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Tab.1 Comparison of factor VIF in two data organization formats
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Research on the influence of factor organization on the

SVM results of regional landslide risk assessment

XIE Huawei', CHEN Jianhua', GAN Xianxia', XU Kaihang*, ZHAO Zheng’
(1. Chengdu University of Technology,College of Geophysics,Chengdu 610059,Chinaj;
2. Sichuan Huadi Construction Engineering Co. , Ltd. ,Chengdu 610081, China;

3. Institute of Geographic Sciences and Natural Resources Research,Chinese Academy of Sciences,Beijing 100101, China)

Abstract: A landslide is a kind of geological disaster widely distributed worldwide and causes considerable losses to the e-
conomy and peoples lives yearly. Carrying out a landslide risk assessment is significant to landslide prevention and treatment.
However, previous studies rarely mention which data organization is more suitable for landslide risk assessment. Therefore,
The landslide risk evaluation is carried out support vector machine model as the evaluation model and Lushan County, Sichuan
Province, as the research area, based on two factors: factor classification or not, and the results are compared with indicators
such as the validation set ROC curve, the distribution characteristics of the evaluation results of the whole area, the success
rate curve, and the histogram index to explore the impact of factor grading on the evaluation results. During model training.,
the AUC values of the models constructed by the two data types on the validation set were 0. 893 (grading value) and 0. 813
(continuous value) , respectively. The two models were applied to the risk assessment of the whole district, and the natural
breakpoint method was used to divide the results into three levels: low, medium, and high. Among them, high—risk areas ac-
counted for 19. 3% (grading value) and 20. 4% (continuous value). Two indicators, the success rate curve, and landslide risk
index histogram, were used to evaluate the results. The AUC value of grading data was 0. 80, and the AUC value of continu-
ous data was 0. 76. The histogram comparison shows that the histogram characteristics of the graded values align more with ex-
pectations. This article compares multiple indicators and concludes that the classification factor is more suitable for SVM —
based landslide risk assessment.

Keywords: data organization form; support vector machine; multi— collinearity analysis; landslide risk assessment; multi

—index comparison



