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Fig. 1 Flow chart of relevance vector machine
optimized by genetic algorithm
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Fig. 3 Evaluation factor layers
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Fig. 4 Earthquake—induced landslide susceptibility zoning
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Table 2 Statistical results of susceptibility zoning of earthquake—induced landslide based on RVM

UMYX 43 X TR km? TR i L f5il/% A3 DX NI A WP 7 A% T2 B/ (AN km?)

PR ARARURR X 549.0324 46.5472 2 0.1735 0.004
R IX 302.1219 25.6140 1 0.0867 0.0033
HR AR X 286.6491 24.3022 375 32.5239 1.3082
R U IX 25.1847 2.1352 322 27.9272 12.7855

e e AR X 16.5294 1.4014 453 39.2888 27.4057

jcSan 1179.518 1153
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Table 3 Statistical results of susceptibility zoning of earthquake—induced landslide based on SVM

U S X 43 X TR km? TAFRPT i L f6il/% A3 DX P I3 S AN AT & L% B E (k™)

AR X 962.1927 81.5751 11 0.95403 0.0114
AR X 58.7691 4.9824 9 0.78057 0.1531
HR AR IX 36.4437 3.0897 130 11.2749 3.5671
R IX 36.8676 3.1256 250 21.6825 6.7810

e e FURRIX 85.2444 7.2271 753 65.3079 8.8334
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Application of relevance vector machine to earthquake—induced
landslide susceptibility assessment

QIU Dandan'’, NIU Ruiqing', Yang Yun’
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Abstract The earthquake— induced landslide susceptibility assessment is one of the important parts in the researches of secondary
disasters of earthquake. In view of the large amount of data, the rich information, the complex relationship, it is a very difficult task. This
paper takes Lushan in the 2013 Lushan earthquake as the research area. Massive landslides were triggered by this earthquake. Among
these landslides, 226 landslides are interpreted based on aerial photographs in Lushan, which are verified by the field investigation. Then 9
impact factors are selected by the Pearson correlation analysis, including the elevation, the slope, the aspect, the curvature classification,
the slope structure, the lithology, the distance from drainages, the distance from faults, and the peak ground acceleration. The relevant
vector machine(RVM) is a new learning procedure based on the statistical learning theory, and a genetic algorithm(GA) is adopted to
optimize the parameter of the RVM. The proposed GA—RVM model is used to calculate the landslide susceptibility value, to produce
susceptibility zoning. The statistical data of the susceptibility zoning are as follows: (1)the accuracy rate of the landslides is 99.74%; (2)the
density of the landslides in a high susceptibility zoning is 27.4057 per square kilometers. The result shows that the relevant vector machine
model is better than the support vector machine and is suitable for the earthquake—induced landslide susceptibility assessment and the
earthquake disaster prevention.

Keywords relevant vector machine; geneticalgorithms; earthquake—induced landslides; susceptibility assessment
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