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Shale gas production prediction based on TCN-LSTM model

SHI Zhengzheng', LI Daolun', FU Ning®, ZHANG Kang’
(1. School of Mathematics, Hefei University of Technology, Hefei 230601, China; 2. Changging Downhole Technology Company, CNPC
Chuanging Drilling Engineering Co. . Ltd. . Xi’an 710016, China)

Abstract; Accurate prediction of shale gas production helps to plan production schedules in advance and
optimize production schemes. Current research on output prediction often requires long-term produc-
tion data or a large amount of feature data. When the production time is short or the feature data is
scarce, it is difficult to accurately predict the output. To this end, this paper proposes a temporal con-
volutional network-long short-term memory network (TCN-LSTM) model with an attention mecha-
nism. This model is jointly trained using the production data of three wells. The TCN and LSTM
modules extract local and global features respectively, which are then fused through the fully connect-
ed network. The attention mechanism is used to focus on key information, learn the flow laws from
the existing well production data, and improve the prediction accuracy in scenarios where new wells
have limited initial data. The results show that the multi-well joint prediction model outperforms the
single-well prediction model in terms of accuracy and trend prediction. Based on the mean absolute er-
ror(MAE) evaluation index, the prediction accuracy increases by approximately four times. Addition-
ally, the model reduces the reliance on long-term data and multiple features. It is of great significance
in reservoir development.
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