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Oil and Gas Column Height Prediction Based on Deep Residual
Shrinkage Network
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Abstract; The height of the hydrocarbon—bearing column of the reservoir reflects the richness of the hydrocarbon layer in the trap to a
large extent. Estimation of oil content height is of great importance for pre—drilling reserve evaluation and well location optimization de-
ployment. In order to improve the prediction accuracy of the oil and gas column height, the research on the oil and gas column height pre-
diction method based on the neural network model is carried out,and the research on the one—dimensional residual shrinkage network is
focused. Because the one—dimensional convolution kernel focuses on the extraction of each dimension feature , which is more in line with
the characteristics of the experimental data. Secondly,the model uses a residual block, which uses the link skip method to bypass the
input information and directly output to protect the information integrity , thereby alleviating the problem of gradient loss and network deg-
radation. Soft threshold as a nonlinear transformation Layers are inserted into deep structures to eliminate unimportant features to improve
the ability to learn features from noisy data. At the same time,in order to verify the validity of the model, the applications of widely used
models, such as CNN, 1 DCNN, GoogLeNet, DenseNet,and 1 DRSN, on trapped data are compared and analyzed. The experimental results
show that the prediction accuracy of 1DRSN reaches 84. 0% , which is better than that of other models, indicating that the model has more
accurate results for the prediction of oil and gas column height.
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