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Table 1 Learning samples

¥ Zy X2 Z3 Ly X5 L6 X7 T Z9 Z10 X1 LR
1 96. 33 0.44  0.0510 0.045 0.023  0.006 12 19.840 10303 0.70 26.8 0.036 0.5
2 99. 37 411 0.0470  0.030  0.010  0.005 74 11. 203 9565  0.30 18.7  0.103 1
3 —16. 36 0.08 0.1189 9.400 3.060  0.00500  22.130 10303 0.75 26.8 0.036 0.5
4 3.17 2.39 0.0513 7.400  0.860  0.00500 16.890 10303 0.80 26.8 0.036 0.25
5 97.28 3.03  0.0505 0.600 0.720  0.00500 14.780 12403 1.00 160.5 0.503 1
6 94.60 13.83 0.0370 0.290 0.090  0.00365 2.840 12403 0.90 0.8 0.637 1
7 —3.44  13.74 0.0469  0.900  0.048  0.00500  28.900 9565 0.70 18.7 0.103 1
8 45.13 4.02  0.0606  0.640  0.200  0.00507 16.700 12403 0 160.5  0.503 1
9 58.15 6.77 0.0500  0.120  0.055  0.00501 30.690 10303 0 26.8 0.036 0
10 76.93 2.02 0.0421 0.230  0.300  0.00501 17.030 12403 0 160.5  0.503 1
11 85. 37 0.95 0.0530 0.910 0.720  0.004 21 4.910 12403 0.70 0.8 0.637 1
12 95. 26 0.69 0.0330 0.230 0.110  0.004 32 17.600 10303  0.90 26.8 0.036 0.25
13 91.50 5.27 0.0430 0.820 0.720  0.00574 5.920 12403 1.00 160.5 0.503 1
14 72.09 0.33 0.0504 0.010 0.400  0.00050  23.300 9565 0.75 18.7 0.103 1
15 86. 80 0.04 0.0640 0.210 0.130  0.006 32 1.890 12403 0.85 0.8 0.637 1
16 76.59 0.57 0.0390 2.040 1.720  0.004 35 14.930 10303  0.40 26.8 0.036 0.75

Fz2 TMEAR
Table 2 Predicting samples

¥5 X X5 X3 X, Xs X X7 Xg k) T Kar i
17 2.23  2.60 0.050 1 0.22  0.09  0.00500 21. 800 10 303 0.7 26.8 0.036 0.75
18 81.23 6.25 0.050 2 0.51  0.40  0.00500 12. 670 10 303 0.8 26.8 0.036 0.75
19 99.37 4.11 0.0470 0.03 0.01  0.00574 16. 239 12 403 0.3 160.5  0.503 1
20 85.91  2.47 0.038 0.64 0.46  0.005 32 18.74 10 303 0.2 26.8 0.036  0.75
21 83.01  0.11 0. 024 0.41 0.31 0.004 21 15. 56 10 303 0.1 26.8 0.036  0.75
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0.05925 + 0.0652 + 0.086x3, + 0.039x), (9)
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Table 3 Variance ratios of common factors

x5 RATFhAfTHEE

Table 5 Matrix of factor load

L IS i (A NHFIER
T 1.000 0.849
T 1.000 0. 899
x5 1.000 0.782
x4 1.000 0.871
x5 1.000 0.844
s 1.000 0. 989
ke 1.000 0. 890
g 1.000 0. 954
T 1.000 0.738
T 1.000 0.799
e 1.000 0.933

x4 ERSFHEERTEKE
Table 4 Eigenvalues and contribution rates of principle compo-

nent

i PR E(E PRI E 185
N FREE T RBUS it Jro BRUS
m E/n% %/ /% E/N%
1 3.606 32.783 32.783 3.606 32.783 32.783
2 2,426 22.059 54.842 2.426 22.059 54.842
3 1.437 13.060 67.902 1.437 13.060 67.902
4 1.189 10.808 78.709 1.189 10.808 78.709
5 0.887 8.066 86.776 0.887 8.066 86.776
6 0.531 4.826 91.602
7 0.403 3.667 95.268
8§ 0.294 2.670 97.939
9 0.108 0.981 98.920
10 0.095 0.860  99.779
11 0.024  0.221 100.000

KO, F R —FWsr. W, ARG H
55 VB L SR UGS R Y, KU T AAR B R
LA A L 5 A E S

T RHEHI 21 ARG BARFEA 1) F L0 .
5 ASLAETC I F B3 AR Ry A ] AL A i A
A, BT DA AR VPAN 6 05 00 45k, do e i 48 o S HF
] EE AU Y (1932 SRR
2.3 PSO-SVM#ERIE#E T

LABAE B 54> RN i AL, R 3R I
B DR 8 1 DAy i AR o R AR 1 i R R (R 0h

A FINSr

IS 1 2 3 4 5

x 0.912 —0.155  0.090 —0.072  0.041
s 0.873  0.056  0.047 —0.043  0.106
x5 0.851 —0.021  0.099 —0.312 —0.111
ry —0.732  0.331  0.198 —0.405  0.022
rs  —0.068  0.959  0.114 —0.012  0.127
rn —0.133  0.922  0.235  0.097  0.023
Z1 0.005  0.738 —0.498 —0.004  0.080
Z 0.211  0.021  0.809 (156 —0.119

0
X7 0.212 —0.541 —0.682 0.239 —0.175
x,  —0.173 0. 065 0. 086 0.926 0.021
T 0.051 0.144  —0.039 0.022 0. 981

*6 BRAFHIRYER

Table 6 Matrix of factor scores

AU F 0y

F5E S F, F, F, F, F;
1 —0.259  0.026  0.117 —0.359  0.013
x,  —0.009  0.039  0.075  0.766  0.008
s 0.310  0.082  0.007  0.013  0.069
z 0.303 0 0.055 —0.017  0.044
s 0.287  0.069  0.030 —0.212 —0.131
x5 —0.004 —0.109  0.023  0.010  0.976
7 0.065 —0.088 —0.429  0.178 —0.148
Z 0.059  0.371 —0.022  0.030 —0.037
z 0.065 —0.038  0.549  0.158 —0.07
Zo 0.086  0.364 —0.430  0.020 —0.098
I 0.039  0.358  0.061  0.118 —0.127

R7 REBEERNERS

Table 7 Principal components of original data samples

b= F, F, Fy F, Fs
1 —0.56  —0.90 0.16 —0.68 1.20
2 —0.85 —0.89 0.17 —0.38 1.14
3 3.7 —0.32 0.09 —5.03 0.06
20 —0.57  —0.76  —0.55 —0.59 0.55
21 —0.91 —0.72 —0.63 —1.11 —0.32
2
K, (|x, - x ’) =exp(-g|«x; - x,‘ VA Ry S HE ) = ALY

KPR %R 2,35 I MATLAB 5 5 98 5 PSO {4k SVM 72
1 58 B RS g VST S50 C, BUPSO B 1
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Table 8 Error comparison
. BT PCA—PSO—SVM TR SVM Hi 5 5
5 RRHERINEIOIS R AoRE  HERE Y GREER  AEE  HABE
1 SIX ShIX 0.015 2.00 ShIX 0.067 8.93
2 G PAEDS 0.023 3.07 PAEDS 0.075 10.00
3 AEH GBI EH GBI —0.011 —1.10 A G X —0.034 —3.40
4 VA VLA 0.001 0.13 VLS 0.024 3.20
5 VLS Vs 0.032 4.27 ZIEIX 0.039 5.20

SVMABHY  AH F T SCHRL 18 17 i) BP 4145 00 45 F I A
A1, PCA-PSO-SVM Tl A5 1Y BE % 4 - by b FHL/ MR AR
B, B2k ) b TR B 0 R Y
N2 1 ek il I TIN5 G O 1P
REAS AR b 07 FH 25 b 2 50 B b X 1 2 P TR

2.5 it ¢

(1) ph 853 53 B 4 st B R 2 s L RCR 3 Bk
FR>85% WY R ILA> T2l o AT H00 o0 A7, 5 REAR 43
Al BT A 52 0 D 2R P4 0 K SCHB 2 1 M R R
JEE N B AR I AR AR S O HLSE B ki
R SVM AT R A0 o (HR 245 IR T Tk
R R 3 3 B AR B TN AR I R 2 SRR
TR PN 2R AR LRSI 5

(2) AR SCAE 2 i 262 B3 o fe B P T 00 v, 52 i 4]
FIRE T 114, 20t F s BUR 54 TR i 2
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3 & it
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Prediction of karst surface subsidence risk in the Fankou lead—zinc mine
area based on PCA-PSO-SVM

ZHOU Aihong"?,NIU Pengfei', YUAN Ying"*, HUANG Hucheng’
(1. School of Urban Geology and Engineering , Hebei Geologic University, Shijiazhuang Hebei 050031, China ;2. Center of Applied Technology
Development for Eco—environmental Geology , Hebei Geologic University , Shijiazhuang Hebei 050031, China;3. Shanxi Institute of Geological
Survey, Taiyuan Shanxi 030006, China)

Abstract Karst surface subsidence is a dynamic geological phenomenon with the characteristics of concealment
and suddenness, which results from the joint effect many factors. Thus, it is difficult to accurately predict the risk
of surface subsidence by the conventional simple mathematical model. In this paper, the Principal Component
Analysis (PCA) is used to extract five principal components from 11 influencing factors, including groundwater
level, fluctuation range of groundwater level and water supply, so as to make a new interpretation of the principal
components leading to the risk of surface subsidence. Additionally, the Support Vector Machine (SVM) method
optimized by Particle Swarm Optimization (PSO) is introduced to establish a PCA—PSO—SVM model for pre-
diction of risk of karst surface subsidence. Finally, combined with the engineering example of the Fankou lead—
zinc mine, the prediction results by the above proposed model are compared with those obtained by the single
SVM model. The results show that the PCA—PSO—SVM risk prediction model has higher accuracy, which can

provide a basis for prevention and control of karst surface subsidence.

Key words Kkarst surface subsidence, principal component analysis, particle swarm optimization, support vector

machine, risk prediction
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