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Porosity prediction based on sedimentary facies
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Abstract: Porosity is an important index for evaluating reservoir characteristics, and the pore structure varies with the
composition of reservoir rocks. This paper studies the important factor of relative porosity of sedimentary facies, and
proposes a method of porosity estimation based on facies. Firstly, the impedance data and 42 means clustering method are
used to estimate sedimentary facies, and the spatial distribution characteristics of reservoir facies zones are obtained.
Then, the porosity of different facies zones is predicted by ridge regression method. Compared with other methods, this
method solves the problem of multi-solution in prediction, which caused by the uncertainty of the meaning of rock
physical properties, and improves the accuracy of prediction. Experiments on real reservoir data show that the method
can effectively fuse geological information, it has high prediction stability, and is less affected by human factors. The
prediction coincidence is significantly higher than that of support vector regression.
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Table 1 Performance of four methods

Tk MAE MSE MADE R’
krmeans+RR 0.92128 1. 34466 0.76712 0. 90566
MeanShift+RR 0.93917 1.34847 0.77563 0. 90539
SVR 1.29394 2. 22002 1. 32370 0.83577
RR 1.33315 2.32215 1.37887 0.83708
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