FSE I R W oE T B ¥ i Vol. 41 No.2
2019 4F 4 H CHINA EARTHQUAKE ENGINEERING JOURNAL April, 2019

Ebf TAR FR T RSPCA-GA-SVM I + i AL T J7 2 F 58 [T ] 078 TR 2441, 2019, 41(2) £ 445-453.doi - 10.
3969/3.issn.1000 — 0844.2019.02.445

WANG Shuaiwei, YU Shaojiang, LI Shaokang,et al. A Method of Predicting Sand Liquefaction Based on RS-PCA-GA-SVM[]].
China Earthquake Engineering Journal,2019,41(2) :445-453.d0i:10.3969/.issn.1000—0844.2019.02.445

EF RS-PCA-GA-SVM HyF) + B 4L T 77 35 W 5%

EhAAL, FTOR, FRE, X A
(L. v ) S R 27 I K S 5 B 55 b S A 5 7, 0k A 5 E 0500615 2. Wit i K% A iR 5
TR, WAL A FE 0500315 3. i EFRBERHEB5 B, dbat 100012)
WE: JLRME—FETRIE KRN ARRE, A LR ACHAT F) TN TR F G AR T
AHEZWHH R EL, @itk £ 2% (Rough Set,RS) 3T #vh &) Lz AL 89 6 AN 46 3F M 35 A (L 45
BB LR EFERTRE AR EH REFET ) RFTEELH, FF TR THRGE L.
AT AN TN AR KB L, BT £ R4 4 H % (Principal Component Analysis, PCA) Ak
SN AR PRI E k0, R A L H & FH(Support Vector Machine, SVM) &t 4 3% 4 # 47
%, A 3 AE H % (Genetic Algorithm, GAYEAL K4k, 3 5 A £ % 4689 RS-PCA-GA-SVM Fm A2 & |
F A LR EREEFRMLERE AT Levenberg-Marquardt ik 2k 3t #9 BP 4 & W & £ A
(LM-BP) #9 Fml 25 R b &, 5240 3+ L A9 . 2 T RS PCA-GA-SVM # A 47 3] 64 & £ ik AL TR )
RAGTEE LM-BP A Z ML AR KRG AIRNERE ERE LIRS, TEEFRIREF B,
XgiE . A LR MRS WAk RSO @A AR
hES S TU43 XEARERS A MEHES: 1000—0844(2019)02—0445—09
DOI:10.3969/].issn.1000—0844.2019.02.445

A Method of Predicting Sand Liquefaction Based on RS-PCA-GA-SVM

WANG Shuaiwei', YU Shaojiang®, LI Shaokang®, YUAN Ying®
(1. Institute of Hgdrogeology and Environmental Geology , Chinese Academy of Geological Sciences Shijiazhang 050061, Hebei s China ;
2. School of Prospecting Technology & Engineering » Hebei GEO University s Shijiazhuang 050031, Hebei, China ;
3. Chinese Research Academy of Environmental Sciences, Beijing 100012, China)

Abstract: Sand liquefaction is a harmful natural disaster, and it is of great importance to evaluate
and predict sand liquefaction in the field of geological disaster prevention and control. In this pa-
per, the rough set theory (RS) was used to perform attribute reduction on six initial evaluation
indices, including magnitude, depth of soil, epicentral distance, groundwater level, standard
penetration test blow count, and earthquake duration, all of which affect sand liquefaction. After
removing redundant or interference information, we obtained a data set based on four core predic-
tors. The principal component analysis (PCA) method was then used to extract the principal

component from the four-core evaluation indices. The support vector machine (SVM) was used to
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train the data set, and the genetic algorithm (GA) was used to optimize the parameters. Finally,
the RS-PCA-GA-SVM prediction model for sand liquefaction was established. Combined with the

actual data of sand liquefaction, the predicted result of the proposed model was compared with

that of the back propagation (BP) neural network model based on the improved Levenberg-Mar-

quardt algorithm (LM-BP). The calculated results showed that the accuracy of sand liquefaction
prediction results based on a RS-PCA-GA-SVM model are much better than those of the LM-BP

neural network. The discriminant results were in good agreement with the actual situation and

can be applied in practical engineering.

Keywords: sand liquefaction; rough set; genetic algorithm; principal component analysis; sup-

port vector machine; forecast model
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Table 1
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(R 1) .6 4B A D S 1) PR I KR AR (3
2), o 1 AR il .2 R R WAL .

AN GRAE R

Training samples of sand liquefaction

e REM EW/m RWPHE/km EEHE/R TR /m FFEENE/s Wik
1 8.4 9 51.5 10 2 75 1
2 8.4 4 51.5 10 2.5 75 1
3 6.3 7.5 17.7 3 4.5 15 1
4 7 4.5 12.9 9 4.5 30 1
5 7 7.5 12.8 4 6 30 1
32 7.8 3.5 277 14 1 45 2
33 6.1 6 75.7 6 1 12 2
34 7.5 6 83.7 12 1 40 2
&2 AT
Table 2 Predicting samples of sand liquefaction
S BHEM EW/m BPHE/km FRBEE/R HMUTOKAL/m FFLEETE] /s WAL 2%
1 7 6 12.9 1 1.5 30 1
2 7.2 3 9.7 3 1 30 1
3 8.4 5 51.5 4 1 75 1
4 7.5 ) 83.7 6 1 40 1
5 6.1 6 75.7 12 1 12 2
6 7.8 6 277 15 1.5 45 2
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Table 3 Discretization decision table of sand liquefaction data

e RHM R W/m P /km SREEHE/R TR/ m FFENE/s Wik arR
1 [7.7.%) [5.9,%) [ *,59.2) [*,12) [1.3, %) [43, %) 1
2 [7.7,%) [%,59 [ *,59.2) [*,12) [1.3, %) [43, %) 1
3 [*.,6.8) [5.9,%) [ *,59.2) [*.,12) [1.3, %) [*.,43) 1
4 [6.8,7.7) [*,5.9 [ *,59.2) [*.,12) [1.3, %) [*,43) 1
5 [6.8,7.7) [5.9,%) [*,59.2) [*,12) [1.3, %) [ %,43) 1
32 [7.7.%) [5.9,%) [ *%,59.2) [14, %) [1.3, %) [43, %) 2
33 [6.8,7.7) [5.9,%) [ *,59.2) [14, %) [*,1.3) [ %,43) 2
34 [7.7,%) [5.9,%) [59.2, %) [14, %) [1.3, %) [43, %) 2
35 [7.7.%) [5.9,%) [59.2, %) [14, %) [*,1.3) [43, %) 2
36 [7.7.%) [*,5.9 [59.2, %) [14, %) [*,1.3) [43, %) 2
37 [%,6.8) [5.9,%) [59.2,%) [*,12) [*,1.3) [%,43) 2
38 [6.8,7.7) [5.9,%) [59.2, %) [12.1 [*,1.3) [*.,43) 2
39 [*.,6.8) [5.9,%) [59.2, %) [12.10 [*,1.3) [*,43) 2
40 [7.7.%) [*,5.9 [59.2, %) [14, %) [1.3, %) [43, %) 2

#& 4 Genetic Algorithm 5 Johnson E i E M A&

Table 4 Attribute reduction results of Genetic algorithm and Johnson algorithm

Fe (RN 2 i 45 Support Length
1 (R R B AR BT 80 100 3
2 Genetic Algorithm (R, LW bR BT B MR KAL) 100 4
3 (P B L bR B B0, bR KA L 1A ) 100 1
4 Johnson s Algorithm (R E e AR B0 100 3

x5 BLIRUENEREXREER
Table 5 Correlation coefficient matrix of sand

liquefaction’s evaluation indexes

R =R i B i A Ho R K A7
£3 1.000 0.453 0.135 0.202
=R 0.453 1.000 0.025 0.331
(Il 0.135 0.025 1.000 0.157
bR KA 0.202 0.331 0.157 1.000

6 HEE.TMEMBITRME
Table 6 Eigenvalue,contribution rate, and cumulative

contribution rate

%y FEAIE(E BT/ 5 AT/ %
F, 1.67 41.72 41.72
F, 1.13 28.32 70.05
Fy 0.68 16.95 87.00
F, 0.52 13.00 100.00

M2 8 AT LA H AT =4~ F 19 5Tk % 4 87.00 %
>85%0, ik 3 N FREUE AN R R I 4 %L AR bR
87.00 % {5 8 &, BE A% bb 5 4 1l b S w20 £ Y Ak 1)
(s 8, Wk FOF, M1 Fy 4 E 5 k47
SVM %k, HH 5 &3P br i ¢ R 2 (5) ~ (D),
Horp 2z, AP WACAR AL IS (085 -

F,=0.588 8322, +0.779 69zx, +

0.043 71zxs — 0.877 22z, 12
F, =0.048 62zx, + 0.007 50zx, +

0.217 46zx5 +0.133 36=2x, (13)
F,=0.053 87zx, +0.017 33zx, —

0.047 39zx; + 0.058 35zx, (14)
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Table 7 Prediction results and relative errors of SVM models

N GA-SVM RS-GA-SVM RS-PCA-GA-SVM
5 HAHE - . - . - -
0 {E AR 22 T A X iR 22 i AR R 22

1 1 0.877 12.33% 1.059 5.93% 1.053 5.34%
2 1 0.905 9.54% 1.004 0.40% 0.997 0.33%
3 1 0.925 7.55% 0.959 4.07% 0.972 2.84%
4 1 1.210 21.02% 1.056 5.56 % 1.035 3.50%
5 2 2.068 3.40% 2.135 6.75% 2.078 3.90%
6 2 2.057 2.86 % 2.117 5.85% 2.092 4.60%
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Table 8 Prediction results and relative errors of LM-BP models

Fig.5 Relative error of LM-BP models’ prediction results

s U [LM-BP RS-LM-BP RS-PCA-LLM-BP
A o T A FH X 5 2= T A X R 2 T A FH X R 2=
1 1 1.125 12.52% 1.040 4.02% 0.949 5.07%
2 1 1.207 20.70% 1.041 4.09% 0.962 3.75%
3 1 0.997 0.33% 0.818 18.17% 1.059 5.91%
4 1 1.239 23.88% 1.161 16.14% 1.137 13.72%
5 2 1.802 9.90% 2.164 8.18% 1.800 9.98%
6 2 1.690 15.48% 2.141 7.07% 1.771 11.46 %
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Fig.4 Relative errors of SVM models’ prediction results i}iﬁ s
20

30 wm=LM-BP =
< 95| —®=RS-LM-BP 5t
5}3 =#= RS-PCA-GA-SVM 0 . . . . ,
mK 20 f 1 2 3 4 5 6
E sk b LA T A
= (a) GA-SVM5LM-BP##%!

B0t
% 20
o5} 18} =@=RS-GA-SVM
& 16| =t=RS-LM-BP
0 . . - - . < 14
1 2 3 4 5 6 &1
LA TR A ® 10
B 5 LM-BP B2 F 2 R A0 4 i% £ g8
4
2
0

9 5 4 H BT 8 P2 1 S A s M2
fA 5 AT 23 A B = b SVML AR I 15 3] (1 75 0]
S50, 3 10 5 5 i A R 5 g2k AT 5 Ak 2R Y
LM-BP RIS B ) 00 25 5 . MBI 5 R nT A, 75 A
AT 6L F . SVM B 5 LM-BP #1 B13F f 25 R 38
22 B KARHR 22 8L T 20% . Wi Y5 . PR
R TR B2 AT W) 5 B8 T, de R AR R 152 25 43 i1 o )
6.75%5 18.17% ., [RI X & 4 24 1) 5 1 # 4 2E A7 &
AT AT B PR RS L A 32 B0 R S TIUIORG BE I S
A TR . Hoh 458 RS GA-PCA-SVM #5815 3] 1)
U 25 SR A A R B KAHRT R 22 5.34 %,

AU BT, 4t RS @AW .SVM
5 LM-BP i A5 8 75 3 7 52 i 75 4 Ak 1 5% g
fEbR GRY R iR bR 5T BRI R K A7) AL H

1 2 3 4 5 6
b A TR 4
(b) RS-GA-SVM5RS-LM-BP !
161
14| =®=RS-PCA-GA-SVM
12t == RS-PCA-LM-BP
=
10 ¢
X 5|
Zof
=4l
2t
0 . . . . .
1 2 3 4 5 6
WA TR A
(c) RS-PCA-GA-SVM5RS-PCA-LM-BP!
H6 FREIEHBRALR TN LR AR £
Fig.6 Relative errors of different models’ prediction

results at different data phase
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