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Application of INRBO-SVM Model in Predicting Slope Safety Factors
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Abstract: Aiming at addressing the difficulty in selecting parameters for the support vector machine (SVM) model in
predicting slope safety factors, a Newton-Raphson Backtracking Optimization (NRBO) algorithm was optimized to assist
the SVM model in rapidly selecting appropriate hyperparameters. The NRBO algorithm was improved by introducing a
dynamic opposition-based learning strategy, horizontal and vertical crossover strategies, and a modified adaptive
coefficient calculation formula, so as to construct an INRBO-SVM model for predicting slope safety factors. Six factors,
including bulk density, cohesion, internal friction angle, slope angle, slope height and pore water pressure ratio, were
selected as model inputs, with the safety factor as the output. The trained INRBO-SVM model, NRBO-SVM model,
SVM model and RBF model were used to predict the safety factors of nine test samples. The results show that the
INRBO-SVM model exhibits the best performance in safety factor prediction, with a correlation coefficient of 0.999 9,
higher than those of the other models. lts root-mean-square error and mean absolute error are significantly lower than
those of the other models. Engineering application results indicate that the prediction errors of the INRBO-SVM model for
safety factors are all less than 10% , with most below 5%, confirming the accuracy and practical application value of the
model in predicting safety factors.
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Table 1 Test results of benchmark function
PRI ZFR LD INRBO NRBO PSO SSA WOA
A 1.176 x 10727 2.869 x 10722 3.430 x 102 6.734 x 107 3.032x 1077
f1 Sphere FrifE2E 0 0 1.716 x 10? 2.860 x 1073 9.918 x 107"
EEZRIEN 0 1.694 x 10727 8.096 x 10" 4.872%x 1071 6.842 x 1078
FH(E 1.161x 10718 6.940 x 10714 1.523%x 10! 1.550 x 107 7.703 x 107!
v} Schwefel 2.22 FRifE 2 0 2.513x 107140 7.896 5.458 x 107 3.754 x 107
EEERIEN 4.459 x 107210 4.167 x 107148 6.733 0 1.829x 107%
A 3.978x 1073 2.510x 1074 2.072 1.638x 1073 3.558 x 1073
3 Quartic b2 2.617x107° 2.493x 107 4.586 1.678 x 1073 4.125% 1073
i 5.854% 1077 8.609 x 107° 5.601 x 1072 1.186x 1074 1.579x 1074
EHIE -1.257 x 10* -4.912x 10° -7.508 x 10° -8.526 % 10° -1.012x 10*
4 Schwefel’s Problem 2.26  #Rifi2 1.940 x 1072 7.752 % 10% 7.448 x 102 7.579 x 102 1.989 x 103
RAE -1.257 x 10* -7.084 % 10° -9.332x 10° -1.057 x 10* -1.257 x 10*
FHIME 1.571x 107 2.754x 107" 5.838 2.801 x 10712 2.458 x 102
f5 Griewank's brifE2E 5.567x 1074 8.083x 1072 2.609 7.709 x 1072 2.599x 1072
i 1.571x 10732 1.567x 107! 1.688 7.647 x 10716 7.971 %1073
A 3.380x 1074 1.255%x 1073 5.832x 107 3.326x 107 8.347x 107
f6 Kowalik's brifE2E 1.672x 1074 3.633%x 1073 7.780% 1073 7.676 % 1073 5.619x 107*
A 3.075% 107 3.075x 1074 7.959x 1074 3.075x 1074 3.168 x 1074
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Table 2 Original sample database

18.5 25 0 30 6 0.15 1.09
25 46 35 47 443 0.25 1.28
25 55 36 45.5 299 0.25 1.52
27 40 35 47.1 292 0.25 1.15
27 35 35 42 359 0.25 1.27
10 39.81 20.36 0.98 32.5 0.70 1.01
50 45 20 0 36 0.25 0.79
20 0 36 45 50 0.25 0.79
19 30 35 35 11 0.20 2.00
19.63 11.97 20 22 12.19 0.405 1.35
25 46 35 47 443 0.25 1.28
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Table 3 Relative errors of different models %
ARG INRBO-SVM  NRBO-SVM SVM RBF
1 0.15 1.52 4.11 4.13
2 0.09 0.90 2.06 15.08
3 0.14 2.62 2.41 7.64
4 0.18 1.32 3.12 24.70
5 0.18 1.86 3.02 40.02
6 0.11 0.85 1.88 4.98
7 0.18 1.84 15.57 25.16
8 0.69 1.16 0.72 8.05
9 0.17 1.55 2.95 19.99

A (10) ~ (12) THEAS B LB R RMSE |
MAE 413 4 fron, S5HAL 3 A ALAH b, INRBO-SVM
FERI R® fx X, RMSE 1 MAE $5/)N, i3] INRBO-SVM
B TR B e R R, TS

x4 FERBEPITEMNIER

Table 4 Evaluation metrics of different models

8 R? RMSE MAE
INRBO-SVM 0.999 9 0.003 7 0.002 6
NRBO-SVM 0.996 3 0.018 8 0.0179

SVM 0.962 9 0.058 1 0.043 4

RBF 0.763 8 0.146 4 0.1209
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Table 5 Comparison of predicted results

5 Z5H/(kN - m™?) FERIJI/MPa WNEEREM/(°) MR/ () HMBRIE/m LBUKIES BURLERE RERBIWIME MIXRE %
1 26.81 200 35 58 138 0.25 1.55 1.5515 0.09
2 26.57 300 38.7 45.3 80 0.15 0.972 0.970 8 0.12
3 26.78 300 38.7 54 155 0.25 0.70 0.688 6 1.63
4 31.3 68 37 46 366 0.25 1.35 1.3286 1.59
5 20.41 33.52 11 16 45.72 0.20 0.94 0.8587 8.65
6 20.96 34.96 27.99 40.02 12 0.50 1.89 1.9613 3.77
7 27 26 31 50 92 0.25 1.79 1.8413 2.86
8 20.41 24.9 13 22 10.67 0.35 1.67 1.661 4 0.52
9 18 24 30.15 45 20 0.12 0.941 0.967 3 2.80
10 18.84 14.36 25 20 30.5 0.45 0.78 0.8314 6.59
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