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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
T K B 0.326 0.077 0.230
i 2 0.217 0.131 0.184
i J B 0.109 0.047 0.085
W 0.041 0.140 0.079
LS 7 0.041 0.131 0.076
W7 J22 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 R 0.022 0.012 0.018
HES 0.022 0.011 0.018
o 0.015 0.006 0.012
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Table 3 Environmental Factor Grading Interval ¢ Value

Jm X U bk R EE W2
171 % S EORE ®mE OHE N
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

4.3 Xt

53R 12 F S A R A2, Ui B T 3%
S R X TR B, e T 2 O DX 1] B O
AR 3 2% IX T8 K5 5y B PR R G R AN 8 B

0.10

0.08

0.06

qft

0.04

0 1 1 1
4 6 8 10 12 14 16 18 20

JRYEX 8]
B 5 FREE IR TR R g BRI dae 16 23 4% IXC i 43 A
Fig. 5 The Maximum ¢ Value of Environmental Factor
Correspondsing to the Optimal Grading

Interval Distribution

v BB G5k AN T 43 G 1K TR 06T R i AUC A, 4T
B = AR R GD R M H X [a), v LA
GD 1158 1 43 9 X ) b H: il 45 Fh 43 91X TR) /Y
AUCHM E &£ .

SCHk 12/ 25 5 8w, o X R 48 02 — A
Oy F A5 A RIX RV RN T S, B 4 G X ) B
B, AUCE 3 A5 42 1 &, i Z X [ 50k T 8
B Wi 5 DX ) 5 38 i, AUC A 38 m 1) 21



95 51 5 2 ) 8 RAR SR BT SR HIL i 2T R X W By A TN Y 5 243

'ﬁfbw

B . ”f"v ’rr/?

(7 I =
Ko S Ko p
12k i g . f T : . S Ay
(m) =16 () r=17 (0) =18 (p) =19 (q) =20 (r) e s R
m WY BRNEG S E O s 0  065km

B 6 FREE IR AN [ 43 90 DX TR] o il e DG I 2 11 B & P 46 2R
Fig. 6 Susceptibility Results of Different Grading Intervals r and the Highest Correlation Degree of Environmental Factors

1.0

0.8

m 0.6

0.4

0.2H]

0 02 04 0.6 0.8 1.0
Fe5e

K7 AT By e VRS SR A ROC 2k
Fig.7 ROC Curves Corresponding to Different
Susceptibility Results

Ir G X A BOR AUC fE AR IEAR SR I R & o TEASHF
FEH, IR B 0 23 S T EL 23 X KR
AUCHWARIEMEH KR . NESHTLIE I,

AUCTH

L i 1 Il

10 12 14 16 18 20

S
ok
oo

TrERIX gL

K8 ANl -2 IX ) B 5 B A PSS YOG 2
Fig. 8 Relationship Between Numbers of Different
Grading Interval and Susceptibility Results

Wit 25 53 9% DX TB) B0y 35, AUC (B 34 A7 08,
BN 4.8.12.16.203 54 gk E , AUC fH1E 5
2% X 1RO 4 86 3 16 1= b TRy, E R 7E 4 40
X 8] % 16 38 K F) 20 B AUC {3152 T B .
H B 3 I 0 DR b R K G R T R L



244 BOBR 2 4 (fF B A D

2026 4£ 2 H

A DR R A ] DX 3 5 5% 1 AN (] B
JIK E Y AT 25 AN TR A U 18 50 1
O3 G X JE] 5 9 I S IR B A A O S BN T
e I 73 G DX A J7 3w RUHE ) 31 A 3R] X4y
iR oy AL 5T

55 SCHRT 14 TR BT TS AN [R] 9 2, 7S SORE 18 2578
i A 20 G DX TRk S 22 Bl B o 3 AR
Xb 5 RAERIFE W, 1 GD 35 A ) e e 73 92 X T o
7 SCHik [ 14 J47F 5 9 2 3 i 93 A B0 2 UK
DX P B AR 3 LA R D AR e T A R T A
VAN 9 DX N B9 A 3 7 R DT O 2R AT o
Je AR BAR K U BRI A 7 R BB B
R T A XN B R E SRR AR, K
DX A B PRI DR R D P K g SR
AN TR 22 52, X A 23 2605 ik RiE T T/ IX
S N R E A BB T ) B R MR e ot
FE 1 4 DI R85 PR B, AP e X R B

3 U PR D U B G R, O T i DR I )
R, BT 22 Bl BRI TN XA G B, O SR
GD 5 A [A] 2R 85 DA 5 19 A [ IXCTR] 5 93 A G 5%
WK EE 7 6 AN ) 358 [H] 3~ 5 9 ke S BK JEE e v 1) 20
G DX TE] G G B e B IR U O M B B D1 Y
DX [ 3 2 fe LAY

5 REHESE TSR &R L

510 ZFAMIFNER

i i BPNN ., XGBoost,RF 3 Fft L %5 2 >J #i
R R 2 B 2 20 W 3R DOIF 9T IX A I W
e DX 35 I ML 35 B 0 39 o A A T I O 3 B L
TE LI Al 1 ke 5 R B e B A S I 2 A I
SRR | PR BIF 5T X0 43 A A0 A B 2k Ay 1Y
BRITT 5 5 Rk o o R 5% IR e 43 I ) 4K
R IR R A E AW UL R B R T N
PEEE R 9w .

(a) BPNN
o N

52 BESITHH

R 3 FhASE A 545 2 A 4 A4S 0 X 3k
(4 53 A Lo A RN 5 DX 340 A B an 2 4 iR o |
F AR BT RIS

1)BPNN # %1 5 53.33 % By 3 3 A7 T 4% &5
G KX WA 5y B S BRAIG, 5) K DXIN 1
e B AR 3 BN AR AR 5 & XY T AR AL DN
HOE#F9E X R AR Y 12.88 % , BPNN A 2 3 1
SRR X E Z R A b R IX X5 5 &
P 3 DX D5 D) 2 A A 1

2) XGBoost £ B i 47 63.33 % 14 1 Ik 7 T #2

(b) XGBoost (c) RF
SSRGS S S mE = s

B9 3FEERIT R S A M R K
Fig. 9 Susceptibility Results of Three Models

0 0.65 km
—_—

o K IX W Sy kMR B, B R X Y
T Y B0t A S /N L B R DX T RIS T R
Gy KX BEANFEG By K 4y X TR

3)RF # B v 47 68.33 % B 18 Wi v T W & 5
RIX B G R SF R BEAL, 5 & XN 1Y T 3
B AE % /N L 43 DT AR A K M R L R
WS AR RIS T HAF A 5 A DX R

Zi AT, BPNN BB ARG B A 22, RN AU
150 Ty e DX () 3 S D Rl oy B ATE Y X
PR W AT G 5 K5 KL ; XGBoost £ #l
MR BE R 22, T RE A5 7 1) G 32 i v, W o8 5 % X



51 EH 2 0 AR S A D ORIATL # BT X W 4 B R PRI ARG B Y S 245
F4 3MERFELEERFITE
Table 4 Susceptibility Levels of Three Models
LT Sy RVEG KA R AW WA S IX AL km® AR e/ e R ALLE/ % E
e 32 24.93 53.33 19.16 2.78
BPNN [ 21 34.13 35.00 26.23 1.33
Gx 7 54.29 11.67 41.73 0.28
ik 0 16.76 0 12.88 0
e = 38 11.14 63.33 8.56 7.39
(= 9 7.12 15.00 5.47 2.74
ReBoost Gl 13 18.48 21.67 14.21 1.53
fi% 0 93.37 0 71.76 0
W 41 10.03 68.33 7.71 8.86
i 18 13.80 30.00 10.61 2.83
K i 1 24.94 1.67 19.17 0.09
ik 0 81.34 0 62.51 0
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