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Abstract

Dynamic soil properties are essential factors for predicting the detailed behavior of the ground. However, there are
limitations to gathering soil samples and performing additional experiments. In this study, we used an artificial neural
network (ANN) to predict dynamic soil properties based on static soil properties. The selected static soil properties were
soil cohesion, internal friction angle, porosity, specific gravity, and uniaxial compressive strength, whereas the compressional
and shear wave velocities were determined for the dynamic soil properties. The Levenberg-Marquardt and Bayesian
regularization methods were used to enhance the reliability of the ANN results, and the reliability associated with each
optimization method was compared. The accuracy of the ANN model was represented by the coefficient of determination,
which was greater than 0.9 in the training and testing phases, indicating that the proposed ANN model exhibits high
reliability. Further, the reliability of the output values was verified with new input data, and the results showed high

accuracy.
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Fig. 2. Scatter plots of gathered dataset according to output variables of (a) compressional wave velocity; (b) shear wave velocity

Table 1. Statistical information for each soil parameter

Soil cohesion Friction angle | Water content | Specific gravity Compressional Compressmqal Shear V.Vave
(kPa) & (%) ) strength wave velocity velocity
(MPa) (m/sec) (m/sec)
Maximum 36.00 59.30 75.10 2.90 207.90 2402.00 1249.00
Minimum 1.76 29.60 6.50 2.61 8.60 287.00 111.00
Median 26.36 34.73 11.64 2.65 26.34 1038.00 502.00
Average 23.16 39.52 15.32 267 48.90 1126.10 562.91
Standard deviation 10.16 873 10.70 0.05 42.45 606.30 337.38
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