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2% B AFdAe E&FQ UYL H/HE Y BASANEE 83t 71AsE 78 7712 AT total organic carbon,
TOC) RIS sttt g Rd-2 FotAR7} ¢l= FAE TOCE d&8 02 23T 4= 9= Aol ok 7HAk
REEAFEA O, I3, 15 AF=FY EASARSL FY 3ot g4t TOC B4 ZAToltt. WA E2|A5-TOCT A2 A& 423
stgo, 7HgAtR =E e YA L E, S0, Aokl HE5)E At AtAASS AT EERTEE 53
stgom, 1137 A2 E &3, S/HE HIAE AR 2 ARSI AH XY AEQ I AIRAY ] 52 vt A3, 34}
BAEL g AERARRE 7|& AAASR?) 0.84, BFAH L] 0.09 wt.% 2, APDZHAES] R¥(0.11)2} HFE22H0.19 wt.%)
qH] £35S EYoh s 29 O A3 W ot BAgE 771l 283 A, 1 wt.% ©)/4d2] TOC Ft7toll A= T
B7E S 3 RS B GHARE S8 52 TOC #21ol gt 4571 a7 2 .5ttt

FRO: HMF2X|, SRIELLY, 7ls, ZHI0L 22AS

ABSTRACT: In this study, a machine learning-based model was developed to estimate total organic carbon (TOC) from well logging data
for enhanced source rock evaluation. The model enables estimation of a continuous TOC curve along well logs, even in core-limited intervals.
The dataset consisted of well logging data and TOC analyses of sidewall core samples obtained from the O, J3, and J5 wells in the Jeju Basin.
After pairing well logging data with corresponding TOC values, input features were selected considering the number of available data pairs.
Subsequently, a well-to-well standard normalization was performed to account for inter-well variability of the gamma-ray log responses.
Atotal of 118 datasets were divided into 113 for train and 5 for test data. A performance comparison between random forest (RF) and extreme
gradient boosting (XGBoost) models revealed that XGBoost demonstrated superior performance. Specifically, on the test dataset, XGBoost
achieved a coefficient of determination (R?) of 0.84 and a mean absolute error (MAE) of 0.09 wt.%, significantly outperforming RF (R? =
0.11, MAE = 0.19 wt.%). Application of the developed model to intervals within the O well where core data were unavailable revealed an
underestimation in sections with TOC exceeding 1 wt.%. Future improvements within high-TOC intervals can be achieved through data
augmentation or training with TOC experimental data using cutting samples.

Key words: Jeju basin, total organic carbon, machine learning, sidewall core, well logging
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Fig. 1. Exploration blocks and well locations in the Jeju basin, Republic of Korea.



125

Table 1. Summary of logging and TOC from sidewall core for the three wells (O, J3, and J5 well).

Data Parameter O well 13 well J5 well
. Depth 474.8-2900.2 m 450.04-3179.9 m 456.2-4181.7 m
Logging Type Density, DTC, Gamma-ray, Neutron, RDEEP
. Depth 1403.2-2822.6 m 1376.8-3062.6 m 805.5-1368 m
Sidewall core
Number of data 44 44 30
Table 2. Statistical summary of logging data and TOC for each well.
Well Statistics Densit}y DTC GR Ne;;trgn RDEEP TOC
(g/em’) (us/ft) (gAP]) (m’/m’) (ohm.m) (Wt.%)
Mean 2.24 119.17 61.34 0.34 14.24 0.88
(¢ STD 0.14 24.73 16.61 0.08 143.67 1.18
Range 1.28-2.82 33.06-198.95  22.34-122.93 0.02-0.94 0.55-2000.00 0.19-6.31
Mean 2.29 109.13 70.54 0.26 2.55 0.44
I3 STD 0.18 25.41 20.77 0.08 2.22 0.34
Range 1.45-2.86 53.37-191.07  12.96-136.32 0.07-0.59 0.77-19.09 0.08-2.02
Mean 2.36 96.94 62.46 0.22 5.83 0.32
J5 STD 0.31 28.47 23.37 0.10 3.90 0.25
Range 1.43-2.96 58.73-185.43  13.43-154.87 0.03-0.57 0.44-37.71 0.04-1.05
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Fig. 2. Workflow of TOC estimation using well logging data based on machine learning.
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Fig. 4. Data availability of well logs and TOC for each well: (a) O, (b) J3, and (c) J5 well.
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Table 3. Train and test data split based on stratigraphic units.

. O well J3 well J5 well
Stratigraphy 3 B -
Train Test Train Train
Late Pliocene - - - 1
Early Pliocene - - - 13
Middle Miocene 2 1 11 16
Early Miocene 8 1 5 -
Late Oligocene 10 1 12 -
Early Oligocene 12 1 19 -
Late Eocene 7 1 - -
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Fig. 6. Structure of developed TOC estimation model (modified from Yeom et al., 2023): (a) RF and (b) XGBoost.

RF+= Breiman (2001)°f &Jsf A= 10w, o2 7€)
S| AFE Y E 2 (decision tree) S EYF 0 2 B15AI7] 5 7}
Eejo) 24 ATl BFE AshA AR Feele o
AEROITHIY 6a). RFE AR5} M-8 T2 A
Zagele] 7 Eole] JUUAR BN Tl 7
S P2l A%-S ol Ao] Sl

XGBoost= Chen and Guestrin (2016)9]] 2]} A|2t= 31
o, o|& EF Q] 42 residual)E o2 ET7} &4}
Moz Reksln srg AWashs WOt 6b). 2
oA BT o STIE YO el HE
=S Ho|X|uh RFO) B|a] 323 9|3 o] Bla s &t
<= A7 e

RF2} XGBoost 240 24452 SHH3st7] ¢8) 4
APeha(grid scarch)7| Y& o-g3}e] F.8. sjo|sisfetule]
(hyper-parameter)S-& 22313k} AR Ao
Aol slo|mniet|e o) BE 2L Tuslol 71 ¢
ot A5e wel 23he AselE R Ageks Aol
o} & Aol A= RFEED | jsf E]74(n_estimators),
Z|jZQo](max_depth), ZAETAYEZ<(min samples_split),

filo
N
)
™,
o

Table 4. Optimized hyper-parameter using grid search.

RF XGBoost
n_estimator 150 n_estimator 5
max_depth 20 max_depth 10
min_samples_split 9 learning_rate 0.3
min_samples_leaf 9 subsample 0.8
max_features 1.0 colsample bytree 1.0
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Table 5. Performance metrics of RF and XGBoost models on
train and test datasets.

Model Data type R’ MSE MAE
RE Train 0.549 0.285 0.261
Test 0.107 0.058 0.186
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XGBoost
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