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Abstract—Based on geographic information systems and remote 
sensing technology, this article used BP neural network method 
and choose slope, aspect, intensity, faults, water, elevation, DEM, 
hardness 8 earthquake landslide factors as influencing factors in 
the study area (E103° ~ E105°, N30.8° ~ N32°) to identify the 
earthquake and landslide-prone evaluation studies. The results 
show: BP neural network landslide recognition correct rate 
reached 85.3%, and 70% of the landslide occurred in the 
predicted high-risk areas, and the evaluation of seismic landslide 
convex curve showing a steep trend, the using of BP neural 
network is feasible to evaluate the seismic landslide.  
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I. INTRODUCTION 

With an increased awareness of the landslide mechanism 
and with the rapid development of the modern theory of 
mathematical mechanics and computer technology, various 
landslide prediction methods continue to emerge[1]. For 
example, slices method and numerical analysis method based 
on the traditional limit equilibrium theory, comprehensive 
analysis based on AHP[4-7], the weight of evidence[8] and 
multiple logistic regression based on the method of statistical 
theory[10], modern artificial neural networks based on 
intelligent data mining algorithms[2,9,16], fuzzy 
comprehensive evaluation method based on fuzzy theory[14]. 
In the study area (E103° ~ E105°, N30.8° ~ N32°), We 
established BP[11-13] neural network model and choose slope, 
aspect, intensity, faults, water, elevation, DEM, hardness 8 
earthquake landslide factors as influencing factors for the 
earthquake and landslide-prone evaluation studies. 

II. DATA PREPARATION AND PROCESSING  

This paper used the following data: 1) the heavy disaster 
area of Wenchuan earthquake triggered slip slope layer data, 2) 
DEM layer of the study area, 3) Wenchuan earthquake 
intensity distribution layer, 4) Water layer of the study area, 5) 
Active fault Layer of the study area, 6) Wenchuan geological 
distribution Layer, 7) National 1:400 000 basic information 
layer. 

We made the conjoint analysis with the landslide and the 
influence factor layers under Arcgis platform. We got the 
landslide attribute tables which contained not only the 
attributes of area, perimeter, but also 8 attributes of 

corresponding slope, slope direction, intensity, stream buffer 
distance, fault buffer distance, rock and soil hardness, DEM, 
and height, all of the above were prepared for choosing 
landslide samples. We took the gravity of each slide surface as 
a point, and converted the landslide surface into landslide 
point layers[3,15]. Based on 8946 landslide surfaces which are 
the representative of the heavy disaster area, we selected 
sample points and generated a number of random no-slipping 
samples in the region that no landslide occurred. We combine 
the samples of the landslide and the non slip samples to form 
the layer of final training samples, and exported their attribute 
tables to EXCEL, which are used as the training dataset. the 
landslide surface layer of study area(figure I), Landslide 
sample group layer(figure II), Non slip sample group 
layer(figure III),  joint layer(figure IV). 

 

FIGURE I.  THE LANDSLIDE SURFACE LAYER OF STUDY AREA 

 

FIGURE II.  LANDSLIDE SAMPLE GROUP LAYER 
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FIGURE III.  NON SLIP SAMPLE GROUP LAYER 

 

FIGURE IV.  JOINT LAYER 

In order to evaluate the landslide susceptibility, we used 
raster data format to carry out weight overlay analysis 
(because vector data is limited by the scale, it is very difficult 
to be very precise), and transformed the vector layer into grid 
layer, the size was 7095 (columns) *4254 (rows). 

III. MATLAB IMPLEMENTATION OF THE MODEL AND ITS 

APPLICATION OF LANDSLIDE IDENTIFICATION  

There are totally 17226 samples(including 8946 landslide 
samples and 8340 no-slipping landslide samples),which is 
prepared in the previous text. But taking into account the 
convergence model itself, this paper finally randomly selected 
samples and non-slip landslide 1000 samples respectively for 
training,  with the left 15,226 samples for landslide recognition 
and test. Of course, the paper also were carried out 4000, 6000, 
8000, 10000 samples of training, but the final results show that 
the 2000 samples in the model established in this paper is the 
fastest convergence, and the correct rate of identifying is 
relatively high, reaching 85.32%. A different number of 
samples to identify the correct rate comparison table as shown 
in Table I.  

TABLE I.  CORRECT RATE COMPARISON TABLE 

number of samples 
 

2000 4000 6000 8000 10000 

Correct rate 
85.32
% 

80.82% 
80.7
2% 

82.0
4% 

81.45
% 

IV. EVALUATION OF LANDSLIDE-PRONE 

Landslide-prone evaluation is on the basis of trained BP 
neural network. We turn the eight factor layers into a raster 
grid, which can be expressed in terms of classification grid by 
property[5-8]. For BP neural network which has been trained, 
because the entire training process is programmed, so we 
overlay the raster expression of each factor in accordance with 
the training process to get the desired forecast results. In 
accordance with the overall neural network architecture 
diagram, we overlay eight factors three times according to 
different weights and plus three results to a final result. The 
weights between the input layer and the hidden layer are 
shown in table II, the weight of the hidden layer and the output 
layer are shown in table III. Final superimposed result is 
shown in Figure V, Its range is -58.90 ~ 89.41, and I did not 
put this range to map it to a range of 0 to 1 with logsig 
function so that a wider range of values can be some more 
conducive to natural classification. According to the natural 
classification[7,8], the area  ranging from -58.90 to -31.57 was 
divided into extremely low-prone areas, the area ranging from 
-31.57 to 4.67 was divided into  low-prone areas, the area 
ranging from -4.67 to 17.08  was divided into the middle-
prone area, the area range from -17.08 to 43.11 was divided 
into high-prone areas, the zoning ranging  from 43.11 to 
89.406 was divided into extremely prone areas. It can be seen 
that lots of landslides occurred in the landslide predicted high-
risk areas. To test the reliability of the results predicted, we 
adopt a method called the percentage cumulative landslide 
area - prone area percentage of cumulative curve[6-11]. This 
method is a quantitative evaluation method of landslide-prone 
model, we divided the susceptibility results of the evaluation 
in accordance with one percent of the area into 100 equal parts 
descending intervals and respectively calculated the 
percentage of landslide occurring, we finally draw cumulative 
susceptibility percentage and landslide cumulative percentage 
curves, namely the evaluation curve shown in Figure VI, and 
represent the correct rate the model predicted by the area 
under the curve (AreaUnderCurve).The results show the 
correct rate reached 83.94%, indicating that the prediction is 
feasible.  

TABLE II.  THE WEIGHT OF EACH NODE FROM THE INPUT LAYER 
TO THE HIDDEN LAYER 

slop
e 

aspe
ct 

inten
sity 

fault
s 

wate
r 

eleva
tion 

DE
M 

hardne
ss 

offse
t 

-
1.53
61 

0.53
75 

-
15.2
437 

12.8
972 

73.7
433 

3.58
80 

-
13.4
643 

-
49.763
7 

-
7.88
57 

3.65
91 

1.38
98 

40.6
752 

-
35.2
324 

-
34.3
924 

30.1
944 

-
7.45
14 

-
20.640
9 

-
3.69
87 

-
20.4
957 

-
0.57
45 

-
61.4
237 

-
17.2
035 

-
1.72
83 

13.7
603 

-
11.6
756 

21.913
6 

-
31.5
312 

TABLE III.  THE WEIGHT OF EACH NODE FROM THE HIDDEN 
LAYER TO THE INPUT LAYER  

The first node 
of  hidden layer 

The second node 
of  hidden layer 

The third node of  
hidden layer 

offset 

-43.8870 61.0510 -45.8267 12.4661 

 

184



 

 

 

 
FIGURE V.  SUPERPOSITION RESULTS TO PREDICT 

CLASSIFICATION MAP 

 
FIGURE VI.  EVALUATION OF LANDSLIDE PREDICTION CURVE 

V. CONCLUSION 

This paper relies on ARCGIS platform to process data to 
obtain a sample of large quantities, and compared to the use of 
manually selecting the sample, the efficiency is extremely 
high[3,15]. In MATLAB platform we carried out the BP 
neural network model by programming for the training sample, 
which  be used on landslide hazard identification and 
assessment. The correct rate of identification reached 85.30%, 
and Risk Assessment presents a steep convex curve trend, and 
30% of in the region predicted to nearly 70 percent of the 
landslide, which indicated that this method is very reliable[11]. 
But paper also needs to be improved as follows：1) How to 
select the sample to make it more representative. 2) BP neural 
network convergence is slow. As to over-fitting problems, we 
need avoiding over-fitting algorithm to train samples, so that 

more samples can be used for training the network, which can 
make result-prediction more accurate. 
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