
Article

Not peer-reviewed version

Landslide Susceptibility Evaluation

of BO-CNN Gengma Seismic

Zone Considering InSAR

Deformation

Yunlong Deng , Xiaoqing Zuo 

*

 , Yongfa Li , Xincheng Zhou

Posted Date: 7 September 2023

doi: 10.20944/preprints202309.0444.v1

Keywords: InSAR; landslide susceptibility; random forest; support vector machine; convolutional neural

network

Preprints.org is a free multidiscipline platform providing preprint service that

is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons

Attribution License which permits unrestricted use, distribution, and reproduction in any

medium, provided the original work is properly cited.

https://sciprofiles.com/profile/2544861
https://sciprofiles.com/profile/1818238
https://sciprofiles.com/profile/1045534


 

Article 
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Abstract: Landslide is one of the most common geological disasters in China, which is characterized 

by suddenness and uncertainty, and it is difficult to realize accurate identification, early warning 

and forecasting of landslide disaster by conventional means. With the development of high-

resolution remote sensing satellites and InSAR surface deformation monitoring technology, the 

traditional means of landslide monitoring data sources are limited, and there is a lack of effective 

methods to excavate the characteristics of the spatial distribution of landslide hazards and their 

triggering factors and other issues. In this paper, the area extending 10 km outside the VII isobar of 

the Gengma earthquake is taken as the study area, and 13 evaluation factors are screened out by 

integrating the factors of InSAR surface deformation, topography and geological environment, and 

the Bayesian Optimized Convolutional Neural Network (BO-CNN) is used for the evaluation of 

landslide susceptibility, and the BO-RF and PSO-SVM models are selected for the comparative 

analysis. The model accuracy evaluation was carried out by three indexes: ROC curve, AUC value 

and FR value, in which the ROC curves of PSO-SVM, BO-RF and BO-CNN were all close to the 

upper-left corner of the corner, and the AUC values were 0.9388, 0.9529, and 0.9535, respectively, 

and the FR value of landslide in the high susceptibility area of BO-CNN was as high as 14.9, and 

was higher than that of PSO-SVM and BO-RF, respectively. SVM and BO-RF model is 4.55 and 3.69 

higher, the experimental results show that the BO-CNN model used in this paper has a better effect 

in landslide susceptibility evaluation, and the research results of the local government's disaster 

prevention and mitigation measures are of great significance. 

Keywords: InSAR; landslide susceptibility; random forest; support vector machine; convolutional 

neural network 

 

1. Introduction 

According to the statistical yearbook published on the official website of the National Bureau of 

Statistics 2021, it is known that 1,659 cases of geologic hazards occurred in 2020 higher than in 2019, 

with 4,810 landslides occurring, 1,797 avalanches, 899 mudslides, and 183 ground collapses, which 

shows that about two-thirds of the geologic hazards originate from landslides. The location, time, 

scale, and mode of landslide occurrence possess uncertainty, and there is insufficient cognitive ability 

in terms of these uncertainties. With the development of InSAR (Interferometric Synthetic Aperture 

Radar) technology, it is possible to monitor surface deformation in real time to understand the 

stability of slopes.[1] In 2005, Wasowski et al. successfully realized the monitoring of surface 

deformation in two areas of Umbria and Umbria, Italy, using PS-InSAR technology, thus accurately 

locating the spatial distribution of landslides.[2,3] Cheng Tao et al. Cheng Tao et al. identified the 

landslide deformation range in the loess area of northern Shaanxi by combining the results of field 

geological survey and remote sensing image interpretation with differential interference 

processing.[4] Fabiana et al. successfully studied the Ivancich landslide in central Italy and accurately 

obtained its deformation characteristics by using a method combining PS-InSAR and SBAS-InSAR 

techniques.The results of GNSS, satellite InSAR and GB InSAR campaigns in the Northwestern Italian 
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Alps by Tommaso Carlà et al. analyze and monitor the surface deformation at the landslide site[5] 

The surface deformation at the landslide site was analyzed and monitored by Ge Daqing et al. Ge 

Daqing et al. used qualitative analysis to identify the location of hazard potentials, quantitative 

analysis to check the magnitude of changes in the hazardous body, and integrated remote sensing 

dynamic data to enhance the detection of potentials[6] Xu et al. Xu Qiang et al. proposed the 

establishment of an early identification system for natural disaster hazards that integrates sky-space-

earth and comprehensively utilizes a variety of disaster monitoring means to obtain more accurate 

landslide hazard information in real time.[7] The system can be utilized in real time to obtain more 

accurate information about landslide hazards. After the in-depth study by Shi Xuguo et al, the 

deformation rate of the Three Gorges Lotus Root Pond landslide was effectively detected using time 

series InSAR technology, so as to effectively identify and monitor the landslide situation in the Three 

Gorges reservoir area and other areas.[8] . Liu Bin and Cai Jiehua et al. processed the middle and 

lower reaches of the Yangtze River and Jiuzhaigou data with InSAR technology, respectively, and 

identified the landslides through surface deformation, optical image data and field verification.[9,10]. 

Cong Dai and his team used the SBAS-InSAR method to identify 23 active landslides[11] . Chenglong 

Zhang et al. used GACOS-assisted interferometric image stacking (InSAR Stacking) to monitor 

landslides in the Jinsha River Basin and demonstrated the reliability of this method.[12] . By using 

two timing methods, Sentinel-1A/1B and SBAS-InSAR, Li Menghua et al. successfully identified 20 

landslide hazards in the Minjiang River valley section of Maoxian County, and confirmed the 

accuracy of these findings through a field trip[13]. Zhou Defin et al. used high-resolution imagery 

and elevated track shape variables to identify landslides in Dongchuan District, thus obtaining 

geohazard data for the area[14] . He Jiayang et al. used five InSAR methods to identify landslides in 

the alpine valley area, and the results showed that SBAS-InSAR technology was effective in 

identifying landslides in the alpine valley area[16] . The results show that SBAS-InSAR technology is 

effective in recognizing landslides in high mountain valley areas. Jiang Zhuo et al. proposed an 

improved InSAR-based procedure for mapping large landslides in loess hilly areas, which detects 

and maps a total of 50 potential loess landslides based on tropospheric delay correction by quadtree 

segmentation and automatic selection of interferograms based on minimum error boundaries.[17] . 

Through the above scholars can find that the emergence of InSAR technology greatly improves the 

uncertainty of landslides, which can not only effectively help the government to detect, recognize, 

predict and prevent landslides in time, but also illustrates that the surface deformation has an 

extremely important role in landslide monitoring, and at the same time, it provides a scientific basis 

for the experiments in this paper. 

Landslide susceptibility is mainly through the geological and environmental factors of landslide 

occurrence, statistically analyze the degree of landslide influence on the evaluation factors, calculate 

the relative probability value of landslide occurrence in each unit through the model, and classify the 

degree of susceptibility to the region. The landslide susceptibility model mainly includes two 

categories: statistical model and machine learning. Statistical models include information quantity 

model(I), logistic regression(LR), multiple linear regression(MLR), weight of evidence(WOE), index 

of entropy(IOE), frequency ratio(FR), certainty factor(CF) and other models[18–22] . Machine 

learning has models such as random forest(RF), support vector machine(SVM), artificial neural 

network(ANN), convolutional neural network(CNN), deep learning, etc.[23–29] . With the 

development of computers, landslide susceptibility based on machine learning is widely used, for 

example, the Behnia Pouran et al. used random forest to predict landslide susceptibility probability 

maps, and the results showed that random forest has high performance in landslide susceptibility 

modeling[30] The results show that random forests have high performance in modeling landslide 

susceptibility. Phong Tran Van et al. utilized 217 landslide datasets from Muong Lay area in Vietnam 

to evaluate landslide susceptibility using Support Vector Machines , Artificial Neural Networks , and 

Logistic Regression, which showed that the SVM model has a good prediction accuracy.[31] . Wang 

Shibao et al. used Bayesian algorithm to optimize the hyperparameters of the random forest model, 

and then chose the optimal hyperparameters for landslide susceptibility, and the method improved 

the model accuracy by 4%[32] . Yingbin Zhang et al. compared the prediction performance of LR, 5-
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CV-SVM, GA-SVM and PSO-SVM for landslide susceptibility in the Tibetan Plateau region, and PSO 

SVM has better performance in landslide susceptibility assessment.[33] The PSO-SVM has better 

performance in landslide susceptibility assessment. The above machine learning has achieved certain 

results, but the phenomenon of insufficient accuracy and model overfitting may occur when facing 

the complex network structure and a large amount of sample data. Therefore, some scholars combine 

convolutional neural network and GIS landslide susceptibility research in order to reduce the 

overfitting phenomenon of the model by virtue of the powerful feature extraction ability and linear 

regression fitting ability, and further improve the prediction accuracy of landslide susceptibility 

model. Based on the landslides in Wanzhou District, Chongqing, China, which is located in the Three 

Gorges Reservoir area, Wu Xueling et al. used the oversampling technique combined with CNN to 

evaluate landslide susceptibility, and the accuracy of the model was as high as 89.50%.[34] The 

accuracy of the model is as high as 89.50%. 

In summary, while considering a variety of environmental conditions and ensuring the 

prediction accuracy, the experiments in this paper combine InSAR technology for landslide 

identification, take the surface deformation rate as an evaluation factor for landslide susceptibility 

evaluation, and use the Pearson correlation coefficient to exclude the covariance factor, and then 

optimize the hyper-parameters through the BO algorithm on the basis of the CNN model, so as to 

make the model have a higher prediction accuracy. Comparative tests are conducted with BO-RF and 

PSO-SVM models to provide important scientific basis for major disaster prevention and prediction 

in the study area. 

2. Principles and Methods 

2.1 Convolutional Neural Networks for Bayesian Optimization 

Convolutional Neural Networks are an important part of deep learning, which originated from 

Hunel and Wiesel's research in 1962[35]. It originated from the research of Hunel and Wiesel in 1962, 

and has evolved on this basis to become the benchmark of deep learning today. Theoretically, 

convolutional neural network can be a good description of complex nonlinear relationships, and it is 

a feedforward neural network with better fault tolerance. Convolutional neural networks mainly 

include an input layer, a convolutional layer, a pooling layer, an activation layer and a fully connected 

layer.[34] Based on the convolutional layer, a simple linear expression is formed by stacking the 

operational layers of convolution, pooling and upsampling, and the fully connected layer is activated 

using the Softmax function to realize the binary classification problem. 

Bayesian optimization (BO) can quickly and accurately find the optimal solution of the model 

hyperparameters through multiple iterations and further optimize the model, so Bayesian 

optimization has an important role in parameter combination optimization. It is used to deal with the 

complex mapping relationship between the model fitting parameters and the objective function[32] . 

As in equation (1) 

, 
(1)

where z* is the global optimum of f(z). 

Landslide susceptibility is to predict the possibility of a landslide occurring in a certain place 

based on multiple environmental factors. Therefore, the construction of landslide susceptibility 

model should have a powerful feature extraction, probability prediction and linear regression fitting 

function, this paper adopts the deep learning method for model construction, in which the CNN has 

a better function in this regard, which can face the highly nonlinear landslide prediction to reduce 

the overfitting phenomenon of the model. In addition, there are many kinds of factors affecting the 

occurrence of landslides, and the direct processing of the original factor data will bring a lot of 

inconvenience to the model operation, thus wasting more computing power and leading to a 

reduction in the accuracy of the prediction model. For this reason, in this paper, by grading the factors 

and using the Pearson correlation coefficient for the initial screening of landslide factors, we obtain 

the dataset after screening, normalize the dataset to obtain the feature vectors, use the convolution 
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kernel to extract the feature vectors, and then use the BO algorithm to search for optimization of the 

hyperparameters of the CNN, and finally obtain the prediction results through the calculation of the 

fully connected layer. 

Data preprocessing

Sample Database

Training set, 70% data TestIng set, 30% data

Bayesian optimization of 
CNN hyperparameters

CNN basic structure 
design

Training a CNN model

Determining CNN 
hyperparameters

Outputting the optimal 
CNN model

Input layer

Convolutional 
layer

Pooling layer

Fully 
connected and 
softmax layers

Normalization Independence check

 

Figure. 1 Convolutional neural network with Bayesian optimization 

2.2 Random Forests 

In 2001, BREIMAN L and CUTLER A introduced Random forest for the first time with decision 

trees, sampling, pruning techniques, stochastic subspaces and their related statistical principles.[36] 

This intelligent combinatorial classification algorithm not only possesses good data mining, but also 

predicts complex problems more accurately.RF is a model that uses multiple decision trees as 

classifiers to carry out training and prediction.The model accuracy is necessary linked to the selection 

of model parameters.The manual tuning of the parameters is time consuming and 

unsatisfactory.Therefore, BO algorithm is chosen to perform hyper-parameter tuning to construct the 

BO RF model. 

2.3 Support Vector Machines 

Support vector machine classification method was completely proposed at the end of the 20th 

century[37,38] SVM classification. Due to the nonlinear transformation of the inner product function, 

the optimal hyperplane satisfying the classification is searched in the high-dimensional feature space. 

Particle swarm optimization (PSO) is a computational method that has been used for optimization 

processing, with the advantages of fast computing speed and easy implementation.[39] . In this way, 

the PSO algorithm can be applied to the support vector machine to find the optimal SVM parameters 

through the particle swarm, and each particle moves iteratively to find the potentially optimal 

particle swarm, using the constant updating of the particles to find the overall optimal position and 

to determine the direction of its movement and speed, in order to balance the global search and local 

search of the PSO algorithm, inertia weights are introduced, and the model optimization result is 

finally obtained. 
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2.4 Technical routes 

This paper adopts "3S" technology, InSAR radar technology and machine learning to study and 

design the program with the main line of landslide susceptibility evaluation in the study area. (1) 

data collection in the study area; (2) landslide cataloging; (3) construction of landslide susceptibility 

evaluation system; (4) construction of the model and accuracy evaluation. The research technical 

route of this paper is shown in Figure 2. 
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Figure 2. Research technologies routes. 
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3. Data Preparation and Analysis 

3.1 Overview of the Study Area 

The study area is located in Gengma, Cangyuan, and Shuangjiang counties in the southwestern 

part of Lincang City, Yunnan Province, with geographic coordinates between 98°52′ and 99°43′ E 

longitude and 23°04′ and 24°01′ N latitude (Figure 2). The study area was mainly selected in the 

region of the 1988 Lancang-Gengma earthquake, and the area extending 10 km outside the VII degree 

isobar of the Gengma earthquake was taken as the study area. There are many landslide geohazards 

in the study area, and the study mainly focuses on evaluating and analyzing the landslide geohazards 

in the area extending 10 km beyond the VII isoseismic line. The overall terrain of the study area is 

high on all sides and low in the middle, belonging to the Hengduan Mountain Range with high 

mountains and valleys. Most of the mountains were north-south or north-south direction, the 

northeast side of the mountain form high and steep, the highest elevation of 2931 m; southwest of the 

gullies and ravines, the lowest elevation of 676 m, the entire study area height difference of 2255 m, 

most of the terrain slope in 15 ° ~ 25 ° between. Local sections of the formation of cliffs, crustal uplift 

is strong, for the development of geological landslides provide favorable conditions[40] The local 

areas form cliffs with strong crustal uplift, providing favorable conditions for the development of 

geological landslides. 

 

Figure 3. Geographic location of the study area. 

3.2 Landslide Cataloging 

Landslide cataloging data is the prerequisite for landslide susceptibility evaluation, and the 

completeness and accuracy of its data is of great significance to landslide susceptibility evaluation. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 7 September 2023                   doi:10.20944/preprints202309.0444.v1

https://doi.org/10.20944/preprints202309.0444.v1


 7 

 

In this paper, based on the topography, geological structure and landslide ledger data of the study 

area, the landslide dataset was established through field validation by synthesizing a variety of new 

technological means, such as InSAR deformation rate, high-resolution satellite remote sensing, 

unmanned aerial vehicle (UAV) remote sensing and airborne LIDAR measurements, and a total of 

122 geologic landslides were identified(Figure 4), of which 70 landslides, accounting for 57.38% of 

the total number of landslides, have obvious deformations. 

 

Figure 4. Drone aerial view of landslide. 

3.3 Data Sources 

The data used in the comprehensive remote sensing survey of geologic hazards in the study area 

are characterized by high precision, high current status and high authority, and the data sources 

mainly include: 

Table 1. Data sources. 

Data categories 
data 

scale 

data time 

phase 
data sources 

DEM 30m 2021 ASTER GDEM V2 

Slope, slope direction, 

curvature 
30m 2021 Elevation data acquisition 

GF-2 remote sensing 

imagery 
1.0m 2020, 2021 

Yunnan Remote Sensing 

Center 

Google Remote Sensing 

imagery 
-- 2018-2021 Google Earth 

Quantity of rainfall 30m 2016-2020 
Yunnan Provincial Bureau of 

Statistics 

Rivers and roads -- 2020 
Data from the Third National 

Land Survey 

Stratigraphic lithology 

and faults 
1:50,000 2015 

Natural Resources Bureau 

(NRB) 

NDVI 30m 2020 Landsat 8 data 

Sentinel data 5m×20m 
2018.7-

2021.5 

European Space Agency 

(ESA) 
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3.4. Selection of Evaluation Factors 

Environmental conditions such as strong neotectonic movements, development of fracture 

tectonics, structural fragility of geotechnical bodies, differential climate, and high seismic activity, 

which lead to geologic hazards such as landslides, avalanches, and mudslides. The main factors of 

geotechnical proximity conditions of landslides, vegetation cover, and the influence of human 

activities Elevation (Figure 5a). Slope (Figure 5b) is one of the important factors influencing landslides 

and also an important parameter for assessing landslide susceptibility[41] , which reflects the degree 

of inclination of the surface and can be used to measure the efficiency of material flow and energy 

transfer at the surface. Slope orientation (Figure 5c) has a greater role in mountain ecology[42] . 

Different slope orientations cause differences in temperature, humidity, rainfall, sunshine hours and 

solar radiation intensity, which lead to differences in surface cover, which in turn cause differences 

in the effects of physical weathering and chemical differentiation, affecting the occurrence of 

landslides. Curvature (Figure 5d) is a factor that measures the change in distortion of the terrain 

surface, which is used to characterize the change in surface curvature in the vertical direction and to 

better reflect the complexity of the ground surface[43] . Large amount of precipitation (Figure 5e) will 

cause severe damage in the valley, precipitation will destroy the structure and material in the valley 

and it may also change the landscape of the valley and it may also cause changes in the vegetation 

and water in the valley, which may ultimately result in the collapse, landslides and mudslides in the 

valley. Vegetation (Figure 5f) is an important factor affecting the occurrence of landslides, which not 

only prevents soil erosion, but also improves the stability of slopes, and also regulates the climate 

and reduces the wind speed, thus playing the role of fixing slopes and preventing the loss of soil by 

scouring. The stability of mountain slopes is greatly affected by the large-scale construction of roads 

(Figure 5g), which leads to more landslides on mountain slopes. Erosion, hollowing out, and wave 

impacts by rivers (Figure 5h) will cause the rock layers at the bottom of valleys to be pushed away, 

resulting in cliffs at the bottom of valleys and creating a favorable environment for landslides to 

develop. Stratigraphic lithology (Figure 5i) is the material basis for the occurrence of landslides. 

Fractures (Figure 5j) play a significant role in the nurturing of landslides, and they are critical to the 

stability and security of the earth. As fractures continue to expand, they will severely destabilize the 

rock and soil on the upper and lower walls, as well as the entire surface, leading to more landslides. 

In the application of geohazard deformation monitoring, the displacement condition and spatial 

distribution of the deformation zone can be recognized by the InSAR deformation rate (Figure 5l, 

5m). Thirteen factors such as elevation, slope, slope direction, curvature, average annual rainfall, 

vegetation normalization index, stratigraphic lithology, distance from rupture, isokinetic line, 

distance from river, distance from road, deformation rate of descending rail and deformation rate of 

ascending rail are selected as the evaluation factors of landslide susceptibility, and the continuity 

data in the 13 evaluation factors are graded and processed; the discrete data are graded in accordance 

with the actual determination of the state, and the distribution map is shown in Figure 5. The 

distribution diagram is shown in Figure 5. 
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Figure 5. Distribution of evaluation factors. 

3.5 Independence Test 

Considering the possible correlation between the indicator factors, it is necessary to select the 

indicator factors by multiple covariance analysis. In this paper, by obtaining the landslide data and 

its evaluation factors in the study area, the evaluation factors were tested for mutual independence 

using the band set statistical tool in ArcGIS software, and their correlation coefficients (ρ = 

covariance/standard deviation) were obtained, in order to ensure the accuracy of the evaluation 

model of landslide susceptibility. ρ<0.3 represents the uncorrelation between the factors; 0.3 ≤ ρ<0.5 

is low correlation; 0.5 ≤ ρ<0.8 is medium correlation; ρ ≥ 0.8 is high correlation. 

As shown in Table 2, the correlation coefficients are all less than 0.3, indicating that the 

evaluation factors are independent of each other, and also indicating that all 13 evaluation factors can 

be included in the evaluation model. 

Table 2. Matrix of correlation coefficients of evaluation factors. 

EF a b c d e f g h i j k l m 

a 1.00             

b 0.04 1.00            
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c 0.00 0.02 1.00           

d 0.02 0.04 0.02 1.00          

e 0.03 -0.02 
-

0.04 
0.00 1.00         

f 0.13 0.15 
-

0.20 
0.05 -0.03 1.00        

g 0.15 0.09 0.02 0.01 -0.17 0.14 1.00       

h 0.20 -0.01 0.04 0.01 -0.11 0.06 0.12 1.00      

i -0.10 -0.14 
-

0.04 
-0.01 0.09 -0.16 -0.12 -0.01 1.00     

j -0.04 -0.06 0.01 0.00 0.13 -0.04 0.00 -0.05 0.13 1.00    

k 0.10 0.11 
-

0.02 
0.01 -0.20 0.15 0.12 -0.01 -0.09 0.01 1.00   

l -0.11 0.04 0.04 -0.01 0.01 -0.09 -0.02 -0.12 0.02 0.01 -0.03 1.00  

m 0.01 0.03 
-

0.04 
0.01 0.01 0.02 -0.02 0.01 -0.01 0.00 0.01 0.03 1.00 

Notes: EF: evaluation factors; a: Elevation; b: Slope; c: Slope direction; d: Curvature; e: Quantity of rainfall; f: 

NDVI; g: Distance from road; h: Distance from river; i: Stratigraphic lithology; j: Distance from faults; k: Line of 

equations; l: Rate of deformation of the descending rail; m: Rate of deformation of the ascending rail. 

3.6 Evaluation Factor Analysis 

In this paper, 30m×30m resolution raster cells are selected for evaluation, totaling 3931814 rasters 

in the study area. The matrix arrangement of raster cells enables them to store, retrieve and recall 

information easily, and thus has been widely noticed and emphasized by academics. Frequency Ratio 

(FR) is a variable statistical analysis technique used to measure the probabilistic relationship of 

multiple influencing factors, which can better identify the key factors affecting landslides and can 

more accurately predict the trend of landslide development.The FR method is characterized by the 

fact that it can more accurately identify the correlation between the influencing factors, in which the 

value of the FR value depends on the the characteristics of multiple influencing factors, the FR value 

is greater than 1, it means that the correlation between the factors is strong, and the FR value is less 

than 1, it means that the correlation between the factors is weak[44] The 

)//()/()( SSNNXFR ijijij =  

(i is the serial number of the evaluation factor; j is the serial number of the 

secondary classification) 

(2)

Where: Nij is the number of landslide rasters occurring in the ith evaluation factor j class; N is 

the total number of rasters of landslides in the study area, Sij No. is the number of rasters in the 

interval of the ith evaluation factor j class; S is the total number of rasters in the study area. 

As shown in Table 3, the points of landslide distribution in the mid-mountain region are much 

higher than those in the low-mountain region, and the FR value in the low-mountain region is larger 

than that in the mid-mountain region, with a value of 1.35.According to the elevation of this class 

classification, the contribution to the landslide development is large in the low-mountain region.The 

FR value is positively correlated with the slope, and the larger the slope, the larger the FR value is. 

FR values were greater than 1 in southeast, south, southwest and west slopes, with southeast and 

southwest slopes contributing the most to landslide occurrence, with FR values of 1.40 and 1.78, 

respectively.FR values were greater than 1 in the Kv ≤ 0 region of the study area, with a value of 1.05, 

which illustrates that Kv ≤ 0 has an effect on landslide occurrence. The average annual rainfall in the 

areas of <1200 mm, 1200-1300 mm, 1400-1500 mm and >1600 mm had FR values greater than 1. The 

landslide FR decreased gradually with the increase of NDVI, and the landslide frequency ratios of 

NDVI in the area of 0-0.6 were greater than 1, with a higher FR in the area of 0-0.3 with a FR value of 

2.54, the area of The area is mostly water bodies, bare land, cultivated land, and construction land, 

and human activities are relatively concentrated, which have a greater impact on the slope and are 

prone to landslides. As the distance from the road and the river increases, the FR value decreases 

gradually, in the distance from the road and the river 0-200 m, the FR value is the largest, the value 

is 3.24, 2.87 respectively, because of the influence of human engineering activities on both sides of the 

river, thus destroying the stability of the slope, resulting in the region prone to landslides. The FR 

values of P1d, C1pz and Eγδπ lithologies in the study area are all greater than 1, indicating that these 
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lithologies have a certain role in landslide breeding, of which the Eγδπ lithology has the greatest 

influence, with an FR value of 7.10, and the formation is Old Tertiary quartz amphibole porphyritic. 

There is an obvious statistical relationship between the distance from the fracture and landslides, 

with the distance from the fracture becoming farther, the FR value becomes smaller gradually, and 

when the distance from the fracture is 300 m, the FR value is the largest, which is about 1.19, 

indicating that the closer the distance from the fracture, the more prone to landslides. The study area 

is mainly distributed in the (-5,5] mm/y area, accounting for 47.10%, and the FR value is greater than 

1 in the areas of less than -50 mm/y, (5,10] mm/y and greater than 10 mm/y, among which the FR 

value of <-50 mm/y area is the largest, with the value of 12.50, because the area of the settlement zone 

occupies a very small area, however, the landslides partially distributed in its area, resulting in a 

large FR value. 

Table 3. Weights of evaluation factors. 

Evaluation 

factors 
Classification Type Nij Sij Sij/S Nij/N FR 

Elevation 

low mountains 
continuou

s 

147862 52 3.76% 5.07% 1.35 

middle 

mountains 

378395

2 
973 

96.24

% 

94.93

% 
0.99 

Slope 

flat 

continuou

s 

179825 1 4.57% 0.10% 0.02 

moderate 903278 95 
22.97

% 
9.27% 0.40 

incline 
154319

2 
340 

39.25

% 

33.17

% 
0.85 

steep 
101812

8 
334 

25.89

% 

32.59

% 
1.26 

rapid 245035 184 6.23% 
17.95

% 
2.88 

dangerous 42356 71 1.08% 6.93% 6.43 

Slope 

direction 

Else 

continuou

s 

10215 0 0.26% 0.00% 0.00 

north 487498 15 
12.40

% 
1.46% 0.12 

northeastern 485069 114 
12.34

% 

11.12

% 
0.90 

easth 500801 117 
12.74

% 

11.41

% 
0.90 

southeast 509367 186 
12.96

% 

18.15

% 
1.40 

south 482217 123 
12.26

% 

12.00

% 
0.98 

southwestern 517237 240 
13.16

% 

23.41

% 
1.78 

western 479561 121 
12.20

% 

11.80

% 
0.97 
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northwest 459849 39 
11.70

% 
3.80% 0.33 

Curvature 

≤0 
continuou

s 

236522

3 
647 

60.16

% 

63.12

% 
1.05 

＞0 
156659

1 
378 

39.84

% 

36.88

% 
0.93 

Quantity of 

rainfall 

<1200mm 

continuou

s 

396165 223 
10.08

% 

21.76

% 
2.16 

1200～1300mm 853043 242 
21.70

% 

23.61

% 
1.09 

1300～1400mm 962239 114 
24.47

% 

11.12

% 
0.45 

1400～1500mm 806605 230 
20.51

% 

22.44

% 
1.09 

1500～1600mm 692583 115 
17.61

% 

11.22

% 
0.64 

>1600mm 221179 61 5.63% 5.95% 1.06 

NDVI 

0～0.30 

continuou

s 

170370 113 4.33% 
11.02

% 
2.54 

0.30～0.60 
135729

2 
535 

34.52

% 

52.20

% 
1.51 

0.60～0.80 
121998

8 
238 

31.03

% 

23.22

% 
0.75 

0.80～0.90 471944 68 
12.00

% 
6.63% 0.55 

0.90～1.00 712220 71 
18.11

% 
6.93% 0.38 

Distance 

from road 

0～200m 

discrete 

407332 344 
10.36

% 

33.56

% 
3.24 

200～400m 333967 112 8.49% 
10.93

% 
1.29 

400～600m 298890 77 7.60% 7.51% 0.99 

600～800m 271858 50 6.91% 4.88% 0.71 

800～1000m 249179 37 6.34% 3.61% 0.57 

＞1000m 
237058

8 
405 

60.29

% 

39.51

% 
0.66 

Distance 

from river 

0～200m 

discrete 

392232 293 9.98% 
28.59

% 
2.87 

200～400m 367396 126 9.34% 
12.29

% 
1.32 

400～600m 352797 45 8.97% 4.39% 0.49 
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600～800m 333975 125 8.49% 
12.20

% 
1.44 

800～1000m 313162 56 7.96% 5.46% 0.69 

＞1000m 
217225

2 
380 

55.25

% 

37.07

% 
0.67 

Stratigraphi

c lithology  

Pt1-2L 

discrete 

456693 36 
11.62

% 
3.51% 0.30 

T3sc 364912 78 9.28% 7.61% 0.82 

P1d 969094 270 
24.65

% 

26.34

% 
1.07 

J2h 453505 62 
11.53

% 
6.05% 0.52 

D1w 254016 60 6.46% 5.85% 0.91 

C1pz 831436 368 
21.15

% 

35.90

% 
1.70 

φω 4203 0 0.11% 0.00% 0.00 

Qh 58522 0 1.49% 0.00% 0.00 

N1n 249953 15 6.36% 1.46% 0.23 

Eγδπ 62648 116 1.59% 
11.32

% 
7.10 

O1lj 35968 0 0.91% 0.00% 0.00 

Pz1ln 190864 20 4.85% 1.95% 0.40 

Distance 

from faults 

0～300m 

discrete 

517925 161 
13.17

% 

15.71

% 
1.19 

300～600m 472810 110 
12.03

% 

10.73

% 
0.89 

600～900m 416287 66 
10.59

% 
6.44% 0.61 

900～1200m 362051 81 9.21% 7.90% 0.86 

＞1200m 
216274

1 
607 

55.01

% 

59.22

% 
1.08 

Line of 

equations 

Ⅸ 

continuou

s 

284748 64 7.24% 6.24% 0.86 

Ⅷ 560974 96 
14.27

% 
9.37% 0.66 

Ⅶ 
145677

0 
407 

37.05

% 

39.71

% 
1.07 

Ⅶoutside

（10km） 

162932

2 
458 

41.44

% 

44.68

% 
1.08 

Rate of 

deformation 

＜-50mm/y continuou

s 

53117 2 1.35% 0.20% 0.14 

(-50,-30]mm/y 98026 2 2.49% 0.20% 0.08 
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of the 

descending 

rail 

(-30,-10]mm/y 632192 68 
16.08

% 
6.63% 0.41 

(-10,-5]mm/y 558989 106 
14.22

% 

10.34

% 
0.73 

(-5,5]mm/y 
137699

1 
419 

35.02

% 

40.88

% 
1.17 

(5,10]mm/y 489349 200 
12.45

% 

19.51

% 
1.57 

＞10mm/y 723150 228 
18.39

% 

22.24

% 
1.21 

Rate of 

deformation 

of the 

ascending 

rail 

＜-50mm/y 

continuou

s 

1534 5 0.04% 0.49% 12.50 

(-50,-30]mm/y 28609 4 0.73% 0.39% 0.54 

(-30,-10]mm/y 489548 106 
12.45

% 

10.34

% 
0.83 

(-10,-5]mm/y 528806 110 
13.45

% 

10.73

% 
0.80 

(-5,5]mm/y 
185189

1 
475 

47.10

% 

46.34

% 
0.98 

(5,10]mm/y 563188 204 
14.32

% 

19.90

% 
1.39 

＞10mm/y 468238 126 
11.91

% 

12.29

% 
1.03 

4 Analysis of Evaluation Results 

4.1 Results of the Vulnerability Assessment 

After grading the evaluation factors, the graded information values corresponding to the 13 

evaluation factors and the superimposed total information values are obtained. Since the evaluation 

factors have different scales, distribution spaces and values, the evaluation factors are normalized to 

unify the data in order to facilitate better data processing by the model. The commonly used method 

for normalization is min-max, which is calculated by the formula: 

X* = (X - Xmin) / (Xmax - Xmin), (3)

Where Xmax and Xmin represent the maximum and minimum values of the data set. In this 

study, 13 evaluation factors are selected to establish a sample data set, which includes landslide 

samples and non-landslide samples. A binary classification model was constructed to assign a value 

of "0" to the non-landslide unit and a value of "1" to the landslide unit. The sample data were divided 

into training data set and test data set according to 7:3, and the training data set was used for 

modeling operations, and the test data set was used for model accuracy testing. 

In this paper, we use python3.8 software to train the random forest model, import the samples 

into the software, divide the training dataset and test dataset by using the random forest classifier, 

use the training dataset for modeling, and optimize the model before modeling, and search for the 

optimal hyper-parameter values by using the Bayesian optimization algorithm, which mainly focuses 

on the hyper-parameters such as n_estimators, max_depths, n_estimators, max_depths, 

min_samples_splits and max_features to get their optimal parameter values. The values of 

hyperparameters through 64 iterations are max_depth=18; min_samples_split=3; 
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min_samples_leaf=1, max_features=1. The parameters are inputted into the model, and the modeling 

operation is carried out to get the landslide susceptibility results. 

The accuracy of SVM, on the other hand, depends entirely on the chosen kernel function, and 

these variables contain linear function, radial basis function (RBF), sigmoid, and polynomial. Due to 

the better stability and robustness of the RBF radial basis function, the RBF radial basis function is 

chosen as the kernel function of the prediction model in this paper. Parameter selection is the most 

critical in the support vector machine model, and the parameter selection is directly related to the 

prediction performance of the model. In this paper, intelligent optimization search is carried out by 

PSO, which finds the potentially optimal particle swarm through each particle movement iteration, 

finds the overall optimal position by using the continuous updating of the particles and determines 

the direction of its movement and speed, and in order to balance the global and local searches of the 

PSO algorithm, inertia weight is introduced, and the final obtain the model optimization results. 

When initializing the particle swarm optimization calculation, the number of particle swarms in it is 

adjusted to 50, and the highest evolution frequency in it is adjusted to 200, and at the same time, the 

local search ability factor c1 is adjusted to 1.3, and the global search ability factor c2 is adjusted to 1.5, 

and the inertia weight ω is adjusted to 0.6, and furthermore, the initial coefficient wV is adjusted to 

1, and the initial coefficient wP is adjusted to 1. After iteration, the SVM parameter optimization 

results are obtained as follows: penalty factor C=1 and kernel parameter gamma=0.02. Substituting 

the parameters into the model operation, the landslide susceptibility results are obtained. 

In this paper, all the landslide evaluation factors are combined together, and each pixel can be 

regarded as a one-dimensional feature vector, and these vectors together constitute a one-

dimensional array of the study area. Using the sample data randomly selected in the ratio of 7:3 to 

form the training set and test set for model training, and constructing a one-dimensional 

convolutional neural network based on keras. Firstly, the one-dimensional sample data consisting of 

13 evaluation factors are input into the model, a convolutional layer of size 3 is constructed, and 32, 

64, and 128 filters with kernel 3 are selected for feature extraction, respectively, and an average 

pooling layer of size 2 is defined behind each convolutional layer while keeping the output dimension 

unchanged to extract the salient features and at the same time reduce the parameters. According to 

Sigmoid, ReLU, Leaky ReLU, tanh activation function for comparison experiments, after comparison 

selected tanh activation function for experimental research in this paper, using Bayesian optimization 

algorithm to adjust the model hyper-parameters to optimize the performance of the model, get batch 

size = 128, epoch = 200 the best results, substitution of the parameters for the operation to get landslide 

The result of landslide susceptibility is obtained by substituting the parameters. 

In order to realize the processing and visualization of the landslide susceptibility prediction 

results, ArcGIS10.2 software was used, combined with the resultant data obtained from the model, 

and the predicted values of the dataset were converted into raster image elements through the point 

to raster in the conversion tool of the software, and the landslide susceptibility assessment value of 

the whole study area was graded according to the natural segment point method of the software, and 

divided into five susceptibility grade intervals: low susceptibility zone , lower susceptibility zone, 

medium susceptibility zone, higher susceptibility zone, and high susceptibility zone.The landslide 

susceptibility maps of PSO-SVM, BO-RF, and BO-CNN models are shown as (Ⅰ), (Ⅱ), and (Ⅲ) in 

Figure 6, respectively. By observing the landslide susceptibility maps predicted by the three models, 

all of them have similar spatial distributions, with high susceptibility zones mainly distributed in the 

southwestern part of the study area and low susceptibility zones mainly distributed in the 

northwestern part of the study area. 
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Figure 6. Landslide susceptibility map. 

4.2 Evaluation Accuracy Analysis 

The ROC curve shows that there is a close connection between sensitivity and specificity, and 

the relationship between them forms a complete network. By observing the performance of the ROC 

curve, we can better measure the performance of the model and thus make more accurate predictions. 

After previous practice, it is summarized that the value of the ROC curve closest to the inflection 

point in the upper left corner is the most appropriate value to be set as the threshold for 

classification[45–47] The area under the curve (area under the curve) is the most appropriate 

threshold for classification. The area under curve (AUC) is the evaluation criterion for detecting the 

goodness of the model, and the size of the AUC value plays a decisive role in the prediction accuracy 

of the model, usually when the AUC value is lower than 0.5, the model has no prediction ability, 

when the AUC value is 0.5-0.7, the model has lower prediction ability, when the AUC value is 0.7-

0.9, the model has higher prediction ability, and the AUC value is greater than 0.7, the model has 

lower prediction ability, and the AUC value is greater than 0.7, the model has lower prediction ability. 

predictive ability, and for AUC values greater than 0.9, the model has very high predictive ability. 

FRTP

TP
TPR

+

=

, 
(4)

FPTN

FP
FPR

+

=

, (5)

Where: TPR is the true positive rate, FPR is the false positive rate.TP is the number of true 

positives, FP is the number of false positives, FR is the number of false negatives and TN is the 

number of true negatives. 

In this paper, the training set data are calculated by the optimization model, the ROC curve is 

plotted using the test data set, and the value of AUC is calculated. As shown in Figure 7, the ROC 

curves drawn by PSO-SVM, BO-RF and BO-CNN models are all close to the inflection point at the 

upper left corner, indicating that all three models can effectively evaluate the landslide susceptibility, 

and the AUC values of PSO-SVM, BO RF and BO-CNN models are 0.9388, 0.9529 and 0.9535, 

respectively, which indicates that the prediction accuracies of the three models are high, and all of 

them can accurately evaluated the landslide susceptibility in the study area, among which the CNN 

model evaluated the best. 
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Figure 7. ROC curve. 

Through reclassification in the Spatial Analyst tool in ArcGIS 10.2 software, the raster image 

elements and the number of landslides in the geologic landslide susceptibility zones of the study area 

were counted, and the results of landslide hazard susceptibility in the study area were analyzed using 

the FR method. As can be seen in Figure 8, the prediction results of PSO-SVM, BO-RF and BO-CNN 

models were classified into five categories of susceptibility zones, namely, high, high, medium, low 

and low, using the natural breakpoint method.The area of landslide susceptibility in low 

susceptibility zones of BO-CNN model accounted for 68.43% of the total area, and the area of low 

susceptibility zones was larger than that of BO-RF and PSO-SVM, and the area of high susceptibility 

zones accounted for 5.46% of the total area, and the area of high susceptibility zones accounted for 

5.46% of the total area. and the area of high susceptibility zone is smaller than that of BO-RF and PSO-

SVM; the distribution of landslides in each susceptibility zone is relatively the same in each model, 

and the proportion of landslides in high susceptibility zones is 76.10%, 84.39%, and 81.37%, 

respectively; the frequency ratios of BO-CNN in the high susceptibility zones and higher 

susceptibility zones are greater than 1, and those in the middle susceptibility zones, lower 

susceptibility zones, and lower susceptibility zones are less than 1, with the highest value of 

frequency ratio and the value of frequency ratio in the high susceptibility zone being the highest. The 

frequency ratio of BO-CNN in the high susceptibility zone and higher susceptibility zone is greater 

than 1. The frequency ratio of BO-CNN in the middle susceptibility zone and lower susceptibility 

zone and low susceptibility zone is less than 1, in which the frequency ratio of the high susceptibility 

zone is the highest, with a value of 14.90 and higher than that of BO-RF and PSO-SVM, whose 

frequency ratios in the high susceptibility zone are 10.35 and 11.21, respectively, which indicates that 

BO-CNN model has a high accuracy in the prediction of landslide susceptibility. 

 

Figure 8. Distribution of landslides by susceptibility class. 
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5 Conclusion 

Aiming at the problems of limited data sources of traditional landslide monitoring means and 

the lack of effective methods to excavate the spatial distribution characteristics of landslide disasters 

and their triggering factors, this paper provides a landslide susceptibility evaluation method taking 

into account InSAR deformation, utilizing the historical landslide data, high-resolution satellite 

remote sensing, unmanned aircraft remote sensing, airborne LIDAR measurements, and surface 

deformation information of the study area by inverting the InSAR technology, combining the 

engineering geology principles and landslide interpretation signs to carry out early identification of 

regional landslides, and 122 landslide databases were established after field verification. In this 

paper, after screening, we finally selected 13 evaluation factors, including elevation, slope, slope 

direction, curvature, average annual rainfall, vegetation normalization index, stratigraphic lithology, 

distance from faults, Line of equations, distance from rivers, distance from roads, rate of descending 

and ascending deformation, and constructed an evaluation index system by using the factors to build 

a data set of landslides in the study area, and then adopted BO-CNN model to evaluate the 

susceptibility of landslides in the study area from the point of view of disaster prevention and 

mitigation. model to evaluate the landslide susceptibility of the study area from the perspective of 

disaster prevention and mitigation. 

The screened evaluation factors were tested for independence, and the 13 evaluation factors 

were independent of each other to ensure the accuracy of the susceptibility model. The relationship 

between landslides and indicator factors was analyzed based on the frequency ratio method by 

grading each evaluation factor. The results showed that the categories of the impact factors identified 

by the frequency-ratio model included elevation of low mountains, slope gradient of sharp, steep and 

dangerous slopes, slope direction of south-east and south-west slopes, topographic curvature less 

than or equal to 0, average annual rainfall of less than 1300 mm, 1400-1500 mm and more than 1600 

mm, NDVI 0-0.6, distance from roads 0-400 m, distance from rivers 0-400 m and 600-800 m, the 

stratigraphic lithology is P, C, Eγδπ , the distance from the fault is 0-300 m and more than 1200 m, 

the isoseismic line is Ⅶ and Ⅶ outside (10km), the rate of deformation of the descending rail is 

more than -5 mm/y, and the rate of deformation of the ascending rail is less than -50 mm/y and more 

than 5 mm/y, which has an indirect or direct contribution to the occurrence of landslides. 

PSO-SVM, BO-RF and BO-CNN landslide susceptibility models were implemented using 

Python programming language and susceptibility evaluation was performed. In order to determine 

the accuracy of the models, ROC and AUC are selected as the model accuracy indicators in this paper. 

The calculation results show that the ROC curves of the three models are close to the upper left corner, 

and the AUC values of the three models are 0.9388, 0.9529, and 0.9535, respectively, among which 

the BO-CNN model obtains the most effective ROC curve and AUC value. The distribution of 

susceptible zones in the study area was analyzed, and the feasibility of the models was tested with 

the percentage of the number of landslides in the susceptible zones predicted by the three models 

and the FR. The experimental results show that the proportion of landslides in the high susceptibility 

zone of PSO-SVM, BO-RF and BO-CNN are 76.10%, 84.39% and 81.37%, respectively, which indicates 

that the majority of landslides in the study area of landslides are distributed in the high susceptibility 

zone in line with the actual situation, and the FR value of landslides in the high susceptibility zone 

of BO-CNN is as high as 14.9, and the FR value is much higher than 1, which demonstrates a stronger 

correlation . The combination of the two situations shows that the BO-CNN model is used for 

landslide susceptibility evaluation with high accuracy. 
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