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Reservoir prediction method based on machine learning
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Abstract: Machine learning and data mining possess excellent abilities of prediction, analysis, decision—making, and calcu-
lation and have achieved good results in the field of oil and gas exploration and development. On the basis of summarizing
the reservoir prediction methods, this paper analyzes the applicability, advantages and disadvantages of different reservoir
prediction methods. It utilizes the machine learning algorithm to predict the rock type, spatial distribution, porosity, permea-
bility, and oil saturation of the reservoir by mining logging and seismic data. This method reveals evident advantages com-
pared with seismic inversion reservoir prediction: first, mining a large amount of information contained in seismic data and

multi-attribute fusion can improve the prediction accuracy ; second, data—driven instead of experience—driven can simplify

the workflow.
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Tablel Performance comparison of lithology prediction
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Fig.1

Comparison of lithology prediction and logging lithology interpretation in three verification wells
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Fig.2 Comparison between post—stack inversion prediction profile and reservoir prediction profile based on XGBoost
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Table2 R* indicator of physical property prediction
performance by different algorithms
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Fig.3  Prediction model of reservoir physical property
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Fig.5 Comparative analysis of prediction curves and actual logging curves
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