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Abstract: The logging s—wave data are usually few or missing in production. In seismic data interpretation and process-
ing, it is necessary to supplement the missing logging shear wave data manually. The results of conventional linear regression
methods can not explain the complex correspondence among various attributes. However, with the development of machine
learning and its application in seismic data processing and other fields, the ability of nonlinear mapping of neural networks can
make up for the deficiency of linear fitting of shear wave velocity and make use of its advantages to predict shear wave. Howev-
er, machine learning algorithm has the problem of over—fitting or insufficient fitting ability for fitting problems. This paper se-
lects the neural network optimized by genetic algorithm and Gaussian process regression for training. The practice shows that
compared with multivariate fitting and support vector machine regression, the accuracy relative error of the results used in this
paper is reduced and compared with the shear wave velocity from petrophysical testing, which confirms the practical value of
this method.
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