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Abstract .
accident, an improved ISSA-KELM slope stability prediction model was proposed. Firstly, six main factors

In order to predict the slope state more accurately and effectively prevent the slope instability

such as bulk density and cohesion in slope instability characteristics were used as prediction indexes to
establish a data set for slope stability evaluation. Secondly, SSA was enhanced by incorporating Sine
chaotic mapping, Levy flight strategy, dynamic adaptive weights, and fusion of optimal explosion strategy
and reverse learning. These improvements aimed at enhancing the global search capability and stability of
SSA. Subsequently, ISSA was employed to optimize the kernel parameter ¢ and regularization coefficient C
in KELM for improved prediction accuracy while avoiding overfitting issues associated with KELM. The
results show that the accuracy rate, precision, recall rate and F, score of ISSA-KELM model reached
0.9459, 1, 0.866 7 and 0. 929, respectively, which are superior to SSA-KELM, PSO-KELM and PSO-
SVM models, and the predicted results of the model are the closest to the actual values. It shows that the
established ISSA-KELM model has strong generalization ability.

Keywords: slope stability; prediction model;  improved sparrow search algorithm (ISSA);  kernel
extreme learning machine (KELM) ; prediction index; confusion matrix
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Table 3 Partial sample data of training set
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152 19. 63 11.98 | 20.00 | 22.00 | 12.19 | 0.25

256 18. 84 14.36 | 25.00 | 20.00 | 30.50 | 0.45
257 19.97 19.96 | 36.00 | 45.50 | 50.00 | 0.50
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Table 4 Results of evaluation indicators of each model

b BRI RE
A, P R F,
ISSA-KELM | 0.980 8 1 0.966 7 0. 983
SSA-KELM | 0.9423 | 0.9655 | 0.933 3 0.949
PSO-KELM | 0.884 6 | 0.928 6 | 0.866 7 0. 897
PSO-SVM 0.8269 | 0.9200 | 0. 766 7 0. 836
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Table 5 Comparison of evaluation indicators of

different models in a certain mine in Shanxi

K TR
A, P R F
ISSA-AKELM | 0.945 9 1 0. 866 7 0.929
SSA-AKELM | 0.9167 | 0.923 0 | 0.857 1 0. 889
PSO-AKELM | 0.8649 | 0.857 1 | 0.800 0 0. 828
PSO-ASVM 0.8108 | 0.7857 | 0.7333 0. 828
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actual results
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