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Research on dynamic response of interwell injection—production
based on graph neural network

HU Huifang'?,ZHANG Shiming®, CAO Xiaopeng’, GUO Qi’, WANG Zhaoxu’, HUANG Zhaoqin’
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City,Shandong Province 257015, China; 3.School of Petroleum Engineering, China University of Petroleum
(East China) ,Qingdao City,Shandong Province,266580, China)

Abstract: The dynamic response of interwell injection-production in injection and production wells is an important parameter in the
process of reservoir development. The correct evaluation of the dynamic response of interwell injection-production can provide a the-
oretical basis for optimizing process measures of flow field control in the later stage of reservoir development. Injection-production
well pattern can be equivalent to a graph structure, and there is a strong correlation between well points. Therefore, the dynamic re-
sponse of interwell injection-production is studied based on the graph neural network.The fluid production of producing wells is pre-
dicted, and backpropagation learning is carried out, so as to quantitatively characterize the dynamic response relationship of inter-
well injection-production at different times based on the graph attention network, the variation amount of water injection per unit
time in injection wells, the variation amount of liquid production per unit time in producing wells at multiple time nodes, and the pa-
rameters such as bottom hole pressure and well location data in the information of physical flow process. The results show that the
new method is suitable for the actual reservoir with a large number of wells and frequent well opening and shutting operations. The
method has the advantages of low cost and has combined dynamic and static parameters, so it can be widely applied.

Key words: graph neural network; interwell connectivity; machine learning; attention mechanism; dynamic response of injection-

production
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