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Gas-water dynamic analysis based on two-branch convolutional neural network

LI Daolun, LYU Maochun, ZHA Wenshu, SHEN Luhang
(School of Mathematics, Hefei University of Technology, Hefei 230601, China)

Abstract; Traditional gas-water analysis methods mainly include numerical analysis methods and experimental
simulation methods, but numerical analysis methods require a large amount of difficult-to-measure data, and
experimental simulation methods are difficult to characterize complex oil and gas development sites. For this
reason, this paper proposes a new gas-water analysis method based on deep learning neural networks. Based
on the dynamic physical model of gas and water, a two-branch convolutional neural network is established to
model drainage well and production well separately, and personalize the dynamic and static data of production
and drainage wells; the gas and water production data from the production wells are then used as the output to
achieve dynamic coupling and correlation of the well group, thereby building a deep learning network model
for the dynamic analysis of gas and water in the well group. The analysis of the dynamic production data of
the active drainage well group shows that the two-branch convolutional neural network can achieve high-quali-
ty prediction of daily gas and water production of the three production wells. This suggests that the two-
branch convolutional neural network can reveal complex correlations of wells in active drainage well group and
perform dynamic analysis of gas-water relationships, thus providing a convenient and fast analysis method for
oil and gas reservoir engineers,
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