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Research on fluid recognition with extremely randomized trees algorithm

RAO Xiaochi*, YANG Hao*, YU Hui", WEN Wu*, ZHOU Hang*, CHEN Min*

(a. Chengdu University of Information Technology, Chengdu

610225, China;
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Abstract; Great uncertainty occurs when we make fluid identification in the reservoir, so multi— attribute fusion for fluid i-

dentification is very necessary. Machine learning methods are becoming mature but rarely used in fluid identification. This pa-

per introduces an Extremely randomized trees (ET) algorithm for fluid identification, which is simple to implement and has

strong universality. The advantages of this method and traditional machine methods are compared, and the accuracy of the

method for fluid identification is confirmed by mean square error and error rate. Finally, the method is applied to actual data in

the South China Sea, whose effectiveness for fluid identification is verified by the excellent result.

Keywords: fluid identification; extremely randomized trees; machine learning; multi—attribute fusion



