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Abstract: The sandy conglomerate reservoirs in Karamay are characterized by diverse lithology and interlayers. The
cost of the conventional coring methods is high, and the identification accuracy in non-coring section is low, which
leads to difficulty in reservoir classification. In order to achieve rapid and accurate identification of lithology, the
lithology of the target area is classified into mudstone, coarse sandstone, medium-fine sandstone, coarse
conglomerate, medium-fine conglomerate, and coal seam based on geological data. Firstly, the principal component
analysis method is adopted to establish the lithology identification cross plot based on sensitivity analysis of well log
data with an accuracy rate of 81.37%. Secondly, a lithology identification model is proposed based on the
combination of k-means synthetic minority oversampling technique (KMSMOTE) and random forest to improve
minority identification accuracy. The model improves the identification accuracy to achieve the accuracy of about
92. 94% for oversampling minority samples. The two methods are applied to adjacent wells for comparative analysis
of lithology identification. The accuracy of the KMSMOTE random forest is 95. 71%, better than that of the cross plot

method of 82. 91%. The accuracy of minority sample identification is higher than that of the traditional random forest
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model, with excellent applicability and generalization ability on imbalanced lithology identification. The research

results provide a new intelligent idea for imbalanced lithology sample identification.

Key words: geophysics; oil field development; well logging; random forest; lithology identification; principal compo-

nent analysis; imbalance dataset; sandy conglomerate
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Fig. 1 Geographical and structural position of research area.
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Fig. 4 Two-dimensional logging response parameter confidence ellipse intersection graph (90% confidence interval). (a) Cross plot of

acoustic and density, (b) cross plot of natural gamma ray and compensated neutron logging, (c) cross plot of true formation resistivity and

spontaneous potential, (d) cross plot of invaded zone resistivity and borehole diameter, (e) cross plot of flushed zone formation resistivity

and spontaneous potential, and (f) cross plot of true formation resistivity and natural gamma ray.
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RNESI I S I 9= S e/ i) SN =T e e T =0
P 2 A0 ARRE AL, D8 WA B P R R B
W e, 0 T TR R BRI AR (R,
DU S B 2 R AR PP B A R SR RS ]
L, mTRASE AT, ik, SN2y
BOMHUR, BRGNP Z 32 S 1 % A
PR ZEHEA T, IR, AT A e I B
BRI, PEEEER UG WA 1.

AT AL S B R X e . I
JZ, XA BRE RGO RO 2,
WU - s . RN A . - dRER s AR S

1 BRI
Table 1 Identification criterion of coal seam and mudstone
o d(sem™)
M 40 ~ 50
b=t 26 ~ 46

r/(Qem) c/%
11 ~60

pl(g-em™)
1.25~2.00

45 ~70

2.00~2.50 3~11 20 ~45

o BTN S B AT R PRI, B X
B RTINS R T, B R 25 &
FE L SR 2 L H B R R
FHG T 2R MCRIFIR IR G B . AR E
MRS 22 KT 85% BN % o AR TR A
BRI, 8 F TS B 7 26 K T 85% ) &
WA F . FF 50508
F,=0.1025g +0.43467 - 0.5656.a +
0.4222p - 0.5499 ¢
F,=0.8246g-0.4061r-0.0792a -
0.3832p — 0.0454 ¢
F,=0.5511g+0.5270r+0.0865a -
0.6384p - 0.059 8¢

WA B R B S8R B 5% S BN IE
PR FR, HAHE R/ IMUERM . h=(5)
AL, F 5 E RN, | M2 A e BERD %% S O A
X%, SEpEmE . bR, S ARG
PR SC AR RN Fy RS BRI IEARG, 5
HASHE RO, 5P AL, F,
SHERING | Hb)ZE EA BT 2 R IEARDG, 5
WL PR, A RFES TR A S
ANfE

& 6 I 7 52 xR T, FE o Bir A Rl
T EHE T, AFRA TR X o BRI
TER A RIS R AR B e 2.

FEF LA 8T, ST LI A 32 i o
ARG ERR, SRR RS RS SCR i T
A A A K] S3.

TEH 30% MEEAE AL, FIFZE G &
RO Z T S e AT 43 2, A5 B U R =3
mn#3.

FER3TTH, ERArE G B PE SA Ef 5
i, iAFI80% L L, XHesr. W2, MeRA M
R AT HERS , (B ADA A i 5 R0
SR GEbAMA —E X, RBE Mz BAR =
AERBRZ, MRAWN RS RS, SEREK
I3 F,. F 5 SRS ZH00 A &, I aiabs
FURLAD 25 10 1 SR A0N 5 5cH0 DX ) 22 580N, (453 0k

(5)




366 YR 2R TR 5540
oo %3 GO EURRILE
| X {E;E";EE Table 3 Lithologic identification by cross plot %
* EZ;E% Fol TR 52
2f Yo 90. 50
1+ L ik 65. 96
SR e 62.70
' OF s AR 86. 67
1} =;y:* AT 94.29
iy R W2 88. 14
- &) 81.37
-3F wty
R Fy R R, F R4 R sk, R, X
O 0 1 2 5 4 5 e FHRURRH P25 PP 2 550 B (4% - S S e A

F

B6 FiorF MF, %
Fig. 6 The cross plot of principal components of F, and F,.

6
x b N
FRARb A $
+ HLARA *
4r MR A *
;
2 -
SIS
2k
4}
65 -1 0 1 2 3 4 5 6

B7 Lo F R FAE S
Fig. 7 The cross plot of principal components F, and F;.
F2 WEMERE ARSI

Table 2 Identification criterion of sandstone and conglomerate

atk F, F, F,
GikiFa -1.0~1.4 -3.0~-1.1 0.8~3.0
hgEbE -1.0~1.4  -1.1~2.5 -4.0~0.8
HBRA 1.4~3.4 -4.0~-1.2 0.8~4.5
T 2.5~6.0 -1.2~3.5 -2.0~0.8

JEMHRERZ —.
3.2 ETHVARKRIE SRR

B R A MU AL O VA A BRI
FEIRZ A, SRATBELARARE X BT X
HEE AT A R 4, (] Python 1 5 JF 4 T
sklearn JAESEFY .

1 GridSearchCV XA Y £ 51 2 B0E 17 38 [ BF
fiti, BEPURAERRISEL, BRI BOE IS ORI
AN AR R S4.

FIFHREAL AR AR A T A PR, B
PR HIHER S 90. 029% (£4), HILLT 32 047
A EHERRIETH T 9. 66%, EW] T A TREHLAR
BT AN A AT AT

R4 BEVLRMEUNZS

Table 4  Lithologic identification by random forest %

Fl 2 PUN A
e 95. 69
A 87.83
HnabA 96. 19
HERS 84. 77
TR 95. 64
) 79.97
P-4 90. 02

M TAE 2 oS 2 9 AR A 2R E
Jy it — 2 MRl g5 R, A BE S R R 3
(macro-average, MA ) J7 L PP AR Y 52 Bl 51l v fff 25

AN
1y 2P,
A_nz(2P1+NO+PO)V (6)

w=1



34

R, 2. sefiER R -G X RR Ao e A U 367

Hr, n RO 88 w=1,2,--,n; P, NE
EG; PoRRIERE]; Ny B, e R L
TR 22 - HERf R IA 5 86. 13%, 1 = AL L il
1 2 S Y HERR R R 75, 10%, KB R0 o 1y
RIS LA T RIS AR, X LLZRA E RORITB AL
PRARAEE AT, BEDLARARTE A O Rl R 1 et
WS TR, BAA LRI A .

FERIUCA T2 ml T, Tz S 2
KT, HEFHEIRE R, IFEAEM SRR 2
Jeae AR )R, AR FUERZ U
AT HAA M. Fit, ABF5RH KMSMOTE 5.
AR BEA A TRERAE, RS e & kb
ik 69.17%, I, HUAE M ZEEEA, Xt
e M TR, SRS REAS A B
R SOR IUAT T M A A 151 S5 .

KB BREARINGG , REVLARMOE YR %58
F)92.94%, 443K 5) 88.86% (#£5). LAk
PUNMERR 234 5 T AN I B REAS U 2R B AL AR AR HE A
B, Hifr, MHARE A2 U SRR 5] 90% LA
I, UL KMSMOTE B35 X} /DR REAS 32 SRR 1) 1
PRI HL AR T2, ARdEE T A
PEREAR AR R

#25  KMSMOTE-BEHLARARIR 545 %
Table 5 Lithology identification by KMSMOTE and random

forest combined %
A M PN HERR R
bt 95. 69
ikiE e 90. 13
Sl 96.27
HERA 89. 64
SREEE Sy 95. 87
I 90. 03
SEH 92.94
- 88. 86

% 6 N BENLARMA R rh i B, R
HLBELRT o TR A PR 22 A X 2R
SN, T SR py B 2 A IR

P 8 AR A TR A SR AR Y 1] . P 8 Al
AR AR AR XS EER, A A P E S
XL, REA P R AP S R s . A
I, TEBERLARAAAL i i PR F R Y o 2
KPR oA B PRI 4 SR 42 )R

R6  FEYVLARAAL b BE

Table 6 Parameter importance sequence of random forest

EEMHEY GICEE
)2 ECEL R 0.4555
- 0.2119
2 0.179 1
R 0.1396
A SR 0.0134
1001
90
80
5
<\ﬂ 701
T 60t
& sof
{0
40T —— s X ]
sol — Ak
[ 25% ~ 75% 5 4347 X T

20 s )
Tem MRS e s HERs hamiks Bz
Ak

B8 AIFATER) A SR A R
Fig. 8 The GR boxplot of different lithologies.

PUft .
4 R JH LA

itk — LUz AR RE ST, BT IX 35
W— SR TF R e A MR . KA R B
HLARMA AL AP0 25 X b, 8B R RRE 2R
BIHERG IR T 82. 91%, WAL ARMOF- X2 1k 5]
91.79%, KMSMOTE-Fifi AL 75 PR35 51 S 347 i 6 R 3k
F195. 71%, Z5HR A9,

ZEA EIROTHRD AU Bl 22, TR R R 3
A3 M BBESR TR nT 43, AEA AT Ak AN P A b
AR B, A B
K F KMSMOTE- Bl L AR AR 3k X6 10 25 TR0 o 4 2R 55
1, [RIERL AR R 2 RO e 5 2 — B L AR AR
Tiid, LRI RS A HERE AT R IR R
Gr e .

2 TR, KMSMOTE-FEHLARAR AR R AL R 51
HRIL BRI ARE T, RRASHC R A 1R B
R B 5 gk A B RIE A5 R AR T,
KMSMOTE- fifi AL 2% AR 1) 455 78 52 50405 DX 43 5 il 458
AN, GEEPRE TG R, A5 UL 10.



368 RYINRK 4R PR T RR %40 5
T i KMSMOTE BEBLEEH PRI i, PR D B EALRAE AT
LK PEAR R FEANNARR . AL REPERIE, S5
10or —FERLARAMRERIA LG, SR FHIZ v T A A B AN
ol WEREA T BRI B, 5 SRR ) 1 (1)
S A REREES, ST A HEHO R R 4
gém 3) KMSMOTE Bk 45 20V T RE AR 1 AR 1
= Gy A, o VU N A AR AR . AR
= o} PEBF TN A0 1 38 2 e TR 425 420 1 o
DFTHFFIE TAE, R AR I RR
20 F
HEEWME: HEARFPAE ST H (42277122); 1 EARKE
0 (At 50 BHF 2L 49 BhITT H (2462020YXZ7030)

e s Py MERE hAeRE SRR
At

B9 ABFHA ISR

Fig. 9 Lithology identification of an adjacent well.

(s)
[ e
e

WE /m

7y LEGERR FEHLARAR  KMSMOTEFEHL
AR AR PRSI AR

il e

B10  SBFHer SR U2 R
Fig. 10 Lithology identification of an adjacent well.

5 # i

1) ERA o Hrie s Bm vl ot 454
B OB E A O 5 AR 28k, e
IR XD R T U R, A SOR BaD
BRA IR .

2) H:TF KMSMOTE FIBEHLZR R4S A 108 g A

EZE®A: Bl (1999—), EmAE eat) - OF TR 1
BT, WSS AR BGE TP
E-mail: luji514@sina.com

51 3 B, OMRAEE, SR, SE. s H-C KRV R
;ﬁ;ﬁ”ﬁ'@%ﬁiﬂ%ﬂ[ﬂ. YRR T, 2023, 40
3): 361-369.

SZ 3k / References:

[ 1 ] REN Quan, ZHANG Hongbing, ZHANG Dailu, et al. A
framework of active learning and semi-supervised learning
for lithology identification based on improved naive Bayes
[JI. Expert Systems with Applications, 2022, 202:
117278.

[ 2 ] REN Quan, ZHANG Hongbing, ZHANG Dailu, et al.
Lithology identification using principal —component
analysis and particle swarm optimization fuzzy decision
tree [J]. Journal of Petroleum Science and Engineering,
2022, 220: 111233.

[ 3 ] PEI Jianya, ZHANG Yunfeng. Prediction of reservoir frac-

[—

ture parameters based on the multi-layer perceptron
machine-learning method: a case study of ordovician and
cambrian carbonate rocks in Nanpu Sag, Bohai Bay Basin,
China [J]. Processes, 2022, 10(11): 2445.
[ 4 ] OSAROGIAGBON A U, KHAN F, VENKATESAN R, et
al. Review and analysis of supervised machine learning
algorithms for hazardous events in drilling operations [J].
Process Safety and Environmental Protection, 2021, 147:
367-384.
e, AT, BRit, . JETHLEE T B F
DRI R 2B e A [T ] RO~ e BE TR
2021, 38(6): 621-627.
MA Junxiu, SHI Shengnan, CHEN Jin, et al. Optimization

of fracture design for horizontal wells in Mahu region

[—

[5

based on machine learning [J]. Journal of Shenzhen
University Science and Engineering, 2021, 38(6):621-627.
(in Chinese)



34

R, 2. sefiER R -G X RR Ao e A U 369

[ 6 ] ki JET 70008 AR S i )2 FOI I —— AR
PORAGERTARR I R B 1) . HBTREE, 2021, 56(4):
1052-1061.

JIANG Zhenhai. Research on reservoir prediction based
on frequency-divided intelligent inversion: a case study
from southern exploration area of Heiyupao in Daqing [J].
Chinese Journal of Geology, 2021, 56(4): 1052-1061. (in
Chinese)

KONATE A A, MA Houalin, PAN Heping, et al.

Analysis of situ elemental concentration log data for

—
~
[

lithology and mineralogy exploration: a case study [J].
Results in Geophysical Sciences, 2021, 8: 100030.

REN Quan, ZHANG Hongbing, ZHANG Dailu, et al. A
novel hybrid method of lithology identification based on

[8

[

k-means++ algorithm and fuzzy decision tree [J]. Journal
of Petroleum Science and Engineering, 2022, 208:
109681.

MEDJA USSALU J L M, BASSREI A. Well log analysis

for lithology and fluid contacts in Rovuma Basin-

—
]
I

Mozambique: application of cluster and discriminant
analyses [J]. Journal of African Earth Sciences, 2022,
185: 104419.
[10] DAN Mou, WANG Zhuwen, TAN Xili, et al. A variational
inequality approach with SVM optimization algorithm for
identifying mineral lithology [J]. Journal of Applied Geo-
physics, 2022, 204: 104747.
ZHANG He. Research on identification model of element
logging shale formation based on IPSO-SVM [J]. Petro-
leum, 2022, 8(2): 185-191.
SHAYEGANPOUR S, TANGESTANI M H, GORSEVSKI

P V. Machine learning and multi-sensor data fusion for

[11

(-

[12

[

mapping lithology: a case study of Kowli-kosh area, SW

Iran [J]. Advances in Space Research, 2021, 68(10): 3992-

4015.

R, SRR, SKAFEE ., SF. AR T LSTMAEERpZE M

A PEUNITELD ] AR AUE, 2021, 33(3):

120-128.

WU Zhongyuan, ZHANG Xin, ZHANG Chunlei, et al.

Lithology identification based on LSTM recurrent neural

network [J]. Lithologic Reservoirs, 2021, 33(3): 120-128.

(in Chinese)

[14] LIU Zaobao, LI Long, FANG Xingli, et al. Hard-rock
tunnel lithology prediction with TBM construction big data

[13

[

using a global-attention-mechanism-based LSTM network
[J]. Automation in Construction, 2021, 125: 103647.

WM, BRI, sk, & R TRENCAZ A2 M
2K AT it 2 AR A XGBoost B PRSI [T .
AR e AR FAR RS, 2022, 46 (3)

—
—_
W

[

62-71.

PAN Shaowei, WANG Chaoyang, ZHANG Yun, et al.
Lithology identification based on LSTM neural networks
completing log and hybrid optimized XGBoost [J]. Journal
of China University of Petroleum Edition of Natural
Science, 2022, 46(3): 62-71. (in Chinese)

[16] TROTT M L, LEYBOURNE M, HALL L, et al. Random
forest rock type classification with integration of geochemi-
cal and photographic data [J]. Applied Computing and
Geosciences, 2022, 15: 100090.

[17] AO Yile, ZHU Liping, GUO Shuang, et al. Probabilistic
logging lithology characterization with random forest
probability estimation [J]. Computers and Geosciences,
2020, 144: 104556.

(18] E4&T, MAATH, Toouk, 5. sehiF Kl H-E XA\

T T A0 B R 1 T R (D] 5 e A i B

2020, 41(3): 314-320.

WANG Zhenyu, LIN Botao, YU Huiyong, et al. Charac-

teristics of in-situ stress in sandy conglomerate reservoir of

badaowan formation in district No. 7, Karamay Oilfield

[J]. Xinjiang Petroleum Geology, 2020, 41(3): 314-320.

(in Chinese)

SAIDI F, KHETARI S, YAHIA IS, et al. The use of prin-

cipal component analysis (PCA) and partial least square

—
—
O

[

(PLS) for designing new hard inverse perovskites materials
[J]. Computational Condensed Matter, 2022, 31: e00667.

[20]) EHL. BT Bk BLARM L A P2P B AT AR P
fEOrEREFEID ], Fat: R RUIRHLR:, 2020.
WANG Kai. Research on P2P pre-loan credit risk assess-
ment method based on improved random forest algorithm
[D]. Nanjing: Nanjing University of Posts and Telecommu-
nications, 2020. (in Chinese)

[21] CHAWLA N V, BOWYER K W, HALL L O, et al.
SMOTE: synthetic minority over-sampling technique [J].
Journal of artificial intelligence research, 2002, 16:
321-357.

[22] DOUZAS G, BACAO F, LAST F. Improving imbalanced
learning through a heuristic oversampling method based
on k-means and SMOTE [J]. Information Sciences, 2018,
465: 1-20.

[hXER: BRS; EXESH: Xl




