KA 2025 4
ACTA SEDIMENTOLOGICA SINICA http:// www.cjxb.ac.cn

SRR YR, FRis, AT, 8L il FYL E#, MRE, 0, M, ENE, U ST LA S BIBRER Ehe MU AR
BRERN —— ) Rd B =& g KA R P ot A SRk, 2025, doi: 10.14027/j.issn.1000-0550.2025.058. CSTR:
32268.14/j.cjxb.62-1038.2025.058. [FAN Xuan, CHEN AnQing, ZHENG DongYu, DENG Mo, LI ZhongChao, ZHOU Kai, WANG Han, ZHONG
HanTing, SUN Shi, LU JianLin, REN Qiang, HOU MingCai. Intelligent Identification for Carbonate Logging Sedimentary Facies Based on
Machine Learning: An Example from the Late Permian Changxing Formation, Northeastern Sichuan Basin[J]. Acta Sedimentologica Sinica. DOI:

10.14027/;.issn.1000-0550.2025.058. CSTR: 32268.14/j.cjxb.62-1038.2025.058.]

E Tl 5 IR 2 N H LRI HEE qE 1R 5l
—— B AR Ak b = B G D44 g

wEl, RRE!, MKF !, WE? FHE3, AN, E&, e
E, IFL, BEM? H£R®!, ®AL!

1L G BN MBI S RTS8 % AT, A 610059

2.5 BT R B B A 7, TR 214126

3.5 7 o O L B 20, AR 457001

 FE LEK) AU BRER S DRV 2 T AR o PR o e R EERE . SR, ORRARRRAE 1R 2 it ik
5N TR E L IR AR R A, HLAL GOl AR R R e RO AR N R R 4 R 2 2 50 I 20 1)
JEBR . ASHFTC B TEE I AL A% 2 ) B T S R R R, MU AR R S IR IR e, 3Tt
BRIR #h At E TORAR A RS FE AR . [k ] ARG e X K M AR R £6 A REMEAH X 1) 5 DR
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VBRI T A L L5 5 I i 2 1) 2 50 PE AR, (EL7E SEBR BLF AR AE — B M R BR M 1 2%,
VURRAERE BRI 5 BEL5 A AT E AR S . FRPBE A . B 2 M IZR, 1A LAR R F2
HRE S AW KBS B (Rider, 1990; Radwan, 2021) ; R, WFHEIEEARMH T
HEMER RS, 2R LIRS R IISGE R s RIS, 2015;
Al DArsmAE, 2017) , SO VIBEMARE TAER R BA R . A& (Bond e al., 2012;
Macrae et al., 2016) .

A PR R SR AOHLES 2 S TR IR TR AR R AR L TR T %, FETC N LR
g A L 5 AR B BT R I R AE R, I ANV R I B 3R A3 8T M % B (Jordan and
Mitchell, 2015) o F AL & >3 SVETT R it = 2503t RO TOR R AR 2 o 24 T R AT 9
A (Al-Mudhafar, 2017; Qietal., 2022; Zhengetal., 2022; F&# AUEMKF], 2024) , 1H
MARAEEED THEEER REPFFAEY, HLAE7E T BRIAERE B & DT R0 iR
LS T A N RCR (Bhattacharya ef al., 2016; Zheng-ebal, 2022; Hou et al., 2023;
FREE, 2023) o i, BT RERE 2125 2] KFF A &L (Local Deep Multi-Kernel Learning
Support Vector Machine, LDMKL-SVM) Ref8 45 & mide. b i ) #AFAE 5 1R 4E 42 R R E
I B &R S B SR R B ZE, ARERTHEE R 7 K (Liu et al., 2020) .
BEHLARHM (Random Forest, RF) K HARRAET MBS GHRAE EZ P AR ), ETUAE S
Frh I B & A, R AR AE S AR N A BT I L TR IR KR RAFIN 73 BRCR (E
R&F, 2023) o X9 T8 A VIRA R R RS = WAL BA BO M BIREZ 5+
A TR 2 BRI AR AR o AHELZ R, BRIR B DRI R W2 A0 A . s 16
. AR B AEEGE, A RV RS 80X 5 FERAR,  BREAS 7040 m BE AN 4,
HE— B 1IN T ML SRR I SR R . — BB A %K SR ) S K A & L (Support Vector
Machine, SVM). £ 73 ¥R EH/H7 (Multi-Resolution Graph-based Clustering, MRGC) .
N TARZ M4 (Artificial Neural Network, ANN) . ki#T45 (K-Nearest Neighbor, KNN) %%
FGENLER 7 2 I IR BT IRIR #°E IR 72 28 (EE 4%, 2021; Houeral, 2024) . B4k, 7£
BB O BRSBTS, 3B 78 51 N AR 5 3] 7532, B B IR0 B AR I A 45 A (2
E%, 2023) , BRI AR IERE B CEITIESE, 2022) , {HIX T iR
A 1o FUAS T B I S, AR 1 T RS JE o T ZE A R 5080 2% A T 4 i B
Hh A UURRAR R R e M R R 1, HLAS 5 ST FERRIR #h 5 DURRAR 1R 31 o 1y L A A9 — PR
Ko Ak, ARSCHETF U R ARG e X - B G K A I Kt , M — Rl T
Bt BEHLARM (Improved Random Forest, IRF) SHYAMIBREREE A DIRAR R AR, JERAE
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FHIAE TP AR K2 AL BE S0 o F 50 B T BRI 2h 8 M FHE TR A R R %05 5% .
1 MR &

BN, SRR TRA AR, WRHRITER S (B 1) . fEABTIR
BpdbE i EEAE T (B 1) , RG22 i e &4 sis, BT L
KAV £h & HONRHE () S St (225, 2025) o P—Hp B, RRE3). Kk
JE Ly AL R T 2 S e TR 2 G SRR, SBOZX R CRLB R, kR
PRI & M —BROK BRI 2 i )R (I As, 20215 22524%, 2023; Sunetal., 2025) .
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(a) M =B ARREEE; (b)) HTHR ZBLMEERE; () JIRBXALE RKMATIRHE R (T2 G E AT
FX)
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)

W B RO, NI ARACH X AERISR B PR FIER T “THL—3F 7 il (£ —RI%E,
1998) , VAl N FFZ PR KIE TUE , GG %R B £ MRIR $Hh 80 & 1l S 5
Ei (B 1o) o B IX SRR A A IR AR, 4RI T ol k. RREEZA
ORI A T (RS, 2007; DkZEZE, 2014; FEIEAE, 2019; BBEZES, 2019) . Hi
AL T NAEIBE 5 )1 AP ISR ity 4545 5 1 Je UL 2 H 0 R IR B R R AR <, 575
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BAHEZBGRKMA-T =845 I RAA = EHZE (FEESE, 2015 , HElCRTHRHN

S AR 242.14 km?.

2 AR
2.1 HIR&ESH

ARSCEE Y TN T U S X 5 PSRRI SORME A AN &, 68 0.125 m 1%
— IR, LRI 9357 HFMBFEIESR, BFEFENZ (AC) - BAMYS (GR) . B
SREEAL (SP) . Z B (DEN) MMz (CNL) 25 HIUNHEIE NFFESE. B 2006 4F
SHEEIUAK, Z XA KEMURMER L (EEMS%, 2012; FEESE, 2015 , JiFAMH
R4 E T BIE R o S TRV (00 il 2R A HE A 2, O R A PP RO AR AR T P 4 o ZE LR |,
it MAFNIEAERRE, B X BRI L & 1R T G . RR G, A5
VRN & SR S TARE A, R R 4R (L T (5 ) VI RARAS
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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) micritic limestone, well Y16; (c) algal-bound limestone, well Y11; (d) slump breccia of platform-margin slope facies, well

Y10
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Fig.3 Scatter plot matrix of well-logging data for sedimentary subfacies
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ZIRAEAL AL TR S, S IIEIRA T R — &%, E&HITEE B . H— 1A F R A
AR

x _ xi — xmin ( 1)
i,scaled ~—
max _ “‘min

A xi NEIREAR R EE i NIUH B, xmax FIIZRINH B TR 20min AL FHEL
Pa e /IME Xiscae WA § MEAIT—ALJE I FHH .

3 TSN

3.1 BEHLFRANREE

BEATL AR AE Sy — Pl Bl 2 23 725, SIS B 2 A DR SRR 1 T 45 SR SR A2 e A2 e
Fattk o TE PRSI A5 00 4705 i Ah, FET 38 JB N Al P o IS R AR AE , LA IS 24 745 1
SR B RN o AR I R S8 AN A0 3 3R W RRE B & PSR 1T A0 . IR, SRR ) ek it
T HBIRFE TV (bootstrap sample) FEAHL L M JE A6 I 25 A4 SEG $i S 23 B A A2 BT (1145
% (Breiman, 1996) . BHNLARMEERA WA R 2RI S PE RS 5, 1E02K.
(5] U5 DA% S A 56 Ak 22 L4 2 S AR 55 4531 )2 R (Biau and Scornet, 2016; Wang et
al., 2020) .

BEALARAMR S M B BRI T (B 40 W) AR BENLRE R R R e AR S (2)
TERFAFEARIBHELEE A M 2T, MNNNERAEF BEHLEE m MEAE (m<MD 4L
AEF4E, HHEBURFHERAT W MR, EBORER A R (3D SRR N BRI
ZIAAREAASE, ANHEATAE BT o TE 53 M BE, GBI LI i 43 R R, R 2RI

B AIRF AR (Salman erdl > 2024) .
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H MRS 2T BN ZRBOR o A% G RAE J5 3 T ] B3 SR BRCRAEAESR T+ BRI A 1Y
RIS, ATRESI NG RS BUE B HR . P HEIREAS S M IR SR THE RO, R TR G K
FESEIE I REHLAR AR AT 55088 70 285575 SMOTE-NearMiss-1 -

SMOTE #&— Rl RAESOR, B i {E 1075 SN BGB IRE A, RGN DB A S &
(B 5a) o BRRDHERHEAREN S={x1, x2,*, xn}» HHPEAD i H— ML E. X THA
DRIFER xiy THEHLEREARES A HA D BSFEAR x

» J#IL (2

d(x,,x;) =[x, -x,

MRS AOBE RS, KRB xi 19 &k DMRITAE . Ak DNBILWAEA T, NG —A x0, fE
NEEBHFEAR IS fo TE xi o Z AVHEE AL OB AR

xnewle.+5-(xn—xl.) 3)

A 6~ U0, D)2 R0, 1]IX T8 K13 53 /3 A BEHLE . XS ABEE P I ANFEA X, HE B
A BR, AR SR TR A .

NearMiss-1 53752 &b B2 51 A P-4 o] 3 1) — Fh RCRAFEH R (Zhang and Mani, 2003)
Hon BAR R N2 BB A IR B S D B AR “SPIBE R RN T4, TR B e AR
RN HERA (B 5b) .
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Fig.5 Resampling schematic diagram

(a) principle of the SMOTE oversampling technique; (b) principle of the NearMiss-1 undersampling technique

FEHAE AL PG, R BENLARMR S L A TR BRIR £h A IRV I TR A, - Bt
4% 7 13 ] NN . WIIZREEHET SMOTE- Nearmiss-1 P iifL AL 21 )5, A
ZINGREBAT IR ISR O T RIHRBVERE, (EH PSR A& k 7 IR S Em S
MG, HTPERANESE RSN, #ok k5. DI KRR RE S, NZRE
BENL D LA G, eI — DT REAERMORAESE, HRMNO M TRAIIZE (Verma et al.,
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2024) . AR S, MRS EEEETEE, UM EHSRERERE . &
2, VS SIIEVE 2y AiTAtibsitE, #E s A s (R D, FBREENLIEROI GRS Y

HER AR . FER ISR SIIE R, (8 AT E BEHLA 7 DLORE S IR 45 R T E B 1.
*1 RESMSHKAS

Table 1 Optimal parameter combination for the model

S8 Ry RIS H
max_depth T AR 25
max_features AR PSR T A P AR R KRR AIEAEL log2

min_samples_leaf TEM- T AU T B /B A K 1
min_samples_split R3S U TR R B NREARE 2
n_estimators TREER A2 320

3.3 REVHESTNER
331 FMLE R oA

WA 5 > 1 H BB I % ) DA FEAR, L& BB ORE A I 0 & 2 B 2O 3%
FIFEA AR (Ying, 2019; FKHUMITKEL, 2022) , FHREDEMEEA KT bR, N T %4
PEM BT AR, EFUERI R (Accuracy) « HEIZE (Recall) . &% (Precision) .

Fl-score Z&4a bR, MANE A& 7B RIS . Accuracy FITHHE A R0 :

Accuracy = TP+ TN (4

TP+TN + FP+FN
XA TP NEREME; TN NEFYE, FPONIRFEYE, FN A
T AR TINS5 S, i R VR E AR R TR A T 45 SR 5 S B g R 2 TR ik B AR

(K 6a) o A [RIZ 2B RLE T SERR N IE S I REAS Hh BE 0% IR R A A EL B, RS B AR
FEXT IEREASGE S 1) TRV A "(Hall, 2016) , F1 {8 AR 4 [ R 1R A 51E . ks
R, HEEM F AR EA R R

-H-

Precision = P (5)
TP+ FP
Recall = L (6)
TP + FN
_ 2TP (7)
2TP+ FP+ FN

ZARH LIERFEM 28 (Receiver Operating Characteristic Curve, ROC) A8 M S Wit L FH
1E# (True Positive Rate, TPR) FEFHIE# (False Positive Rate, FPR) Z[a][JRFR (&

) o M T AUC Fonilkzil | Ron7r KA5LEF (Zheng et al., 2022) .
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K6 Pistafre (3E Zhengeral., 2022 &)
(a) 4P 38IRWEHERE:  (b) ROC MRzl
Fig.6 Evaluation index interpretation (modified from Zheng et al., 2022)

() binary classification confusion matrix; (b) schematic of ROC curve
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MEGREIX 4 RWAHENKEF 1 E 14 0.97. 0.81. 0.95 F10.81 (& 7a) . HHh
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Fig.7 Model confusion matrix

(a) initial model; (b) improved model
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TS . B KA. HEZ. F1E R INBCF 1 BL AR i R 3
096 (£2) . Buk/EIIBAN DBERREA IR DA BRI, RRGH. &8N,
BRI 3 WA A B2 545 7 0.11. 0.01 F10.15, EiAAEFRR S (B 7b) .
{5 ROC iR ITAl B 7E BB 4 LS AN AR B R BUE DL (B 8) , #AHZ
5 3758 XIS E] K AUC 205108 0,99+ 1. 0.99 A1 1, i B ek & (TR A6 A [ (1 5504 1
£ ERIH T REMRE N, R MIX A EAREA . HBIRITER AR B AUC N
0.99, FIXS AR P BEREAT AT PPAG o CE Ja MOS0 R B B 4% SE SRz AL RE 0 5 B e

MR . 2P )E, RS BENE AR 7 R0 RIE.
w2 FENLARMASD HIRE

Table 2 Random Forest classification report

TR Kt H 5l % F1 TR A K
T i 5 b 0.97 0.96 0.97 1621
Ji bR b 0.89 0.92 0:90 192
Bk 0.95 0.96 006, 947
BERH 0.87 0.96 0.91 48
A3 0.96 0.96 0.96 2808

e 0.96 2 808

10 .

N

8688

0.0 0.2 0.1 0.6 0.8 L0
fB BH IE #

K8 FEHLARMEER IS ROC 2k 2 AUC fH
Fig.8 ROC curve and AUC value of test set for Random Forest Model
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Sl DR RS B AR A . s AR, 2B 6 SR A A
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P, HXIT i 6 AR 5 & G ME AR K X A AR, X 5 12 X R 1) 22 B IOK & e
TEE VIR, 22 WA YR (v & B N [ 3T RS BUREAH AT L 508, XN T i & AR 5 6 4%
TR SV A P00 o 2 AL 2 D S B, TSN 1 AR B A X 7 RE D - BT & X
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Fig.9 Sedimentary facies prediction results

JNZRACHL X AE g SR BRER 25 & bR B [X, HUTRAR AR C bR GBS 5158, 2014;
AL, 2018; FA-FHE, 2019; ShEFEFHS, 2024) . MITRUHIERE, &L KM
— PRI N R B BRI £ & HUAHDTAR, BRI« RIR G H—ITid & 1 — & Ml ZerffE—
BERY TR T ROART o AHTF0EE T eI R, SR F B LR bk VAT SR TR
5398, 44 SMOTE-NearMiss-1 KA MG ALBIEFEA > A o B S HOR M5 7E B A5 F
BT 7% 505 MR %, RIBIAU B I M UTRUAR B AR 00 45 21 5 4180 % K HZ IR
FURR 3BT 45 JE T EL (KW 363 87%. BAIEXE LI B b 2 BB S5 UTRR WA S AL A IF B £ st A
BGHEME, XN T KO IR 2 0 R, I BRER 3L G R T R BB, il
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SR R B AT, RN (RS, 2012) o BEFE MG T T A8 10 S5 B R dh U AR
GHFRERE, GRS RE DI, SIS E, VIRIREE BT iE & e & il 44 g W
W FREMEE, 20100 o BFFORIAY (¥ 43 2845 RS S T X — iR A e %s, REAZ 5
VEAE TGS DX B ER Bh o TR AR 43 28 v (K sk
42 BREIRFIRMEDH

S BRI RUR R, ABAEAH B AH SV X B IR S FEA AR R R . LA Y21 6
850~6 865 m H-BUAM, HEEIXIIT & 5 & SMEMMIX /> A FE—2iRE. FERAR
AT ZB GG AT o 1% X BRI 52 2 IR 0] B B 5 00 M 1S A 4], SR
WA BRI MEELNE.. ER AL ES, WoFmRN iZan GR 5 SP fE BRI
HB SRS RN, RIE BB R G, HI55 T 3 TSGR AE AL X 43 ik
HeAh, YIRS AR AR I I B AR R MR AR LU A, BI{E 45t SMOTE HR A w3k 4T 4b
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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

FAN Xuan!, CHEN AnQing', ZHENG DongYu', DENG Mo?, LI ZhongChao?, ZHOU Kai?,
WANG Han!, ZHONG HanTing', SUN Shi!, LU JianLin?, REN Qiang!, HOU MingCai'

1. Key Laboratory of Deep-Time Geography and Environment Reconstruction and Applications of Ministry of Natural
Resources, Chengdu University of Technology, Chengdu 610059, China

2. Wuxi Research Institute of Petroleum Geology, Petroleum Exploration and Production Research Institute, SINOPEC,
Wauxi, Jiangsu 214126, China

3. Institute of Exploration and Development, Zhongyuan Qilfield, SINOPEC, Puyang, Henan 457001, China

Abstract: [Objective] Accurate identification of carbonate rock Sedimentary facies is basic to conduct
paleogeographic 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'pfecision and efficiency of sedimentary facies identification in
carbonate formations. [Methods] Focusing on the reef-shoal facies of the late Permian Changxing Formation in
the Yuanba area of the northeastern Sichuan Basin, well-log data from five representative boreholes was analyzed.
Various well-log curves (e.g., acoustic travel time (AC) and natural gamma ray (GR)) were selected as feature
parameters to construct an Impréved Random Forest (IRF)-based facies recognition model. A hybrid sampling
strategy combining the Synthetic'Minarity 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 hyperparameter 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 improvement 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] Machine-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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