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ABSTRACT

In the present study, we applied various machine learning techniques comparatively for prediction of subsurface structures
based on multiple secondary information (i.e., well-logging data). The machine learning techniques employed in this study
are Naive Bayes classification (NB), artificial neural network (ANN), support vector machine (SVM) and logistic
regression classification (LR). As an alternative model, conventional hidden Markov model (HMM) and modified hidden
Markov model (mHMM) are used where additional information of transition probability between primary properties is
incorporated in the predictions. In the comparisons, 16 boreholes consisted with four different materials are synthesized,
which show directional non-stationarity in upward and downward directions. Futhermore, two types of the secondary
information that is statistically related to each material are generated. From the comparative analysis with various case
studies, the accuracies of the techniques become degenerated with inclusion of additive errors and small amount of the
training data. For HMM predictions, the conventional HMM shows the similar accuracies with the models that does not
relies on transition probability. However, the mHMM consistently shows the highest prediction accuracy among the test
cases, which can be attributed to the consideration of geological nature in the training of the model.
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Fig. 1. The schematic diagram for artificial neural network used
in this study.
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Fig. 2. A schematic diagram for conventional hidden Markov
model.
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Fig. 3. The hypothetical data used in this study: (a) 16 boreholes
composing four different materials with 137 m depth (Jeong et
al., 2014) and (b) one example of two type of the secondary
information with three difference degree of disturbance and
measurement error.
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Table 1. The statistical mean, variance, and covariance used to realize two different types of synthetic geophysical data (Jeong et al.,

2014)
Mean Variance
Covariance
Second. 1 Second. 2 Second. 1 Second. 2
C1 9 10 3 2 0
C2 19 20 3 2 -1
C3 22.5 13 2.5 2 1
C4 15 5 2 2.5 -0.5
35
30
10 ~ 25
I 5220
15 '&15
20 S 10
251 5
30p 0 <
3 > 50 5 10 15 20 25 30 35 755005 101520 25 30 35
40t Geophy. 1 Geophy. 1
(a) (b)

55

60 B
— s

0 10 20

Fig. 4. Concept of degenerating method of secondary information
by incorporating higher disturbance of signals.
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Fig. 5. The distributions of the realized secondary information in
the parametric space with (a) the highest, (b) intermediate and (c)
the lowest degree of errors.
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Table 2. The confusion matrices and the related rate for each machine learning technique in Case 1

Predicted Class

Cl C2 C3 C4 True Rate
C1 9608 235 19 1448 84.95%
True C2 173 13390 2312 985 79.42%
NB Class C3 70 2772 11852 2736 68.00%
C4 1646 963 2466 15085 74.83%
False Rate 16.43% 22.87% 28.81% 25.52%
Accuracy 75.94%
Cl1 9013 234 34 2029 79.69%
True C2 227 12942 2678 1013 76.76%
ANN Class C3 76 2798 11648 2908 66.83%
C4 1702 843 2634 14981 74.31%
False Rate 18.20% 23.04% 31.46% 28.43%
Accuracy 73.88%
C1 10376 2 0 932 91.74%
True C2 3585 11847 1111 317 70.27%
SVM Class C3 5449 2366 7891 1724 45.27%
C4 7621 327 1829 10383 51.50%
False Rate 61.61% 18.53% 27.14% 22.26%
Accuracy 61.58%
Cl1 8841 228 28 2213 78.17%
True C2 169 12972 2631 1088 76.94%
IR Class C3 62 2590 11522 3256 66.10%
C4 1258 889 2275 15738 78.07%
False Rate 14.41% 22.23% 29.98% 29.41%
Accuracy 74.62%
Cl1 11257 0 1 52 99.53%
True C2 1329 13028 1488 1015 77.27%
Class C3 3795 1974 9341 2320 53.59%
HMM
C4 936 934 1715 16575 82.22%
False Rate 34.99% 18.25% 25.54% 16.97%
Accuracy 76.34%
C1 10666 44 223 377 94.31%
True C2 0 14277 1500 1083 84.68%
Class C3 20 2470 12062 2878 69.20%
mHMM
C4 27 955 1846 17332 85.97%
False Rate 0.44% 19.55% 22.83% 20.02%
Accuracy 82.63%
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Table 3. The confusion matrices and the related rate for each machine learning technique in Case 2

Predicted Class

Cl C2 C3 C4 True Rate
C1 9534 265 45 1466 84.30%
True C2 115 14289 1695 761 84.75%
NB Class C3 49 2390 12762 2229 73.22%
C4 1584 552 2163 15861 78.68%
False Rate 15.49% 18.33% 23.42% 21.93%
Accuracy 79.75%
C1 9236 262 42 1770 81.66%
True C2 195 13637 2258 770 80.88%
ANN Class C3 63 2130 12819 2418 73.55%
C4 1582 490 2202 15886 78.80%
False Rate 16.61% 17.45% 25.99% 23.79%
Accuracy 78.43%
C1 10427 31 7 845 92.19%
True C2 3099 12949 664 148 76.80%
SVM Class C3 5713 1841 8738 1138 50.13%
Cc4 6840 180 1790 11350 56.30%
False Rate 60.02% 13.68% 21.98% 15.81%
Accuracy 66.09%
C1 8902 235 60 2113 78.71%
True C2 100 13858 2088 814 82.19%
IR Class C3 51 1901 12932 2546 74.19%
C4 1043 483 2086 16548 82.08%
False Rate 11.83% 15.89% 24.67% 24.85%
Accuracy 79.44%
C1 11040 2 2 266 97.61%
True C2 1476 13399 1211 774 79.47%
HMM Class C3 4163 1235 10475 1557 60.10%
C4 1296 569 1497 16798 83.32%
False Rate 38.58% 11.88% 20.55% 13.39%
Accuracy 78.64%
C1 10664 31 137 478 94.29%
True C2 7 14658 1316 879 86.94%
Class C3 38 1577 13763 2052 78.96%
mHMM
Cc4 36 577 1673 17874 88.66%
False Rate 0.75% 12.97% 18.51% 16.02%
Accuracy 86.62%
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Table 4. The confusion matrices and the related rate for each machine learning technique in Case 3

Predicted Class

Cl1 C2 C3 C4 True Rate
Cl 9557 46 121 1586 84.50%
True C2 42 14728 2085 5 87.35%
NB Class C3 168 1856 14383 1023 82.52%
C4 2534 2 829 16795 83.31%
False Rate 22.31% 11.45% 17.42% 13.47%
Accuracy 84.34%
Cl 8396 103 163 2648 74.24%
True C2 45 14404 2404 7 85.43%
ANN Class C3 93 1895 14285 1157 81.96%
C4 1737 13 828 17582 87.21%
False Rate 18.26% 12.25% 19.20% 17.82%
Accuracy 83.13%
Cl 9881 63 19 1347 87.37%
True C2 2032 13640 1184 4 80.90%
SVM Class C3 5198 1743 9827 662 56.38%
C4 5382 0 1127 13651 67.71%
False Rate 56.07% 11.69% 19.17% 12.85%
Accuracy 71.47%
Cl 8259 83 122 2846 73.02%
True C2 23 14242 2567 28 84.47%
IR Class C3 59 1675 14225 1471 81.61%
C4 1344 32 775 18009 89.33%
False Rate 14.72% 11.17% 19.58% 19.44%
Accuracy 83.23%
Cl 11257 1 2 50 99.53%
True C2 1941 13522 1210 187 80.20%
HMM Class C3 4497 1166 11098 669 63.67%
C4 1606 151 575 17828 88.43%
False Rate 41.68% 8.88% 13.87% 4.84%
Accuracy 81.67%
Cl 10819 44 108 339 95.66%
True C2 0 15281 1340 239 90.63%
Class C3 16 1348 15088 978 86.56%
mHMM
C4 24 146 696 19294 95.70%
False Rate 0.37% 9.14% 12.44% 7.46%
Accuracy 91.97%
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