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Abstract: Objectives: The influence of environmental factor classification interval and machine learning
model on modeling results in landslide susceptibility evaluation modeling cannot be ignored. In order to ex-
plore the influence of these two factors on the evaluation results of landslide susceptibility. Methods: The

evaluation index system is constructed by weighting the environmental factors based on the subjective and
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objective weighting method, and then the influence of different continuous variable factor classifications on
the accuracy of landslide susceptibility evaluation results is explored by using the GeoDetector. Then, the
random forest model, the gradient boosting model and the neural network model optimized by genetic
algorithm are used to study the landslide susceptibility. Results: The results show that: the maximum area
under curve value calculated by the partition combination with the highest correlation degree with the disaster
obtained by the GeoDetector is 0.886.This finding indicates that the method can obtain the optimal classifi-
cation interval and can effectively improve the accuracy of the susceptibility evaluation results. In the evalua-
tion of susceptibility, the random forest model has been demonstrated to be the most effective, with a
9.7% and 9.6% increase over the gradient limit lifting model and the neural network model optimised by
genetic algorithm, respectively. Conclusions: The optimal classification interval of environmental factors,
as determined by GeoDetector, is reasonable, and the random forest model is both efficient and accurate in
its evaluation of landslide susceptibility.

Key words: landslide susceptibility; GeoDetector; subjective and objective combination empowerment;

continuous variable factor classification; machine learning model
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WEEH T W, w, w
SN 0.326 0.077 0.230
i 2 A 0.217 0.131 0.184
i & B 0.109 0.047 0.085
W 0.041 0.140 0.079
HLRS 7 0.041 0.131 0.076
W7 J2 B 0.043 0.093 0.062
b AT A AR 0.041 0.091 0.060
e 1w 0.028 0.089 0.051
0 i 0.043 0.056 0.048
BURoIEE S 0.022 0.057 0.035
- 1y % 0.015 0.029 0.021
) 1y 2% 0.015 0.029 0.020
i R 5 R A 0.022 0.012 0.018
HES 0.022 0.011 0.018
[ 0.015 0.006 0.012
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Table 3 Environmental Factor Grading Interval ¢ Value

Ja X RS bR R OEE W2
17 % R EORE ®mE OHE W
4 0.036 0.032 0.051 0.023 0.013 0.048 0.030
5 0.057 0.043 0.056 0.050 0.041 0.049 0.041
6 0.061 0.045 0.069 0.060 0.056 0.059 0.053
7 0.040 0.044 0.070 0.056 0.065 0.055 0.055
8 0.054 0.041 0.072 0.054 0.067 0.059 0.062
9 0.061 0.062 0.057 0.054 0.040 0.056 0.058
10 0.061 0.062 0.057 0.055 0.043 0.059 0.059
11 0.062 0.065 0.057 0.059 0.048 0.059 0.061
12 0.058 0.067 0.057 0.060 0.048 0.058 0.064
13 0.065 0.069 0.057 0.055 0.056 0.058 0.062
14 0.068 0.072 0.057 0.055 0.062 0.065 0.062
15 0.067 0.069 0.057 0.071 0.062 0.067 0.064
16 0.065 0.069 0.057 0.072 0.075 0.063 0.066
17 0.065 0.066 0.057 0.071 0.075 0.061 0.067
18 0.061 0.062 0.057 0.071 0.075 0.059 0.066
19 0.056 0.065 0.057 0.070 0.085 0.060 0.066
20 0.064 0.066 0.057 0.065 0.088 0.063 0.065
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