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Displacement prediction model of Egongdai landslide in
Lechangxia based on PSO-SVM algorithms
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China;
2. China Nuclear Power Technology Research Institute Co. Ltd, Shenzhen 518040, China)

Abstract: Taking Lechangxia Egongdai landslide as the research object, the influence of daily rainfall
and osmotic pressure on slope deformation is considered. By establishing BP, SVM, PSO-BP, PSO-
SVM four landslide body deformation prediction models, the research data of the last 4 years is derived
from the Lechangxia safety inspection system, and 410 sets of data are used for training through screen-
ing, and 30 sets of deformation displacements are taken as an output, after analysis, the PSO-SVM mod-
el is found to be the accurate model. Taking the PSO-SVM model as the basic model, the factors such as
the number of iterations of the particle swarm algorithm, the population size, and velocity position corre-
lation coefficient (k) are studied, and the best PSO-SVM is obtained when the three are 100, 30, and
0.5, respectively. In this model, the RMSE, MAPE, and R* are 0. 202 mm, 0. 589%, and 0. 985, re-
spectively. Compared with traditional methods such as large-scale finite element simulation software and

multiple linear regression models, the prediction model proposed in this article can reduce the computa-
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tional cost and obtain better processing results in the face of nonlinear problems. At the same time, it

can reduce the lack of fitting accuracy caused by incomplete factor analysis.

Key words: Egongdai landslide; displacement prediction; model of PSO-SVM; parameter optimization

T 7K R St R K R TR BB B, 2
DX el i S 25 RS IR R RS2, b T T
PR A ERVEA Y, A S X 300X 8 o A Tk R A
1) b J5T R s 7 OB IR , RS A A
DI 250 F B, Ll AR W S8R AR A & B — AR
JE, TR LS OR H KA PR, T
LR RB AN AEmE S WHERRS T
TR IE 8 it T mEBHLAS , JF FLRRAE T T/ B A
BRI TR BLN TR M 7K FRL Sl S A M B ) G A
. Rk, KIE vtk a4 28 98 fm -+ 43
I,

HET, XT3 AR A5 #% 11 T30 3= 2 2 1) FH 4% ol
R A BRIT A = RN 7 22 o4 Pk ml A 5
BT AT AN SR R AR KR, FERETR K
et AT [) P [ S 30 25 AT I 5 R AR fr e o, 8 3k
T MR 4 7 R I B, A e 2Rk
Ti) RS A7 7 Ak B 0 SR BR A, TR TSk 740
RN Z R R, SRR TR R
RS, X, A& AT g 4 i
P I JR X 0 38 (AR 118 57 % T30 43 B 1A

Z 15 45 10 57 ] EEMD-SE-IPSO-LSSVM #4 #1
XA 3 AR R AT IO . RS 2R R
TR RE, H R Z A AR AL 5 A H 64 411112k
BEAS, TN 4 B ) BER /N . BB SCAE Y i i AR
ZIE S EA B S, e T % e
FEAEIE B TR BE RO B 4 A T AR AL, (2l
PR IR A 00 K R R S B T B A, Lian 55 1
P T — R R M—EEMD-ELM R, 245 70 L T
B AE A AR (EEMD) %2 > Hl
(ELM) FH T . %05 % BIWEA ST T
B NBCHE I 5 R, AR R T O O A R
I X ELM SE TRk fb . 52445 1 gy
GA-SVR T #5% 7Y 5% 11 58 A ¥ S AR 647 T 6 B 1
W, EXTSVREIAEST N F ¢ . RBEZ RIS r
R RES L p AT T S8k, (U2 X
GA GERAEFIEL) AL, BRI s A EE AT
T Zhou % " ffi f WT-ELM, ABC-KELM
ELM FlI 235 A F WL (SVM) 5 ¥k 46 U b A% 78 % 47
VLM R TR AT F0 XS b . O Y 2R R ABC-
KELM A5 0 7 i iff 1 AR o Jr T 0 5 AR i 1

A, (FZARXT SVM BRI AT AL . 52 M i B AR B
MEZRIRZ , 5 PMREE B KL LA K v 55
R ZEAE A, 5 20 3% 28 T2 (B4R Sy 000 i o
16 R FERH B AR et A T 28 R 25468

AR, VFL2EE X PSO AL Bk b 47 T ket
FEoRg 33 BB B T AH SRR S R e e
TERFSE L FE A, F 28 PSO B3 P R 45+ 19 15
ORI, TEREAHFIE T AR b IF R WA 1 B 5L
WEATEENER ™, FHif, AFRZ05E
KW, ETAENPSOSE, REHERARE L
PRFE R, B RENE R G b A RS i
E AR

L, ARSCH EREW . B EXTH R B RS A7
WA R, AR B e I R 5 S
T 4 AR SRR, T {410 AR AT
Y5, W30 4RI B AE X5, FEAE
fithh L ey T DU b opf 2 R ALY L I3 T PSO Bk
XFSVM #4774k, FIH PSO Bk 7 i =5 ] o -
B AR, IS B AR AR S5 e A% R
WS Mg, fe)a, WidXFPSO LA, FhEM
B RERRMATOIY, B k8. A
HURE . REE, #E— 2k T PSO-SVM AL, 45
REW, X AR S, 2
{14 T e AR AR T O v, REAE N KN s AT I
M E S5

1 ST

1.1 R LEIRE /45

1.1.1 BPA#F 2 M & i& BP LML A LIk fL
Sy — L T R SR A Z L B
)2 DA M )2 A =R R (1) o AT
AR RS RE W R, EAR RS S R
it VA Rt 25 R Il A% 3k, L ER T B A5 5 8 th
NIZTERE A TAE, DUJE PR A2 RORZ Mt —
A0 ISR TRARY T KRB U I O (2 I (3 U
HZ AR R Z A 25 58 (R T0m 5 25 Jo ik
IRENGREEIOR ), U I 28 4 25 A8 Bk I 1 A& 4 IR
A, R AR S B A AN W R SR Rl 22 15
D £ 1 3153 45 AL B A AN T L L SR I R i 45 R
B, o RS AE, vRRE



H5H

Bk, 4, HTF PSO-SVM A AN R

{5 TR i 0 S A1 A T A 1Y 59

AT A S B 45 R

AN l“:"J:

=

K1 BP #4540+ MA SR P
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Fig. 3 Flow chart of landslide displacement prediction
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Fig. 4 Some landslide maps in Lechangxia
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Fig. 5 Plane indication of landslide body in Egongdai
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Table 1  Data derived from Lechangxia system

FEA H B /mm B E/m Fr R8T /mm FEA H B FR /mm B /m {i #8725 /mm
1 0. 000 233. 000 0. 660 16 0. 000 234. 047 0.172
2 10. 500 233.908 0. 667 17 0. 000 234. 307 0. 245
3 32.500 233.941 0.572 18 11. 000 234.430 0.339
4 11. 000 233. 891 0. 169 19 0. 000 234.386 0.110
5 24.500 233. 833 0.433 20 0. 000 234.321 0.110
6 0. 000 233. 861 0.393
7 2.000 233. 853 0.350 432 1. 000 237.212 0. 683
8 1. 000 233.838 0.397 433 0. 000 235.288 1. 154
9 1. 500 233. 826 0. 401 434 0. 000 234.611 1. 677
10 5. 500 233. 846 0. 361 435 0. 000 234. 576 1.122
11 16. 000 233. 866 0. 386 436 0. 000 235.416 1.599
12 11. 500 233.863 0. 266 437 0. 500 234. 403 -4.113
13 23.000 233.843 0.276 438 1. 500 233. 605 —4. 044
14 7. 500 233.835 0. 470 439 0. 500 234. 497 -3.408
15 4. 000 233. 869 0. 198 440 0. 000 234. 455 -3.527
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