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Abstract; A slope stability analysis and prediction model based on PSO-SVM algorithm , which u-
ses parameters of slopes,is put forward. As support vector machine (SVM) could effectively solve
the small sample, high dimension and non-linear problems, the Particle Swarm Optimization and
Support Vector Machine (PSO-SVM) coupling model was proposed to analyze the slope stability.
The parameters of SVM was optimized by the PSO. The most influential factors on the stability of
slope such as slope angle, slope height, unit weight, cohesion, friction angle and pore water pres-
sure coefficient were considered as model inputs, the factor of safety (FS) or the stability status
(S) were considered as model outputs. Compared the results of case with optimizing SVM based
on grid search (GS) , genetic algorithm ( GA) and artificial neural networks ( ANN) in details, the
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results shows that PSO-SVM has the higher classification accuracy and greater prediction ability a-

mong the four algorithms, and is therefore considered most suitable for slope stability analysis. it

can acquire slope safety factors and evaluate slope stability , which can be well applied to the analy-

sis of slope stability.

Key words : slope stability ; support vector machine ; particle swarm optimization ; prediction
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Table 1 Training and testing samples of slopes

i v/(KN-m~3)  ¢/kPa o/ (°) B/(°) H/m r, S FS
1 18.68 26. 34 15 35 8.23 0 0 1.11
2 16.5 11.49 0 30 3.66 0 0 1
3 18. 84 14. 36 25 20 30.5 0 1 1. 875
4 18. 84 57.46 20 20 30.5 0 1 2.045
5 28. 44 29.42 35 35 100 0 1 1.78
6 28.44 39.23 38 35 100 0 1 1.99
7 20.6 16. 28 26.5 30 40 0 0 1.25
8 14.8 0 17 20 50 0 0 1.13
9 14 11.97 26 30 88 0 0 1.02
10 25 120 45 53 120 0 1 1.3
11 26 150. 05 45 50 200 0 1 1.2
12 18.5 25 0 30 6 0 0 1.09
13 18.5 12 0 30 6 0 0 0.78
14 22.4 10 35 30 10 0 1 2
15 21.4 10 30. 34 30 20 0 1 1.7
16 22 20 36 45 50 0 0 1.02
17 22 0 36 45 50 0 0 0. 89
18 12 0 30 35 0 1 1.46
19 12 0 30 45 8 0 0 0.8
20 12 0 30 45 0 1 1.44
21 12 0 30 45 8 0 0 0. 86
22 23.47 0 32 37 214 0 0 1.08
23 16 70 20 40 115 0 0 1.11
24 20. 41 33.52 11 16 10. 67 0.35 1 1.4
25 19.63 11.97 20 22 12.19 0. 405 0 1.35
26 21.82 8.62 32 28 12.8 0.49 0 1.03
27 20. 41 33.52 11 16 45.72 0.2 0 1.28
28 18. 84 15.32 30 25 10. 67 0.38 1 1.63
29 18. 84 0 20 20 7.62 0.45 0 1.05
30 21.43 0 20 20 61 0.5 0 1.03
31 19. 06 11.71 28 35 21 0.11 0 1.09
32 18. 84 14.36 25 20 30.5 0.45 0 1.11
33 21.51 6.94 30 31 76. 81 0.38 0 1.01
34 14 11.97 26 30 88 0.45 0 0.625
35 18 24 30.15 45 20 0.12 0 1.12
36 23 0 20 20 100 0.3 0 1.2
37 22.4 100 45 45 15 0.25 1 1.8
38 22.4 10 35 45 10 0.4 0 0.9
39 20 20 36 45 50 0.25 0 0.96
40 20 20 36 45 50 0.5 0 0.83
41 20 0 36 45 50 0.25 0 0.79
42 20 0 36 45 50 0.5 0 0. 67
43 22 0 40 33 8 0.35 1 1.45
44 24 0 40 33 8 0.3 1 1.58
45 20 0 24.5 20 8 0.35 1 1.37
46 18 5 30 20 8 0.3 1 2.05
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Table 2 Testing samples of slopes safety factor

G v/(kN-m~3) C/kPa ©/(°) B/(°) H/m r, FS
1 21.00 20. 00 40. 00 40. 00 12.00 0. 00 1.84
2 21.00 45.00 25.00 49.00 12.00 0. 30 1.53
3 21.00 30. 00 35.00 40. 00 12. 00 0. 40 1.49
4 21.00 35.00 28.00 40. 00 12. 00 0. 50 1.43
5 20. 00 10. 00 29. 00 34.00 6. 00 0.30 1.34
6 20. 00 40. 00 30. 00 30. 00 15. 00 0. 30 1. 84
7 18. 00 45. 00 25.00 25.00 14. 00 0.30 2.09
8 19. 00 30. 00 35.00 35.00 11.00 0.20 2.00
9 20. 00 40.00 40. 00 40.00 10. 00 0.20 2.31
10 18. 85 24. 80 21.30 29.20 37.00 0. 50 1.07
11 18.85 10. 34 21.30 34. 00 37.00 0. 30 1.29
12 18. 80 30. 00 10. 00 25.00 50. 00 0. 10 1. 40
13 18. 80 25.00 10. 00 25.00 50. 00 0.20 1.18
14 18. 80 20. 00 10. 00 25.00 50. 00 0.30 0.97
15 19.10 10. 00 10. 00 25.00 50. 00 0. 40 0. 65
16 18. 80 30. 00 20. 00 30. 00 50. 00 0. 10 1. 46
17 18.80 25.00 20. 00 30. 00 50. 00 0.20 1.21
18 18. 80 20. 00 20. 00 30. 00 50. 00 0. 30 1. 00
19 19.10 10. 00 20. 00 30. 00 50. 00 0. 40 0. 65

20 22.00 20. 00 22.00 20. 00 180. 00 0. 00 112
21 22.00 20. 00 22.00 20. 00 180. 00 0.10 0.99
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Table 3 Prediction performance of various models

MSE
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31 A EEA 0.0065 0.00025 0.0072 0.007 8
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