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Research and application of sandstone thickness prediction

method based on BO-XGBoost optimization method

LIU Xuanliang' , ZHANG Junhua', BAI Qinglin®, WANG Fujin®, LIU Zhongwei”, JIAO Hongyan®
(1. School of Geosciences, China University of Petroleum (East China), Qingdao 266580,China;
2. Xianhe oil production plant, Shengli Oilfield Company, SINOPEC, Dongying, 257068, China)

Abstract: Channel sand body prediction plays a vital role in oil and gas exploration, but in actual exploration and develop-

ment, the buried depth of complex channel sand body and the complexity of channel structure will make its well seismic rela-

tionship poor, leading to low sandstone prediction accuracy. Given this problem, this paper uses the seismic multi-attribute in-

formation, gives full play to the advantages of the dense well pattern, and uses the BO-XGBoost sandstone thickness prediction

method to achieve the best prediction effect when the validation set proportion is 25%. The prediction effect is better than the

conventional SVM and XGBoost methods. The research method can be used for reference in sandstone thickness prediction of

similar complex reservoirs.

Keywords: bayesian optimization; XGBoost;

sand body;

thickness prediction



