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(Faculty of Engineering, China University of Geosciences (Wuhan), Wuhan, Hubei 430074, China)

Abstract: When using machine learning models for landslide susceptibility evaluation, the non-landslide sample
points are usually selected randomly outside the landslide influence area, leading to a certain error. To improve the
accuracy of landslide susceptibility evaluation, this paper couples the self-organizing map (SOM) neural network,
information (I) model, and support vector machine (SVM) model, and proposes a SOM-I-SVM model-based
method of landslide susceptibility evaluation, comparing with K-means clustering to verify the reliability of this
model. The Maojian District of the city of Shiyan is taken as an example, and seven factors of the distance from
water system, slope, rainfall, distance from structure, relative height difference, distance from road, stratigraphic
lithology are selected by correlation and importance analyses of environmental factors to establish a landslide
susceptibility evaluation system. Based on these, the graded information values of each factor are calculated and

used as input variables for landslide susceptibility evaluation. The SOM neural network and K-means clustering
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are used to select non-landslide samples, and the sample data set is substituted into the [-SVM model to predict
landslide susceptibility. The prediction accuracies of the four models, SVM, I-SVM, KMeans-I-SVM and SOM-I-
SVM, are compared, and the area under the ROC curve (AUC values) are 0.82, 0.88, 0.90 and 0.91, indicating that
the SOM-I-SVM model can effectively improve the accuracy of landslide susceptibility prediction.

Keywords: landslide; susceptibility assessment; information model; SVM; SOM
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Table 1 Information values of each evaluation factor

HF IrB It ITi i fFE& He
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AHXF 5 25/m
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>50 2 75 -1.368 920 571 28
<10 27 398 0.090 011 487 14
11~20 11 228 0.198 677 83 9
21~30 24 733 0.440 412 967
W/ (°)
31~40 12 322 ~0.467 576 242 23
41 ~50 68 ~0.995 249 727 27
>50 0.000 01 ~14.864 234 87 29
RAFHCRA SR A 2 4 98 —0.573 082 265 25
e, B - R R 2 50 1113.75 ~0.087 934 243 18
TR A N N el 7 LL il "
PR RS- R R AR AV R R 24 537.25 0.518 090 502 6
[N G RN 0 0.000 01 —15.177 420 68 30
<200 14 340 0.648 102 911 4
) ) 201 ~ 600 9 273 -0.232 119 776 21
TR 1 /m
601 ~ 1 000 15 255 -0.168 793 518 19
>1 000 40 881 —0.048 684 404 17
<200 42 738 0.783 625 576 3
201 ~ 400 12 225 -0.214 301 889 20
/K R HE B /m
401 ~ 600 6 282 0.127 347 427 10
>600 18 504 —0.562 859 754 24
785 ~ 855 5 109 -0.633 53 26
856 ~ 891 27 525 0.109 45 12
AERE R /mm
892 ~ 925 24 526 -0.041 13 16
926 ~1010 22 589 0.115 10 11
<50 3 54 0.555 417 5
51~ 100 9 279 1.058 39 2
T PR S /m
101 ~ 150 20 351 1.366 02 1
>150 45 1065 -0.363 34 22
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Table 2 Parameters of the SVM and I-SVM models

BOREADL @38 Wi K RS BALES
- C 0.1~10 0.1 1.1 0773
y 0.1~10 0.1 0.123 28 '
C 0.1~10 0.1 0.8
I-SVM 0.848
y 0.1~10 0.1 10.481 13

IR 5 Ty K X 14.6% . 1 By K X 7 18.3% ., H 5y K IX.

hi 26.4% . K 5 Kk X i 40.7%, 1-SVM BRI (94 25 5 &

X 5 13.0%. @ 5 & IX 5 17.0%., 5 % X i 24.8%,

%5 K X i 45.2%
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Table 3 Results of the SVM and I-SVM models

yA 53 b H ¥ (=g
BRI 5 g P /N/ifi oA E?%WU J%‘%\éﬁﬂt ﬁir{ig/fi
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SYM B 5K IX 89.737 183 21 26.9
e 125 55 K2 IX. 71.622 14.6 31 39.7
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g RIX 121.872 24.8 13 16.7
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e 5 K X 63.695 13.0 39 50.0
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Fig. 10 Landslide susceptibility zoning and sample selection of

the KMeans model
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Table 4 Parameters of the SOM-I-SVM and KMeans-I-SVM

models
HRERIHE Y S AREE AR RS BT
C 0.1~10 0.1 0.7
SOM-I-SVM 0.879
y 0.1~10 0.1 0.394 42
C 0.1~10 0.1 6.0
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y 0.1~10 0.1 0.763 96
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Fig. 12 Zoning map of landslide susceptibility based on the
KMeans-I-SVM model
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Table 5 Results of the KMeans-I-SVM and SOM-I-SVM models

SR BT ILE] MR S
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HHRIX 83.54 17.0 14 18.0
e 5 K IX 62.48 12.7 45 57.7
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69.23%. 69.23% K 75.64%. FILLAF H, 24K HZF/ )7
DRR A I, AR Y f T ok ) FE A BT P e, BT A %R
AR5 & X B o e DX i 22, U B AR LA —
JE )6 B

T X5 A 45 R AT 3 0 B AL L, i — 20 R A
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