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The oil reservoir injection and production optimization method
based on cross-entropy policy optimization in reinforcement learning

CHEN Zeyu', LIU Haomin®, LIU Piyang"* , ZHANG Kai', HU Dandan®
(1. School of Civil Engineering, Qingdao University of Technology, Qingdao 266525, China;
2. Sinopec Petroleum Exploration and Production Research Institute, Beijing 100089, China;

3. Research Institute of Petroleum Exploration and Development, Beijing 100083, China)

Abstract: In the process of waterflood oil reservoir development, injection and production
optimization is a key technology for adjusting the reservoir flow field distribution and impro-
ving oil recovery factor. To address the issues of insufficient policy exploration capability and
low efficiency in utilizing historical experience samples in existing methods, a reinforcement
learning-based oil reservoir injection and production optimization method was proposed,
based on cross-entropy policy optimization. This method modeled the injection-production
optimization problem as a Markov Decision Process (MDP) and utilized the Soft Actor-Critic
with Cross-Entropy Policy Optimization (SAC-CEPQO) algorithm framework. It employed
the maximum entropy policy exploration mechanism to enhance policy exploration capability

to avoid local optima. At the same time, the cross-entropy method was used to optimize the
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policy sampling process, reducing ineffective exploration and enabling rapid adaptation to the
dynamic changes in the reservoir flow field. Historical control experience data was obtained
through interaction with the environment and constantly optimized until the optimal injec-
tion-production control policy was learned. The proposed algorithm was tested on a two-di-
mensional reservoir model, The results showed that the oil reservoir injection and production
optimization method based on cross-entropy policy optimization in reinforcement learning
proposed in this paper demonstrated superior performance in optimization efficiency, en-
hanced oil recovery, and water control compared to traditional evolutionary algorithms and
existing reinforcement learning approaches.

Key words: injection and production optimization; reinforcement learning; Markov Decision
Process; the maximum entropy policy exploration mechanism; cross-entropy policy optimi-

zation
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