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Fig. 1  Geological setting of study area (modified from He et al., 2020; Yang et al., 2021)

(a) global paleogeographic map of the Late Permian; (b) tectonic background map of the Yangtze region during the Permian; (c) location of the eastern Sichuan region and

sedimentary pattern map of the Changxing Formation (purple box indicates study area)
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Fig. 2 Logging phase template of the Permian Changxing Formation in the Yuanba area
(a) sparry bioclastic limestone, well Y2; (b) fine-crystalline dolostone, well Y16; (c) algal-bound limestone, well Y11; (d) slump breccia of platform-margin slope facies, well
Y10 (after Wang et al., 2012; Luo and Yuan, 2014; Wang, 2015; Wei, 2023)

80
70

607

AC/(ps/ft)

501

2.9
2.81
2.71 y 1 1 T
2.61
2.5
2.4
2.3
2.21
140+
1201 1
100 &% 1 h %
804 i 1
601 £ E i
401 s

204

DEN/(g/em’)

Rl

GR/API

1204

1004

SP/mV
o
(=]
-

604

304
254
204
151
104

CNL/%

04 & i ) e

50 60 70 80 22 24 26 28 0 50 100 50 100 0 10 20 30
AC/(ps/ft) DEN/(g/cm’) GR/API SP/mV CNL/%

VBRI FRAAN c RRGH © ASARE e A8k
B3 DR AR I H X g i

Fig. 3 Scatter plot matrix of well-logging data for sedimentary subfacies
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Fig. 4 Schematic diagram of Random Forest Algorithm (modified from Cui et al., 2023)



5553 W EAF FET AL T AR R A TR AR RE U 1775

PS5 HR R AU A

A y
@) ® THARAE Mb) ® LHOHEA
® DUCHA ® A
® o 0o © + AR A ® o 0o o - - - R
° ° -
e® e ° o ® o °
o °
o o o o
[ J ( ] & [ J s [ ] a .\\:::.-.
[ ] 4 ® [ ] o o Y
o o o +%te . g o
°
® o °® o o o °* ° %o
> >

(a)SMOTE #:L RAEF AL ; () NearMiss-1 R RAFEHE A 2

Fig. 5 Resampling schematic diagram

(a) principle of the SMOTE oversampling technique; (b) principle of the NearMiss-1 undersampling technique
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Fig. 6 Evaluation index interpretation (modified from Zheng et al., 2022)

(a) binary classification confusion matrix; (b) schematic of ROC curve
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Fig. 7 Model confusion matrix

(a) initial model; (b) improved model
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Table 2 Random Forest classification report
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BEEE 0.95 0.96 0.96 947
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e 0.96 2808
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Fig. 9  Sedimentary facies prediction results
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Intelligent Identification for Carbonate Logging Sedimentary Facies
Based on Machine Learning: An example from the Late Permian
Changxing Formation, northeastern Sichuan Basin
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Abstract: [Objective] Accurate identification of carbonate rock sedimentary facies is basic to conduct paleo-
geographic reconstruction. However, the inherently ambiguous facies characteristics coupled with the subjectivity of
manual interpretation pose significant challenges in facies identification. Traditional well-log facies interpretation
methods are further constrained by low efficiency and experience-dependent limitations. To address these challenges,
in this study a reusable and intelligent interpretation model was developed based on machine learning algorithms with
the aim of improving the precision and efficiency of sedimentary facies identification in carbonate formations.
[Methods ] Focusing on the reef-shoal facies of the Upper Permian Changxing Formation in the Yuanba area of the
northeastern Sichuan Basin, well-logging data from five representative boreholes was analyzed. Various well-logging
curves (e.g., acoustic travel time (AC) and natural gamma ray (GR) ) were selected as feature parameters to con-
struct an Improved Random Forest (IRF)-based facies recognition model. A hybrid sampling strategy combining the
Synthetic Minority Oversampling Technique (SMOTE ) and the NearMiss-1 algorithm was implemented to address the
problem of classification imbalance, while grid search combined with K-fold cross-validation ensured robust hyperpa-
rameter tuning. [ Results ] Blind test results for the target well interval using the proposed improved model showed an
accuracy of 87% compared to sedimentary facies interpretations by external experts, indicating a significant improve-
ment over the initial model. The proposed model effectively identifies favorable subfacies such as open platform and
platform-margin reef-shoal, accurately reflecting regional sedimentary evolution characteristics. [ Conclusions] Ma-
chine-learning-based approaches for sedimentary facies recognition not only enhance identification accuracy but also
demonstrate robustness and applicability in practical geological interpretation.

Key words: carbonate rocks; Random Forest Algorithm; intelligent analysis model of sedimentary facies;

Changxing Formation; Sichuan Basin
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