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Automatic seismic interval velocity building based on convolutional
neural network and velocity spectrum

ZHANG Bing

(Sinopec Geophysical Research Institute s Nanjing 211103,China)

Abstract: The pick-up of time-velocity pairs of common mid-point gathers by normal moveout stacking velocity analysis is limited
by the assumption of horizontally-layered media.Its applicability to complex structures with a low signal-to-noise ratio (SNR) is
therefore limited. To address this issue,a method for the automatic modeling of seismic interval velocity based on a convolutional
neural network (CNN) and a stacking velocity spectrum was investigated.In this method, the velocity spectrum was an input to the
CNN,and the interval velocity values in the time domain were used as label data.By testing several random velocity models and
random noise levels,a CNN model that can directly map the velocity spectrum to the interval velocity in the time domain was es-
tablished based on L, regularization. The use of the interval velocities as label data could enhance the spatial matching of the veloci-
ty spectrum and velocity model, thus achieving improved spatial mapping.Rather than selecting time-velocity pairs in the velocity

spectrum,inputting the latter into a CNN model could reduce disturbance due to structural complexity as well as the noise interfer-
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ence on the focalization of the energy group in the velocity spectrum.The numerous tests that were performed demonstrated the

strong generalization ability and practical value of deep learning modeling. Both the numerical model and tests on actual data

showed that automatic velocity modeling based on CNN is suitable for complex structures with low SNR.Furthermore,the model-

ing accuracy was equivalent to that achieved by manual picking and could be achieved in 1/100 of the time.
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