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Abstract Based on the structural risk minimization principle asupport vector machine(SVM) algorithm the best
machine learning algorithm in the artificia intelligence field today is introduced. Two kinds of kernel
functions(linear and radial basis function) and two kinds of loss functions (¢ -insensitive and quadratic) and
different penalty parameter C are adopted to program a SVM routine in Matlab. Using the developed SVM model
many influencing factors of slope angle design are analyzed. With continued parameter modification and
comparative calculations a SVM network model with high accuracy of fitting was established. The reliability of
this SVM network model is verified by sample testing where many kinds of accuracy influencing factors of the
SVM model are considered. The precision influencing sequence of these parameters is confirmed based on the
calculation results  providing reference for similar engineering applications.
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2 &
Table2 Theset of earning samples”

/MPa 1°) /10°Pa 1°) /m 1°)
1 106.3 50 0.0 5 1 1 5.0 375 496 1.20 395
2 78.0 70 1.0 4 2 1 8.2 39.0 496 115 375
3 38.2 70 05 5 3 2 38 375 494 1.25 37.0
4 154.9 50 05 3 4 3 5.7 36.0 480 115 420
5 154.8 a7 05 3 5 3 5.0 38.0 292 115 450
6 67.7 62 05 3 5 3 45 36.0 365 115 46.0
7 67.7 62 05 3 4 1 6.4 35.0 382 115 46.0
8 67.7 62 05 3 6 4 6.0 39.0 645 115 37.0
9 720 65 05 4 6 4 7.2 38.0 130 1.20 50.0
10 64.2 65 05 7 2 1 6.8 35.0 108 1.20 55.0
11 46.2 45 05 7 2 1 6.8 35.0 200 1.20 55.0
12 64.8 45 05 5 6 4 9.0 39.0 375 1.25 49.0
13 64.8 45 05 5 6 4 7.0 37.0 231 1.25 525
14 59.0 80 05 2 6 4 48 37.0 218 1.20 395
15 82.1 60 05 5 5 3 41 38.0 138 1.20 480
16 82.1 50 0.5 5 5 3 42 37.0 115 1.20 575
17 82.1 45 1.0 5 5 3 29 34.0 123 1.20 525
18 82.1 45 1.0 5 5 3 40 36.0 110 1.20 575
19 147.4 67 05 5 3 2 9.9 36.0 198 1.20 480
20 147.4 45 05 5 3 2 85 36.0 142 1.20 525
21 124.8 60 05 5 3 2 9.0 355 182 1.20 525
22 67.7 65 0.0 3 2 4 6.0 34.0 462 115 430
23 720 65 05 7 3 1 7.0 37.0 154 1.20 50.0
24 64.2 65 05 7 3 1 6.4 35.0 138 1.20 52.0
25 82.1 50 05 5 2 1 41 36.0 100 1.20 57.0
26 147.4 45 05 5 2 1 9.0 37.0 137 1.20 54.0
— 2
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s e Linear
RBF 3 4 5
s 8.5% 4%
5 3.88% 1.3%
RBF Linear 8.1%
£— insensitive 3.03% 1.96%
3 SVM B (C=150 £=05 6=80)
Table3 The g values of thelearning samples of the SYM model(C=150 &=0.5 ¢ =380)
B B Bi 5 A Bi
1 12.062 5 23.603 9 137.84 13 55.582 17 150 21 124.76
2 29.653 6 0 10 150 14 27.667 18 66.728
3 42.665 7 29.292 1 145.11 15 150 19 43.628
4 45611 8 33.822 12 59.989 16 150 20 24.236
4
Table4 Theresultsof learning samplefitting
Quadratic & — insensitive
Linear RBF Linear RBF
i) C=150 £=05
C=005 C=150 o©=105 C=5 £=3
1% 1% 1% =80 1%
1 395 41.39 478 39.68 0.45 4150 5.06 40.00 1.26
2 375 38.01 1.37 37.69 0.51 37.49 0.03 38.00 1.33
3 37.0 38.07 2.90 36.80 0.55 37.81 2.18 36.50 135
4 420 41.16 2.00 41.74 0.61 41.20 1.90 4150 1.19
5 45,0 46.12 248 4501 0.03 46.91 4.24 44.50 111
6 46.0 43.72 4.96 46.08 0.17 43.05 6.41 45.89 0.25
7 46.0 44.91 2.37 46.05 0.11 43.03 6.45 46.50 1.09
8 37.0 35.09 5.15 36.88 0.34 34.00 8.11 36.50 1.35
9 50.0 50.20 0.40 50.08 0.16 49.94 0.12 50.50 1
10 55.0 52.88 3.85 54.45 0.99 52.00 5.45 54.17 1.50
1 55.0 56.12 2.03 53.85 2.09 55.11 0.20 54.50 0.91
12 49.0 49.47 0.97 48.74 0.53 48.27 1.49 4850 1.02
13 525 53.50 191 53.06 1.07 52.67 0.32 53.00 0.95
14 395 42.86 8.49 39.74 0.59 4250 7.59 40.00 1.27
15 48.0 49,53 3.19 50.27 474 50.90 6.04 51.61 7.52
16 575 53.37 7.18 55.25 391 54.50 5.22 55.93 2.73
17 525 55.31 5.34 54.87 451 55.50 5.71 56.20 7.04
18 575 55.25 391 56.66 1.47 56.05 251 57.00 0.87
19 48.0 47.71 0.61 4853 111 46.63 2.86 48.50 1.04
20 525 54.32 3.47 52.60 0.18 54.53 3.87 52.00 0.95
21 525 50.51 378 50.82 320 49.50 5.71 52.00 0.95
s 3.75 1.10 4.88 1.70
e 3.39 1.30 3.88 1.75
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Table5 Theresultsof testing sample forecast
Quadratic & insensitive
Q) Linear RBF Linear RBF
C=005 1% C=150 o=105 1% C=5¢=3 1% C=150 £=05 =80 1%
1 43 4111 4.39 41.07 4.49 39.52 8.09 42,08 214
2 50 50.64 1.27 48.88 223 50.26 0.52 49.77 0.46
3 52 52.04 0.08 50.06 373 50.86 218 50.8 2.32
4 57 53.94 5.36 57.86 151 55.52 2.59 57.52 0.91
5 54 54.18 0.34 52.90 2.02 54.97 1.79 51.86 3.96
s 334 2.68 415 1.79
e 2.29 2.80 3.03 1.96
8
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