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Geological structure recognition model based on improved random

forest algorithm
WANG Huaixiu', FENG Siyi', LIU Zuiliang
(1.8chool of electrical and information Engineering, Beijing University of Civil Engineering and Architecture, Beijing 102616, China,
2. Huayang New Material Technology Group Co., Ltd., Yangquan 045000, China)
Abstract: Seismic attributes are often used for structural interpretation and prediction. In order to overcome the problems of multiple solu-
tions and uncertainty caused by single seismic attribute prediction, seismic multi-attribute fusion technology is used to interpret and pre-
dict geological structures. Based on the classical machine learning random forest algorithm model, an improved random forest algorithm is
proposed to fuse and classify multiple seismic attributes. Combining the seismic multi-attribute fusion technology with the improved ran-
dom forest algorithm, a geological structure recognition model based on the improved random forest algorithm is established. Taking the
second mining area of the second belt of Shanxi Xinyuan Coal Co., Ltd. as the research area, based on the twelve seismic attributes extrac-
ted from the three-dimensional seismic exploration results, through the attribute correlation analysis and feature importance analysis of the
twelve attributes, according to the results, all twelve attributes are retained for subsequent attribute fusion. Using the exposed and verified
geological structure faults and collapse columns as sample labels, an improved grid search optimization algorithm is proposed. The num-
ber of classifiers and the maximum feature number of a single decision tree are combined to search the grid. The algorithm model is estab-
lished based on Python language platform. The experimental results show that the prediction accuracy of the improved algorithm model
reaches 97%, After subsequent model verification, it is proved that compared with several algorithms such as logistic regression, gradient

lifting and decision tree, the improved random forest algorithm can more effectively identify abnormal bodies such as faults and collapse
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columns in geological structures, with higher recognition accuracy and wider applicability.

Key words: geological structure identification; seismic attribute fusion; random forest algorithm; geological model
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Fig.2 Optimization process of improved grid search algorithm
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Table 4 Validation of optimization algorithm for random

forest parameters

iAX i RS NARS R AR
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4 0.980 85 0.98255
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7 0.88511 0.89756
8 0.760 43 0.78297
9 0.91545 0.93159
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