.(e IM, FR, and ANN
methods were adopted to establish the landslide suscepti-
bility model, which is validated by the ROC curve.

(rough the analysis of the 11 factors by three methods,
every factor has a specific subclass with high landslide
susceptibility. Based on the results of ANN method, the
landslides in this study area are mainly influenced by factors
associated with the wetness. (erefore, the specific subclass
of every factor is conducive to the accumulation of water,
which leads to the occurrence of landslide. (e ANN model
is the most optimal model, with an AUC value of 0.907,
followed by the IM model (0.900) and FR model (0.867) in
the study area. (e high and very high landslide suscepti-
bility classes make up 84%, 84%, and 95% of the total
landslide count in the IM model, FR model, and ANN
model, which also indicates that the ANN model is better
than the others. From the landslide susceptibility map
produced by the ANN model, the very high and high sus-
ceptibility areas are mainly distributed in valley area.
(erefore, it is necessary to prevent and control landslide
disasters in these areas by applying measures, such as slope
protection, retention, and anchoring.
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