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Abstract

This study developed a classification model for the detection of borehole breakout depths in image
logs using machine learning algorithms. Approximately 1 km of image log data acquired in Gyeongju
was preprocessed to make it suitable for applying machine learning algorithms. This included
removing missing values and data within casing intervals and aligning the resolution among image log
data — that is, vertical and horizontal resolutions were set at 0.01 m and 2.5°, respectively. Decision
tree-based algorithms, random forest, and XGBoost were then applied to the preprocessed 99,090 data
entries, which was divided into training (80%) and testing (20%) groups. The trained models were
evaluated based on the false negative (FN) of the confusion matrix. The XGBoost model showed a
superior predictive performance with 87 FNs when compared to the random forest model’s 162 FNs.
The developed model can enable experts to perform detailed reviews of detected depths via the model.
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Fig. 1. Typical examples of breakout in well A2: (a) 985.8~
986.6 m and (b) 995~996.5 m.

Table 1. Statistical analysis of well Al and well A2

Parameters Well Al Well A2
Resolution 100,734x288  497,745x144
Data point 100,734 497,745
Depth  Interval (m) 0.01 0.002
Start/End (m)  1.67/1009  8.280/1003.768
Data point 288 144
Angle
Interval (°) 1.25 2.5
. Min/Max  —-2938.24/2615 -999/2912
Amplitude
Average 1861.49 1842.42
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Fig. 2. Histograms of amplitude: (a) well A1 and (b) well A2.
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Fig. 3. Nearby boundary of casing and open-hole change in
amplitude: (a) well Al and (b) well A2.
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Fig. 5. Confusion matrix for the trained random forest model:
(a) training dataset and (b) testing dataset.

Table 2. Comparison of the two machine learning models
based on precision and recall

Models Precision Recall
Random forest 0.99 0.57
XGBoost 0.94 0.77
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