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Abstract: Accurate landslide susceptibility maps are beneficial for management departments to carry out land
use planning and disaster prevention and mitigation. It has been an important field in the landslide risk assess-
ment and management in China. This study aims to compare and analyze the performance of different data-driv-
en models in the assessment of regional landslide susceptibility. The middle reaches of the Yellow river were se-
lected as the study area, and a database including 684 historical landslide points was obtained through detailed
field investigation combined with visual interpretation of remote sensing images. 14 evaluation factors were se-
lected, Pearson correlation coefficient was used to analyze the correlation between these factors, and the C5.0
decision tree algorithm was used to determine the importance of each factor. Three typical data-driven models
(Weighted Information Volume (WIV), Support Vector Machine (SVM) and Random Forest (RF)) were select-
ed to evaluate the regional landslide susceptibility, and the performance of the models were verified by the Re-
ceiver Operating Characteristic (ROC) curve and the area AUC value under the curve. The results show that the
distance from the road, the distance from the river and the slope are the most important contributing factors to
the occurrence of landslides in this area. The majority of historical landslides occurred in the moderate and high
susceptibility zones on the landslide susceptibility map. The landslide points in the high/very high susceptibility
area obtained by SVM and RF models exceed 70% of the total landslide points. The RF model performed the
best, with the high susceptibility area accounting for 21.9% of the area and the number of landslides accounting
for 90.5% of all historical landslide points. A comparison of AUC accuracy shows that the RF model is more ac-
curate than the other two models: RF has an AUC of 0.904, while WIV and SVM have AUCs of 0.845 and 0.847
respectively.

Keywords: landslide susceptibility; weight; data-driven model; decision tree; environmental factors; ran-
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Fig. 2 Environmental factors of landslide susceptibility assessment
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Fig. 3 (a) The training set prediction results and (b) test set prediction results.
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decision tree model
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Tab. 1 Calculation of the IV of the landslide environmental factors
WEE ¥ fH Ni/N Si/S HHE L EPsE FE SRS He#
594~774 0.39 0.39 1.00 0.90 0.0657 9
774~ 901 0.22 0.76 0.29 -0.33 0.024 09 61
FF (m) 901~ 1028 0.26 0.69 0.38 -0.07 0.073 0.005 11 40
1028~1183 0.11 0.51 0.21 —0.67 0.048 91 66
1183~1510 0.01 0.08 0.16 -0.92 0.067 16 68
0~7 0.14 0.19 0.74 -0.30 -0.032 1 62
7~12 0.20 0.29 0.68 -0.39 0.04173 64
YeEE (°) 12~17 0.26 0.28 0.96 -0.05 0.107 0.005 35 42
17~23 0.25 0.18 1.39 0.33 0.035 31 15
23~59 0.14 0.06 2.44 0.89 0.09523 4
dt(0~225) 0.09 0.06 1.56 0.45 0.01395 22
6 (22.5~67.5) 0.13 0.12 1.13 0.12 0.003 72 28
% (67.5~112.5) 0.15 0.13 1.14 0.13 0.004 03 27
AT (112.5~157.5) 0.10 0.12 0.79 —0.23 0.007 13 44
e (°) i (157.5~202.5) 0.12 0.13 0.94 -0.06 0.031 0.001 86 34
P4 B (202.5~247.5) 0.10 0.15 0.68 —0.38 0.01178 51
74 (247.5~292.5) 0.09 0.14 0.68 -0.39 0.012 09 52
Padk (292.5~337.5) 0.14 0.11 1.27 0.24 0.007 44 25
4t (337.5-360) 0.08 0.05 1.57 0.45 0.01395 22
—2.824~-0.345 0.06 0.06 1.00 -0.16 0.004 96 38
—0.345~-0.097 0.22 0.25 0.88 -0.12 0.003 72 36
1 il 3 —-0.097~0.095 0.35 0.34 1.03 0.03 0.031 0.000 93 31
0.095~0.343 0.31 0.27 1.13 0.12 0.003 72 28
0.343~4.227 0.07 0.07 1.00 -0.10 -0.003 1 35
-3.908~-0.393 0.05 0.06 0.85 -0.16 0.004 96 38
—0.393~-0.140 0.16 0.20 0.79 -0.23 0.007 13 44
T il —0.140~ 0.082 0.28 0.37 0.77 -0.26 0.031 0.008 06 47
0.082~ 0.367 0.36 0.29 1.23 0.20 0.006 2 26
0.367~4.199 0.15 0.08 1.84 0.61 0.018 91 18
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gk
WA T 18 Ni/N Si/S L [EPs8s L AL B 44

1~1.023 0.34 0.48 0.69 -0.37 0.015 54 55
1.023~1.052 0.33 0.32 1.02 0.02 0.000 84 32
b 7ML RS 1.052~1.097 0.21 0.15 1.41 0.35 0.042 0.0147 21
1.097~1.199 0.09 0.04 223 0.80 0.0336 16
1.199~1.919 0.03 0.01 3.00 2.15 0.090 3 8
j3 e 0.16 0.19 0.88 -0.13 0.006 76 43
it 0.33 0.43 0.77 -0.26 0.013 52 53
i AR 0.06 0.03 2.00 0.50 0.052 0.026 17
Fe 0.43 0.31 1.38 0.32 0.016 64 19
AR 0.02 0.04 0.49 -0.71 0.036 92 63
0~2709.069 0.37 0.28 1.30 0.26 0.01274 24
2709.069~ 5727.746 0.29 0.28 1.03 0.03 0.001 47 30
HE W2 (m) 5727.746~9 056.030 0.16 0.19 0.83 -0.18 0.049 0.008 82 48
9056.030~ 13 003.531 0.11 0.16 0.72 -0.32 0.01568 56
13 003.531~ 19 814.904 0.07 0.09 0.79 -0.23 0.01127 50
—0.475~-0.235 0.06 0.10 0.56 -0.58 0.022 04 60
—0.235~-0.196 0.25 0.37 0.69 -0.38 0.014 44 54
NDWI —0.196~-0.151 0.47 0.43 1.09 -0.02 0.038 0.000 76 33
—0.151~0.008 0.13 0.06 2.19 1.07 0.040 66 11
0.008~ 0.240 0.09 0.04 227 2.47 0.093 86 5
—0.198~ 0.008 0.02 0.01 2.00 1.13 0.042 94 10
0.008~0.135 0.31 0.20 1.53 0.43 0.016 34 20
NDVI 0.135~0.180 0.35 0.40 0.88 -0.13 0.038 0.004 94 37
0.180~0.235 0.26 0.30 0.87 -0.14 0.005 32 41
0.235~0.536 0.05 0.09 0.57 -0.57 0.021 66 59
0~ 100 0.35 0.15 233 0.85 0.1156 3
100~ 200 0.16 0.12 1.32 0.28 0.038 08 14
HE 97 9 BE B (m) 200~ 300 0.11 0.13 0.86 -0.15 0.136 —-0.0204 58
300~ 500 0.14 0.21 0.66 -0.41 0.05576 67
500~ 1776.851 0.23 0.38 0.60 -0.51 0.069 36 69
0~ 100 0.72 0.16 4.56 1.52 0.241 68 1
100~ 200 0.12 0.12 0.95 -0.05 0.007 95 46
I B B (m) 200~ 300 0.05 0.12 0.41 -0.90 0.159 -0.143 1 71
300~ 500 0.06 0.18 0.34 -1.07 0.17013 72
500~ 2 835.437 0.05 0.42 0.12 -2.11 0.33549 74
K i 0.03 0.02 1.65 0.50 0.04 12
R 0.17 0.05 3.22 1.17 0.093 6 6
+ 4 K 0.24 0.28 0.87 -0.14 0.08 -0.0112 49
Tl 0.28 0.48 0.58 —0.54 —0.0432 65
A& H 0.29 0.17 1.66 0.50 0.04 12
<400 0.10 0.22 0.47 -1.45 —0.1914 73
400~ 425 0.22 0.11 1.99 0.69 0.091 08 7
MM (mm) 425~450 0.12 0.13 0.87 -0.14 0.132 0.018 48 57
450~ 475 0.10 0.22 0.44 -0.82 0.108 24 70
> 475 0.46 0.33 1.40 1.57 0.207 24 2
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Fig. 6 LSI maps obtained from different models: (a) WIV model, (b) SVM model and (c) RF model
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