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Shale porosity prediction based on random forest algorithm

CUI Junfeng', YANG Jinlu’, WANG Min*, WANG Xin’>, WU Yan’, YU Changqi’
(1.Research Institute of Petroleum Exploration & Development, PetroChina, Beijing City, 100083, China; 2.Laboratory of Deep
Oil and Gas, China University of Petroleum (East China) , Qingdao City, Shandong Province, 266580, China)

Abstract: Precise and fast acquisition of shale porosity is important for the prediction of the spatial distribution of shale oil and the
exploration target. To address the problem of low accuracy of porosity prediction using logging response equation, a porosity predic-
tion model based on random forest algorithm is established, and the prediction accuracy is compared with those of BP neural net-
work, support vector machine, and XGBoost algorithm, and the importance and influence range of logging parameters are ana-
lyzed by SHAP method. The results show that the random forest algorithm can better predict shale porosity, and the prediction ef-
fect is better than BP neural network, support vector machine, and XGBoost algorithm; the application of shale porosity prediction
based on random forest algorithm in a depression in Bohai Bay Basin finds that the top three most important logging parameters for
model prediction of porosity are compensation neutron, natural gamma, and ordinary apparent resistivity; the shale porosity predic-
tion model based on random forest algorithm can quickly identify the porosity of a single well, which can not only compensate for
the difficulty of obtaining the complete porosity distribution characteristics due to the inability of continuous coring but also signifi-
cantly improve the efficiency and accuracy of porosity prediction.
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Fig.1 Flowchart of random forest algorithm
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Fig.2 Correlation matrix of porosity and logging parameters in dataset
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