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Abstract: [ Objective ] In the landslide susceptibility assessment, the selection and optimization of the
landslide prediction model are very important to the efficiency of the calculation process and the accuracy of
the prediction results. Aiming at the problems that the existing single-objective genetic optimization
algorithm (Genetic Algorithm, GA) is prone to premature maturity, poor local search ability, and slow
global optimization speed, this paper develops a new optimization algorithm framework, which integrates the
classic algorithm in the multi-objective genetic algorithm-Non-dominated sorting method with elite selection
strategy (NSGA-II) combined with common machine learning algorithms, random forest (RF), and support
vector machine (SVM) to predict landslide susceptibility. Different from single objective optimization,
NSGA-II algorithm can perform feature selection and hyper-parameter optimization simultaneously, and
make the prediction model achieve optimal accuracy, recall, precision and AUC (area under curve, AUC) at

the same time. [ Methods] Taking the Chongqing section of the Three Gorges reservoir area as the study area,
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the four optimized models (RF-GA, SVM-GA, RF-NSGA-II. and SVM-NSGA-II) were compared and
analyzed in three aspects: model accuracy evaluation, landslide hazard susceptibility zoning map, and zoning
statistics. [ Results ] NSGA-II was more effective than GA optimization, and in terms of model evaluation and
landslide susceptibility zoning, the RF-NSGA-II model had higher predictive performance, with four
evaluation values of 80.91%, 81.89% ., 80.07% and 88.60% respectively, proving the effectiveness of the
NSGA-II optimization algorithm; the area share of very low to very high hazard zones were in the order of
23.06% ., 22.46%, 22.96%, 19.99%, and 11.53% , which verified the reliability of the RF-NSGA-II model.
The susceptibility map predicted by the RF-NSGA-II model showed that the high and extremely high
susceptibility areas were concentrated in the north and distributed in bands from east to west. [ Conclusion ]
RF-NSGA-II algorithm based on multi-objective selection provides a new idea for the optimization of machine
learning model for landslide risk assessment.
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Fig. 1  Distribution of landslide disaster points in the study area
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AS/km’® 1 Y% AR RE-NSGA-TT B A 43 X i i K,
et 25 1R I 3 5 M A DX AR RIARR A 6: IX 1) [ 52 T
WK B RE-NSGA-TT B A1°50.099 1 4~/km’ ,RF-GA
RN 0.091 0 4 /km?, SVM-GA 40.085 54~/km?,

SVM-NSGA-TI # % 24 0.326 9 4~/km® , & 3 % & 7&
SVM-GA #8143 X Hidge /],

XFF RE-GA B, v 5 & DX T FR o BF 5 DXL THD
BURK .15 29.56% . X T SVM-GA BRI, &5 5 & IX
FRR 5 2 K DX i R A T AR 38 64.23 %0 K 55 & X Al
WAR 5 & XA 13.03% . XF F SVM-NSGA-II
R AR AR B ke DXTE AR L L AR A
AR, M Z R RE-NSGA-TT BR824 5 & IX
T Gy e DX T AR A DX T AR L R T R
SURIIESE 2T Rs g

L35 oy X HNRRURI 43 X 9% B 2% 1, RE-NSGA-TI
RUXT 5T X3 3 5 Pk oy RS FE e HL LR & 28,

x6 BERHRESHEBESTEMSH

Table 6 Superposition analysis of the landslide susceptibility and historical landslide distribution

HE % 5 Rk E T AL/ km? WA/ % DI SE/ A DR B/ Y D s i R/ T R L
WA 4 862.62 19.26 116 2.34 0.023 9
1% 4173.41 16.53 280 5.64 0.067 1
RE-GA T 7 461.35 29.56 1075 21.67 0.144 1
= 5 387.11 21.34 1422 28.66 0.264 0
s 3357.26 13.30 2 068 41.69 0.616 0
AL 5 818.79 23.06 133 2.68 0.022 9
1% 5 666.93 22.46 432 8.71 0.076 2
RE-NSGA-II T 5 794.76 22.96 764 15.40 0.131 8
=3 5 045.73 19.99 1428 28.79 0.283 0
W 2 910.07 11.53 2 203 44.42 0.757 0
AR 630.27 2.49 38 0.77 0.060 3
1% 2 663.60 10.54 67 1.35 0.025 2
SUM-GA T 5 740.91 22.72 544 10.97 0.094 8
= 9 183.64 36.35 2 036 41.04 0.221 7
L] 7 044.53 27.88 2 276 45.88 0.323 1
e A 5 368.21 21.25 769 15.50 0.143 3
1% 5 686.31 22.51 1044 21.04 0.183 6
SVM-NSGA-II T 5 496.28 21.76 1082 21.81 0.196 9
=3 5 051.12 19.99 1206 24.31 0.238 8
W 3 661.03 14.49 860 17.34 0.234 9
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A B 5 0 — R BT OR T UK 2 H AR 0 A R 1
FHF W 3 5 K VA L I DAV BE L 3 DR RS 5%
AUC Nt H 5 B Bt fb i Frxd e, 45 2R W
7R X T RF #5581 ,RF-NSGA-II 4 4 W55l 48 RF-
GA 4353 2.88%,8.68%,3.16%,3.01% . NSGA-
s R BT GA., SVM-NSGA-II §
SVM-GA WAL ES AR L X 2 K R SVM AR AL 1) J5
PEEA U R AE R 8 M R 2 A Ak 2 3k S A
BRI 4 Jmy e AR TR e 2 B Ar f A B8 1Y) R AE i
AR IHAU W, WA E G M Bk B . RE-NSGA-
TT A5 750 503000 285 2R P51 v B AT i 861 DX 22 0 o s ey DX Tl AR
B 2 e TR 3 )l 23.06%, 22,46 % . 22. 96 % ,
19.99 %, 11.53 %6 ; #5555 A& B DX 19 D7 5 3 0 4805
M 73.21% BN 0.757 0 4 /km*, K T RF-
GA #i#1(0.616 0 /km?), SVM-GA B % (0.323 1
A /km?) Fl SVM-NSGA-TI £ % (0.234 9 4~/km?®),
HARAETN R, BAr, & F %H5 78058 X ff
F k B RF F1ANN S5 HL 2% 2% 2] 460780 750 0 11 44 19
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DU 28 07 0 5 1) T Bk O GA S5 RRAIF 2 B 7 ik e B B
FRAE THAE R BEET ], A9 1 Wk 22 R AIE 18 4 A0
ZRARACTRI B HEAT , 5 A 7 A0 L AR08 B
XN ZE R B NSGA-TT 523 a] DL o 4 A 22
Ak B AR 20 R F 18 R a5 8] b T 5 H AR Ak
TRV 1 JRy R S5 P o A I T TR s A R A 2 R N S 8K
M ATRETE . 3 b ik AR A58 NSGA-TT 5 X RF
TR I Tk A5 SR o -, A2 P 380 At WL 2 A5 75 1) 3K
WA R, WM 18 45 B » SVM-GA 51 # 1
SVM-NSGA-TT #5784 3 BUAH T , {H 222 11 1) 3 B &) & 1
P22 SR, X T ) 2 02 A (AR A ZR A R
) (75 4 th 25 0 AR FE 22 S AW ERE T M S50 &
PE 25 0 B T ML 2 2T 0 B 5 & M VAN R T X
RPN 5 Ve T — 2P AT W il T NSGA-TT 589 X 1
Zo WA 2 2 MR TR B 2 ) R EA T A A, LA AT T
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538 00 BE B R 5 )2 0 BE R 5 A g —
., A B . RE-NSGA-T1 Z fiF DL A e Bk

JE S il = ) R NDVIL A R R

Ko o K e TR 25 18] A A DGR LA R AR T 3 T4
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R EAE IR R, R A RER N R,
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PR SRR R R AR W W 5 & MR VT M 8 AR AR &R o

AT 2052 W R~ DAY RARRAE 356 5 225 (], 394 o 453 28U figf g
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5 48
(DA 1 1Y 2T 2 H ARk £51) RF-NSGA-
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A9 T4 B 00 R M e
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