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PREDICTING SLOPE STABILITY BASED ON
v-SVRALGORITHM

YU Zhi-xiong ZHOU Chuang-bing LI Jun-ping SHI Chao
(Sate Key Laboratory of Water Resources and Hydropower Engineering Science  Wuhan University  Wuhan 430072  China)

Abstract A slope stability predicting model based on v-SVR algorithm which uses only characteristic parameters
of slopes is put forward. To overcome the difficulty in model selection in the algorithm leave-one-out method is
used to design predicting model and grid-search method is used to search suitable values of parameters of the
predicting model. Leave-one-out method can select appropriate model objectively avoiding the shortcoming of
designing model by experience. The search result shows that with these two methods the appropriate predicting
model can be searched. Applying the predicting model to predict safety factors of 11 slopes after learning with
other 71 samples the result is satisfactory. It is more accurate than a modified BP algorithm and classical SVR
and it shows that the proposed model is effective. Moreover a new method based on v -SVR algorithm is
presented to guide slope design. It can acquire slope safety factors of different schemes by characteristic
parameters of slopes quickly and accurately and evaluate the stability of slope which will facilitate the
determining of an economic and safe slope design scheme.
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Tablel Resultsof dope safety factorspredicted by different 9
models 4816 5 v -SVR
C v o’ / % [6]
1 105 068 1.47 4.816 6.3400 [6]
2 10.00  0.50 0.25 7.518 103472 SVR 7.842
3 2.00 030 4.00 11.012 12.923 1 v-SVR
4 030 080 1.00 6.283 7.898 9 SVR
5 0.10  0.10 0.10 13.475 17.914 5
6 50.00 040 5.00 8.695 10.707 4 r,
0.309
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( 5) q
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Table2 Resultsof dope safety factors predicted by v-SVR algorithm
7/(kN- m %) c/kPa o/ (°) /(%) H/m Iy ;
72 20.0 20.0 36 45.0 50 0.96 1.029 5 0.069 50 7.240
73 27.0 40.0 35 47.1 292 1.15 1306 0 0.156 00 13.565
74 25.0 46.0 35 50.0 284 1.34 13420 0.002 00 0.149
75 31.3 68.0 37 46.0 366 1.20 1.154 5 0.045 50 3.792
76 25.0 46.0 36 445 299 1.55 14142 0.135 80 8.761
77 27.3 10.0 39 50.0 480 1.45 1.403 4 0.046 60 3214
78 25.0 46.0 35 46.0 393 1.31 13211 0.011 10 0.847
79 25.0 48.0 40 49.0 330 1.49 14455 0.044 50 2.987
80 31.3 68.6 37 47.0 305 1.20 1.1572 0.042 80 3.567
81 25.0 55.0 36 455 299 1.52 14355 0.084 50 5.559
82 31.3 68.0 37 47.0 213 1.20 12395 0.039 50 3.292
0.061 62 4.816
0.156 00 13.565
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Table3 Comparison of prediction results of sope safety factors by BP neural network algorithm GA-BP neural net work
algorithm and v-SVR algorithm

BP GA-BP v-SVR
/ / /

72 0.96 1.03 0.070 0 7.290 1.092 8 0.1328 13.835 1.044 7 0.069 5 7.240
73 1.15 1.16 0.0100 0.870 1.2543 0.104 3 9.069 1.3143 0.156 0 13.565
74 1.34 1.44 0.100 0 7.460 1.2218 0.1182 8.822 1.348 1 0.002 0 0.149
75 1.20 1.14 0.060 0 5.000 1.202 2 0.002 2 0.183 1.174 4 0.045 5 3.792
76 1.55 1.62 0.070 0 4.520 1.500 5 0.049 6 3.197 1.4197 0.1358 8.761
77 1.45 1.41 0.040 0 2.760 1.4570 0.006 9 0.479 14218 0.046 6 3.214
78 1.31 1.47 0.160 0 12.210 1.267 8 0.042 2 3.223 1.3130 0.0111 0.847
79 1.49 1.60 0.1100 7.380 1.559 4 0.069 4 4.659 1.462 1 0.044 5 2.987
80 1.20 1.18 0.020 0 1.670 1.1977 0.002 3 0.190 1.165 8 0.042 8 3.567
81 1.52 1.64 0.120 0 7.900 1.488 3 0.0317 2.086 1.438 3 0.084 5 5.559
82 1.20 1.14 0.060 0 5.000 1.206 3 0.006 3 0.527 1.2204 0.039 5 3.292

0.0750 5.642 0.0510 4.206 0.061 6 4.816

0.090 1 6.755 0.072 6 6.314 0.080 3 6.340

0.160 0 12.210 0.1328 13.835 0.156 0 13.565
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