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Construction of lithology identification model by
well logging based on ensemble learning
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[ Abstract] Lithology identification plays an important role in geological surveys such as stratigraphic evaluation, reservoir
description and drilling monitoring. Aiming at the low efficiency and information redundancy of traditional logging lithology
identification methods based on logging response equation, this paper proposes a logging lithology identification method based on
Stacking in ensemble learning.This method establishes a fusion model with Naive Bayes, Random Forest, Support Vector Machine
and Logistic Regression.Three machine learning models, Naive Bayes, Random Forest and Support Vector Machine are used as a
primary training device to separately train the data,and then Logistic Regression model is used as a secondary learning device to
predict. The fusion model improves the logging lithology identification efficiency, realizes automatic processing of logging data, and
improves the working efficiency of geological survey personnel. In this paper, the borehole logging data of the Ordos Basin is used
as the training sample.Compared with the results of other machine learning models, the prediction results of the model are better than
the actual results, and the recognition rate is better than other learning models.
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Tab. 2 Cross—validation accuracy
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Fig. 1 Ensemble learning process
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Tab. 1 The lithology category distribution of training sample set
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Tab. 3 Different model lithology prediction results
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Tab. 4 Different model evaluation indicators
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