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Abstract

The synergistic reinforcement of clay using silica fume and carbide slag is a novel approach for the
reuse of industrial waste in soil stabilization. To reduce the laboratory testing workload and predict
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the unconfined compressive strength of the stabilized soil, this study constructs a BP neural net-
work model for prediction. The testing results show that the model’s optimal mean square error is
0.116, with the correlation coefficients (R) for the training, validation, and testing sets all exceeding
0.9. The predicted values are close to the actual values, demonstrating that the neural network
model is reliable and provides accurate predictions for the unconfined compressive strength of sil-
ica fume-carbide slag stabilized soil. This approach offers a cost-effective and efficient method for
reducing experimental workload.
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Figure 1. Workflow diagram of BP neural network model
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Table 1. Experimental data
#= 1 RAHE
I - GBI  RERIBEI6): MAWBE%)  WEERPEIN) SRR (MPa)

5 0.5 14 0.113
5 0.5 45 0.403
5 1 14 0.14

5 1 45 0.58

5 1 90 1.29

5 2 14 0.253
5 2 45 0.55

5 2 90 1.72

5 4 14 0.353
5 4 45 0.635
10 0.5 14 0.423
10 05 45 1.293
10 1 14 0.495
10 1 45 1.987
10 1 90 3.35

10 2 14 1.792
10 2 45 3.235
10 2 90 5.477
10 4 14 1.494
10 4 45 2.33

15 0.5 14 0.981
15 0.5 45 3.056
15 1 14 1.231
15 1 45 3.505
15 1 90 5.8

15 2 14 3.859
15 2 45 5.827
15 2 90 74

15 4 14 3.035
15 4 45 3.766
20 0.5 14 212
20 0.5 45 4.316
20 1 14 2.459
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Figure 2. Training process curve of BP neural network
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Figure 3. Correlation analysis diagram of each sample set
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Table 2. Additional prediction group results
= 2. MIINTUMLALER

K - HABRBER%) BEABE®): BAEBE%) WAFERPBINHd  TEWMPa)  HSEE(MPa)

5 0.5 90 1.19 1.27
5 4 90 1.53 1.49
10 0.5 90 3.389 3.3
10 4 90 4.65 4.738
15 0.5 90 5.029 51
15 4 90 6.882 6.74
20 0.5 90 6.134 57
20 4 90 8.217 8.43
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