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Abstract

MICP is an environmentally friendly and effective method for strengthening coastal soft soil. It
uses microorganisms to decompose urea to generate carbonate ions, which then react with cal-
cium sources to form calcium carbonate precipitates. It fills the pores between soil particles while
cementing dispersed soil particles to improve their engineering mechanical properties. However,
the strength of the reinforced soil is greatly affected by the concentration of nutrient solution and
bacterial solution, and a large number of experiments are needed to find their patterns. In order
to reduce costs, a BP neural network model was constructed using Matlab software, trained with
624 sets of data, and predicted with 156 sets of strength data of the reinforced soil. The research
results indicate that after a large amount of experimental data training, the difference between
the predicted shear stress and the actual experimental shear stress ranges from -5.370% to
4.238%, and the determination coefficient R? is greater than 0.9. Verified the reliability of using
BP neural network to predict the strength of MICP reinforced coastal soft soil, which can reduce
experimental workload, save costs for practical engineering, and provide guidance for future re-
search on similar reinforced soil.
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Figure 1. BP Neural network workflow
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Figure 2. Structure diagram of BP neural network
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Figure 3. Vertical stress P = 50 kPa shear stress-shear displacement curve
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Figure 4. Vertical stress P = 100 kPa shear stress-shear displacement curve
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Figure 5. Vertical stress P = 200 kPa shear stress-shear displacement curve
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Figure 6. Vertical stress P = 300 kPa shear stress-shear displacement curve
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Table 2. Maximum prediction curve error and determination coefficient
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G 50 ~5.370 0.929
G 100 3.884 0.917
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G 300 -3.287 0.937
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