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Abstract: In training a classification model using machine learning, the acquisition of training data is a very important
stage, because the amount and quality of the training data greatly influence the model performance. However, when
the cost of obtaining data is so high that it is difficult to build ideal training data, the number of samples for each
class may be acquired very differently, and a serious data-imbalance problem can occur. If such a problem occurs
in the training data, all classes are not trained equally, and classes containing relatively few data will have significantly
lower recall values. Additionally, the reliability of evaluation indices such as accuracy and precision will be reduced.
Therefore, this study sought to overcome the problem of data imbalance in two stages. First, we introduced weighted
accuracy and weighted precision as new evaluation indices that can take into account a data-imbalance ratio by
modifying conventional measures of accuracy and precision. Next, oversampling was performed to balance weighted
precision and recall among classes. We verified the algorithm by applying it to the problem of facies classification.
As a result, the imbalance between majority and minority classes was greatly mitigated, and the boundaries between
classes could be more clearly identified.
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Fig. 1. (a) Synthetic data produced by applying the SMOTE
(Synthetic minority oversampling technique). Some synthetic data in
Area 1 are produced by noise, and the synthetic data in Area 2 are
not conducive to training a boundary. (b) Synthetic data formed
using the Borderline-SMOTE technique.
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Table 1. Confusion matrix for binary classification.
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Fig. 2. Comparison of training results for classification models when (a) there is no imbalance between classes and (b) there is an imbalance
problem. There is a large difference in the decision boundary in the area outlined with the yellow dotted line.
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Fig. 3. Variation in (a) accuracy, (b) precision, and (c) recall with
changes in the imbalance ratio.
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Table 2. The calculated evaluation metrics when training a facies
classifier using imbalanced training data.

Class
Shale Water sand Oil sand  Gas sand
Weighted precision 0.990 0.820 0.998 1.000
Recall 0.835 0.995 0.942 1.000
Weighted accuracy 0.943

Table 3. The calculated evaluation metrics when training a facies
classifier after oversampling.

Class
Shale Water sand Oil sand  Gas sand
Weighted precision  0.957 0.897 0.988 1.000
Recall 0.919 0.956 0.961 1.000
Weighted accuracy 0.959
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Table 4. Comparison of classification performance of models trained before and after oversampling with blind well (Vincent2).

Class (Before oversampling)

Class (After oversampling)

Shale Water sand Oil sand Shale Water sand Oil sand
Weighted precision 0.998 0.782 0.983 0.996 0.816 1.000
Recall 0.706 0.997 1.000 0.810 0.997 0.966
Weighted accuracy 0.901 0.924
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Fig. 9. The results of the facies classification of a seismic
exploration area. The facies are predicted using the trained model
(a) before and (b) after oversampling. The areas outlined by red
dotted lines have been noticeably improved.
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