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Prediction of Uniaxial Compressive Strength of Rocks Based on Multi Algorithm Comparison
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Abstract: Reasonably and effectively determining the uniaxial compressive strength of rocks is of great significance for ensuring
the safety of mining rock engineering. Based on two groups of rock uniaxial compressive strength datasets including longitudinal
wave velocity, Schmidt hammer rebound value, point load strength, Schmidt hardness, and other indirect indicators, four
combination algorithms including PSO-BP, PSO-LSTM, CNN-LSTM, and PSO-BILSTM, were selected. And the optimal
rock uniaxial compressive strength prediction algorithm was comprehensively evaluated through 7 evaluation indicators. The
results show that the PSO-LSTM algorithm fits well with the predicted values and actual values on two datasets, and all
evaluation indicators are high. Based on the metric scoring method to quantitatively analyze the predictive performance of
various algorithms, PSO-LSTM can achieve a total high score of 27 and 21 on Dataset 1 and Dataset 2, respectively,
demonstrating the highest prediction accuracy. The analysis of input parameter correlation shows that the point load strength
has the greatest impact on the prediction of uniaxial compressive strength in Dataset 1, with a correlation degree of 0.735 5.
The tensile strength has the greatest impact on the prediction of uniaxial compressive strength in Dataset 2, with a correlation
coefficient of 0.829 2.Meanwhile, the predictive performance of each algorithm in Dataset 2 is better, indicating that using input
parameters with high correlation with uniaxial compressive strength can effectively improve the predictive performance. The
research results can provide a reference for determining the uniaxial compressive strength of rocks.
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Table 1 Evaluation indicators for the predicted results of each algorithm on dataset 1
Bk R? Erms Enia Var/ % w E smap Ewmar/ %
CNN-LSTM 0.783 21.853 17.801 63.94 0.928 6 0.168 17.79
PSO-LSTM 0.828 19.453 15.512 75.29 0.947 1 0.144 15.14
PSO-BP 0.809 20.557 16.106 71.66 0.939 0 0.146 14.80
PSO-BILSTM 0.775 22.297 18.298 54.83 0.919 3 0.169 17.77

2 2 R A A B 4R Y T & 2R T
fedr. % 2 AT AL, PSO-LSTM B 3 7E R? VE rus »
Var W 4815 F IS B A0 {E . CNN-LSTM %5 ik 78
Evia ~Esvune Evar 5605 1S B AC(E . XT L R A
DA 5303 X8 A ) 0 00 3 9 A P AR RO, 5 R SR B,
PSO-LSTM 5. 1 3% # & 4F , PSO-BP 5. 1k 7E 6 Ff

T 48 br L R 3L F PSO-BILSTM 5 %, X
Eva B35 . Bl PSO-BP & ¥k /) i i & 31 8 T
PSO-BILSTM, %g b Jrik , 2 T8l 48 =X 4 #hd
B AL UCS MR WAL H, PSO-LSTM 5.3k
) T 25 SR d A3 L PSO-BILSTM 55 v B 15 I &% 5
%

F2 BFHEGEBEEZLWNHBNERITFNER

Table 2 Evaluation indicators for the predicted results of each algorithm on dataset 2

Hk R? Erms Eva Var/ % w E smap Ewvar/%
CNN-LSTM 0.966 8.595 5.806 96.87 0.991 6 0.125 12.18
PSO-LSTM 0.974 7.452 6.038 97.46 0.993 5 0.179 17.21

PSO-BP 0.968 8.269 7.143 97.19 0.992 4 0.157 15.68
PSO-BILSTM 0.963 8.914 6.940 96.60 0.990 9 0.159 16.11
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Fig.7 Fitting results between predicted values and actual values of dataset 1
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Fig.8 Fitting results between predicted values and actual values of dataset 2
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Fig.9 The correlation between input parameters and UCS prediction results
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