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ABSTRACT

Korea Atomic Energy Research Institute (KAERI) constructed the KURT (KAERI Underground
Research Tunnel) to analyze the hydrogeological/geochemical characteristics of deep rock
mass. Numerous boreholes have been drilled to conduct various field tests. The selection of
suitable investigation intervals within a borehole is of great importance. When objectives are
centered around hydraulic flow and groundwater sampling, intervals with sufficient ground-
water flow are the most suitable. This study defines such points as hydraulic outliers and
aimed to detect them using borehole geophysical logging data (temperature and EC) froma 1
km depth borehole. For systematic and efficient outlier detection, machine learning algori-
thms, such as DBSCAN, OCSVM, kNN, and isolation forest, were applied and their applicability
was assessed. Following data preprocessing and algorithm optimization, the four algorithms
detected 55, 12, 52, and 68 outliers, respectively. Though this study confirms applicability of
the machine learning algorithms, it is suggested that further verification and supplements are
desirable since the input data were relatively limited.

Keywords: Outlier detection, Machine learning algorithm, Hydraulic outlier, Borehole geophysical

logging
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Table 1. Comparison of the algorithms applied in this study

Algorithm Advantages Disadvantages Features

Effective when handling data with - Ineffective when handling data with

similar density distribution varying density distribution

DBSCAN - Applicable to arbitrarily shaped data - Ambiguous in selection of some hyper-
- Requires small number of hyper- para- parameters

meters Not suitable for high dimensional data

- Density based
- Identifies core, border and outliers

g . - Sensitive to outliers
- Effective in high dimensional data

OCSVM - Sensitive to the type of kernel function - Unsupervised learnin
- Applicable to relatively small dataset . typ‘ pe ¢
- Intensive computation
- Simple and straightforward .. . .
P . & .. - Sensitive to outliers and the scale of - Instance based learning
- No assumption on the original data . e
kNN e the data - Applicable to classification and regre-
distribution . . -
- Requires proper selection of k value ssion

Effective when handling large dataset

- Effective when handling large dataset .. T
. . . - Sensitive to data distribution and the ..
Isolation forest - Requires relatively small memory - Decision tree based
e . number of trees
Effective in high dimensional data

2.2.1 DBSCAN (density based spatial clustering of applications with noise)

DBSCAN-2 Hjo|E|e] dicE 7|5ko & gt g ejEolH, o5 -5l tlo[e] S AE g 22 o TS 4=343ich A4 Hlo]
Elo] Y-S 7| o 2 SEAHE 4ok, Sl 23ER] o= dlofel= o o 2 Rkt DBSCAN 37| Eﬂ 1=
(-2 A2))e}t X4 o2 T 52 7HEe 2 RS Sealfolm, 1kt A TRt P Ester et al., 1996). W2, £ Hlo]
E] ZRIEE 7|02 A% A2 Yol EA6k= o 22] 7i4-E Akttt o] /it 7t 2|4k o<1 Blo[ElE “core point’ 2
2RI “Core point’ & A0 &2 U7 7] Ulofl EAf5kE o122 E¢oh= SBAEE J/d5k, A 0= ojugh S2|AF
ol &5} ¢z HlofElE o o 2 ERRITE DBSCAN2 22 AH O] S2hE vj2] 242 Hart glom, vlAdd dloleu Ui
72 HlofeofA] BaFA 0 & 289t 4= Qli= o] qirt. Teu Uk R0] JRke o Hlolg A7) wt At Algte] A

7(1 2~ OT]jI—
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2.2.3 kNN (k—nearest neighbor)
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Fig. 2. Raw data of temperature and EC logging results from DB-2 borehole
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Fig. 3. Temperature and EC data for outlier detection algorithms
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Table 2. Results of logistic regression

Algorithm Term Coefficient P-value Algorithm Term Coefficient P-value
A Temp -14.1037 0.085* A Temp -4.1809 0.001

DBSCAN AEC 8.1044 0.000 OCSVM AEC 7.8039 0.659*
Constant -5.6683 0.000 Constant -7.1160 0.000

A Temp 0.3940 0.963* A Temp -4.7302 0.525*

kNN AEC 9.3810 0.000 Isolation forest AEC 9.8170 0.000
Constant -5.8037 0.000 Constant -5.5256 0.000

*denotes p-value larger than 0.05 of significance level
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Fig. 6. Distribution of hydraulic outliers according to the borehole depth
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Fig. 6. Distribution of hydraulic outliers according to the borehole depth (continued)
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Fig. 7. Distribution of joint frequency and detected hydraulic outliers according to the depth
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