Contents lists available at ScienceDirect

Engineering

T
ELSEVI journal homepage: www.elsevier.com/locate/eng
Research
Unconventional and Intelligent Oil & Gas Engineering—Perspective
BaeR Mg

Mohammad Ali Mirza , Mahtab Ghoroori *, Zhangxin Chen *

Department of Chemical and Petroleum Fngineering, University of Calgary, Calgary, AB T2N 1N4, Canada

ARTICLE INFO HE

B 3R Bl AN LA e CAD S0 HU 3R T30 ) 7 i S AT A 35 18 L BRI R, X R A IR
BT . X FFE B T SR AN BB, IR TR ARG R AL 7 A K s B ATl
HABEEE . T Aim AR AT W I Ak 3 17 i B B A AR s R BE 76 AN R i T RE Pk, 42
RS B A AL &% 2 21 (ML) AR B 3ok ok . ML B2 Z R T A R 4R . ATETT
JE R I IT TR 2R ATAEZAT AL A 2R B P . SR, IXRERIT FE B = P T2 BERE , K2 B0 9t
FEXAAGSIH], A& HI T SBR AU b 222 (IR TR 1L, JEide) ™ o A E B A A By M By 2K

Article history:

Received 9 December 2021
Revised 1 May 2022
Accepted 17 June 2022
Available online 19 July 2022

f?g 4 Ak T e B KE R A AN E AR B A8 A H A7 A 7 50 11 1 s e e, 9 2 o i) .
Wlaes) T M SRIBUS AT 8 22 145 IS 5 SR B A7 A e — AN B2 ob i 88l e b, AN TR] B 2 F B2 e m] A
a1 4 ok T T 75 A 1 A58 X K

#'%' ZEIE Zg LFE ©2022 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and Higher
i e o ﬁ e Education Press Limited Company. This is an open access article under the CC BY-NC-ND license
B HE i If e (http://creativecommons.org/licenses/by-nc-nd/4.0/).
BREATIR LR

1. 5|8 AR KRB, JF AR LI O N AT REAN S HERG . AR

NTERE (AD BB NRR R F . BRI
2] (ML) 1 ALBOR 7 HAE TS HL RE 9% 3 1 1 A R 4k
i, SE 2 WA AR R REAT N B BR 8 2 SRR BT 3. ML
MR BT HAT AT FE AU, MIBER T3 0 2 B 302
BRAEAT Y, HM AR 2 AR (oT) B
& MUREE CRyid A oK . ARSI EE) 1L,
ML F2 fffy R R ESHE HIR BT AT 15 B I R B AR 2

FEAMARIR AT, BERSRAL ) O = K36, W) BEp
R BUEBRIRIZ IS RA[1]. P BRI X 50 % L
A /NBUBORRRAS T R B 1 fRT A ) B 5 B
by 50 AP B AR 77 3N IR o IR B T AR A

* Corresponding authors.

PESEIEENT [ AR, KRB M FIRE, WA
NRZEFINERZE, JEEHTEAG . BUERRR 8 e
BEAT RS, DRI RY S, AT, e REF 2R
AfEIAL[1]e 7 R IX = RS R B i i B b . BRI
s IR IR R SR, T R AR AR
XML AT AN 2 4k, — R DUOAZ R BE i M K%L
PR PRI BIFXNZAE BRAUT S, X L5 B KIZE T
FEI AR P AT AT TR R B 5 s R R
R B2 B R R AR 2 %

AN R AR AT Ml I AR TR i P AR R, AT
TSR AU 174 T4 K G I S ASERT ML S595 I - I 25 vl
A TREPR A BobE WX Eh AR Y A B 7 B e 3 L 2

E-mail addresses: mahtab.ghoroori@ucalgary.ca (M. Ghoroori), zhachen@ucalgary.ca (Z. Chen).

2095-8099/© 2022 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and Higher Education Press Limited Company. This is
an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

HE3C U Engineering 2022,18(11): 27-32

5] FfI4< 3¢ : Mohammad Ali Mirza, Mahtab Ghoroori, Zhangxin Chen. Intelligent Petroleum Engineering. Engineering, https://doi.org/10.1016/j.eng.2022.06.009



2

SRR, MARENRIKBN R, 7ERRIRE A, P4
T RN FET H[2-3]. BARTREH A M
HE S B IR S B (IEASBERR A ML), {H ML /2%
PR IIER— DT, EERR T AL —FIE .
Bl 1 ags T AESSAL ML E

ML &0 32 B Al T AR E 40U, AL Fs R
o MR TR APE TREAEG IR TR, B ORI 4 TR
ML 7E XX 64003 14 [ FH 5 AT 46 240 A ) o J e 2

1.1, FRe kRl
FLAE 20 T8 60 AR, HUERE A L TR DR SR |
Ly IR RBEM K BE R IEEHE . /R A I8E O TR

2F[4) IKSCEE[S)AR I S 43 HT [6]. Preston A1 Henderson [7]
15 FH K $5B SR SRR TR VD ORI A o W St () L
L FH AT AT 28 5% o 2 A AL TR B [8-9]. T2
RN, AHEEZ A I ANZ AR AR, R ML
RAeTE A L RV Bk, ATTE20 42 70 FFAR)L
T-RAE SRR E . Zhao F1Mendel [10]7E 20 {22 80 4E AL R
I AMHZ M4 (NND) BEATHIRE AR, 2k, A4
AT S B . ML R IR S A48 R 4 Bk 5
AELE 20 22 90 AR, 24 McCormack [117R 3 T HiEkY)
PP S FNN M E 4508 . McCormack M 4R ER R T # 2
WU, JF gl TRk 2 30 R NN IR A, DA R b 2 1 s 4

Machine

learning

N N N
Supervised Unsupervised Reinforcement Deep
learning learning learning learning
- 7 X g \
: ; : : : Multi-layer
Regression Classification Clustering Q-learning perceptron
] g
Linear Logisti Markov Recurrent
re rezzion re orgsssign K-means decision neural
9 9 process network
Support ; 1 Deep Convolutional
o Hierarchical ;
Decision tree vector i adversarial neural
machine 9 networks network

Boosting
methods
(XGBoost)

Decision tree

Gaussian
mixture model

Extreme
learning

Ensemble

methods Naive bayes

DBSCAN/
HDBSCAN

Spectral
clustering

B 1. AFEZEBH ML L. DBSCAN: =15 FE M 75 B FH 25 0] 58S HDBSCAN:  J:-TJ2 V0% 5 [ g 75 By i 2 1) 3R 2K



AUE SIS BT R FHAE AR . IR S] (DL FG R
ZM%% (CNND fE21 20 10 4ERF2E N, 4 Walde-
land 1 Solberg [12]:K5 /N4 CNN 37 FH T M 7= $i i DL EAT 26
. W EMRE[13-15] J2ALIRE[16)A1E FH 5 25[17-18]
& CNN 7EH BR B 5 i (1) HoAth B2 o Mosser S5 [19] R H 1
ARG (GAN), EFMLELR, Hrh#i /> NN 3%
GerEd ph R TAE, DA IRRL 5 A7 5 A 1 T,
MR =48 3D) Z 4L AT LR EE L. GANIE
FH T R0 S AR ORI 8 1 S [20]

i RE I BN MR} 22 ) Oy — N E A, ML 7R
ISR T T2 N . Mousavi 25 [21711# ] ML 571%, R
M A EAE SR BRRHIE, X 3RO R A A
FO R . He 5522148 F ML B2k o 75 s <
A B DRSS 7 B o At AT H AR AR o — A T B PR R A
X BRABEYIE S PATHERIL R, NiRlE st 7
RPN ATREME . RAT . WA R KR AN A
PEMVAE TV & s o3 U5 Kb 2 [23-24]. FEINE RVEHEE, /K
JIEZ (HF 51K RIE 332 2] T A AR R T
TE[25]. BT SREUAR G RS 75 HOERY)BE AN 54T
ORI E M, W AT KR TS 35 HF 18] B AH G —
He T PR ER TA/E. Kk, ML7EMEE S
I FHAT A AEAR R AR 2R 2% 18]

1.2. 2 e LA

ML B3 H T s TR B & AN, R 2 TE T
FAEFE Ty ARG (PVT) 1HHE 51 . Gharbi Al
Elsharkawy [26]7F & T —/NXUZ NN, T Ali v = )38
RUE T2 AR R 2. R —Tt e, SRS mEER
RN 22 2 B 145 NN R AS v SRR R 8. S50 R 48 14 0
ThKE Th B [27]. Wang 5 [28]7F 4 B A 40l 456 N T
M 2% (ANN) HEATAHF o5, A48 AR AR E 1 I
A 25 KR E, BISZRERENL (SVMD
BOWIZARAHES &, A SERRIHE N, TRINE &
FLEE[29]. Patel £ Chatterjee [30]F F 4 2R GV HEAT PR iE
R A A3 (R AR s 2 A RISEAD .
TERENLEE S AFAEE IR, An BIRZR T B A AR
JZ B ANN B RE, DU L PR 2 B A . 1%
EIEHE T IS KRR AR e — N E, D9 fL
BRIEE 2R A iz &, &5 70 H3:, hH
FEEIEIN T T 20% [32]. Jamialahmadi 1 Javadpour [33]F)
FAAZ ) L R BONIN,, A5 FH % 5 0 2 A 5 O i %) AL B R A
RETN Al R b SR [ R SR AN v B IE R
Wang 28 [34]TF K 1 — MERML AR (RIFENLARMR ),

3

DS FH 4504 52 2% HL vy B W 2R %) v 3oty P ) SEE B A 72 R N
AET T (SN SE X D/ b B R AR R Ov e T i B
ARSI (ELMD, JFRk 17— Tl 2422
o (RIALBREE . AR, FEAHFITUE S &) FOFiESE, X
FEBSEHE ML $i AR 2 —[35]. 5 #1780 f B 2 BT 45 NN
TEAALEL, ZTTEAEAEPERE BT, TR BT B R
IR [A) B 2>

1.3, B~ TR

AR TR AR A HF 2 B IEAT LA ML H 2838047 19 5
ARSI . A PR TR A L A0 FE V2 28, BFRR
M. SCHEFRAL, JRPE. AR B . R
FRAESHMRATT UL B EE H3E0, HRERSIEREI
TR, (AL SRR T AU, o B AN B, AR R TR
FRAE A R AR B LR, THRE AR S n36-37]. A
I, PEE T A AL AR AT R FH A R g A, el
FERFGHTHI TSR T2 (KR35 B DL &
ARIRIFEN[38-40D ML HIEFT /R . Dang 26[41]1F]H NN
X AHXSIE REAT 2 4B, DL IRIR A R 2 AN ]
S (REY. RESEFREE BI5m.
JH S ORI 0 AN A 2 R R AT P T, A2
ML 532 H T 038 0 B [42-43]. Tadjer 55 [44]F]
F DeepAR 1 Prophet (I 8] F751) ML 592 A %6 i<
F T ek vt 2% o B 0 B AT . A NIN TR 2 L
FHRES) PR RS0 & ML EIZSUH 1)
H—ARN45]. & KA (LSTMD B8 FIRRAE
6 3 J7 ¥ TN N %= K Duvernay U< (19 H 77 B [46].
Popa il Connel [47 18 i ¥4 A0RH 32 48 AT NN A 45 & 1T HL 2
VEREVPAY, BESE AP IRALARAL .

1EiE 220494, HF TAERIEEAWE I, 747K
0] A TR 8 ML Tl A5 2 ) 2 %595 . Mohaghegh [48]
HAT 1 — U F AR08 48 5 28 79 221 Utica DA KRR
AEW L% IR 9T . He S2[4918 H AT BRI B 5 73, TR
TR RAL TUE SR HE SR, [ SVMIFR T
— b T AR S A K DT BT AR A [50]. Yang 45
(SRS T —FP g 40 W vk, %0776 B s S 43
MBS SRR G Rt S8 S, TR
W E S AN PR T o 3k 45 AR P I A s A Marcel -
lus TUE# JZ 7K SF FE I ER BY DIk %, 30 E 1 BT 3RAS (1 &
AT . Wang F1 Sun [S2]32H 7 —Foks ML, il /2 4%
PRI HF A4 & a7, AT S a2 00s h ot
PR, IR TR XA AR XA R 3 . Bangi
FKwon [53]RFH 5 Ak 27 2] SR 2 T U R BRI 3 &) 3%



4

AR, AT He R HF £ 77238 B 7 N R PR 4E 51T #% %
SIS S, Dt S ik 2 . Duplyakov Z5[54]42 H T —
T F T S RS (e U 2H A B, T 00 2 2 e 3
SEFI RA R . 0 IS KB /R A 5548 Montney 1 1)
74 FVHF AT 7 261058, DIEMEE ., A 15 R
SEFSEAE N NRHE, T S 4 4 (1 S AR & THI[55] -
FIFZE T =8, 58 H A HF B0 199 FE NN AE i NRFHE,
FER T —AH TP 0% 2 B AR AR A AR B A
A5 i F Montney 3t )2 #1239 17K F 3 10 81 3 B4k 56 31E
TixER[56].

1.4, B AREIR TAE

S B (R HIEES TR E e W= M €/ T
F TR M ML R 2 235 FE VR . BT IR ARl i A f2
&, MIT—BEAEF RUAILE ST T7 R OR R 2
Gtk N TBLX—Hir, ML OGS EHORMERE, Ll
IS Al kR . B AR A RN R IO A B AR
WO G EEE AU, AT & AT IEAT BIE AT .
Mohaghgh [57]F]H ANN K iR 750 8k 57 5 J HAH R A=
FEIF (A (NPT) . Unrau Z6[58]1HF & T ML, FH k52
S RE BRI AR, DA AE B R M ) 0 e A e A4 AR
AR RGBT R R, R KRR A
WD RIE . Pollock 25 [S91M FH stk 2 S Sk, B+
BRI R 2 i 14 DK 3E, Sk 25 NN,
S0t SR i T FE AN R e 22 2R R AR, iR ZE /D
F 3%, Zhao %5 [60] M FH ML 5 i%: 15 AR [ &5 H 2 5 i
F, HT BN AR IR AR ARG . 2l
PG RO 7 B i B HFRRAE, K ML B9 1
T4 #E (ROP) [61]. Goebel 25[62]38 i % 4l . &
TE TR« GRS BRI I 55 5 b 2 Bk AT IS M ANBR 72,
KT — M ML BB TN AR RS . —4 )5, Dur-
sun SE[63]4& H 14N 1] S RS T . ML HiE S
BAEIZIA HIRIE S AF (NLP) BoRMZE A, AR
IS ] P9 A AR DX A Bl b TR A A O
(DDR), PAEX}AZ = FINPT #4740 2%, 3 KB NPT [ 5%
HEF M K R [64]

2. BRERANVE

ML 535 AT BLAR A 20 R g pe = 32 EER AU 1 [
AR N EL TR R AR, DURER TS RA O
i 2 NN AR 2 #r (4 ) R S ML AR s O DA
IR R IR M R ST ML . (RIS (AT B A 5

ARICH R RAAS &5 52 (A0, ML RE 6 5 DR BUAS
e A Lok A A ML R 2 8IS AT & X TLR
I 8 P A (] — AN (RO AR 5 R B R SRR, RS
AFEE TR (s, Bl ], HiE A Ros i
ML # 5 K e as T DASR R E,  AId 7 22 3 i 8
i RS USRS A1 [65].

H ML S BT A inh TR 1) R 5 2 o e 4% b b e
—igkiE, BEEREAAMRA BUKEREE, Bk
(R Z AR B MBSt (EEdEA—2. Ak
W %2, HMFEHR EIEERARRED . Al TkgiEs
Fr b 2R T R [ A% SRR A R A 2 7 AR KR B
AT WA SR AN AR G A B R R ER A 7 L e M
o BRI AT M B PR A S0 B0 AR DR KE BN T i L
FIREAR B DT BRI, SRR R A R U T
AN IE ML AR AL R A i AT b i i )l b %, X2 S B0
SR LU PEAIE R . SO R, IR R 1 T ML
R R IE VR AR P . EAh, JRUR BRSNS S ML
%, R BT HUACEANS B, bR AN E VEAT BodE Ab B
I [B) SE DR A A FE BB R AR . BbAh, SR A7 A
TR N A, R AN SE S, A
WA B AR, BAANFIAMNTF R X AR EAR
PRI E[65]. BLAh, AR R AR R A AR
HEL, ORISR R SR R S RE S R A B R

BUVFH T RIRBRAR, ML 7EHBRBL 22 400 1 B I %
AAGAEVE 2 H A SR BRI R JE . R ML —Ff
RAHERAIEA, W] LU IR0 & B -4 5% R 45
HE S, (H ML P E AT BE 2 8 (0 e 4k 1 52 215200
XATREFEUR LRI A LAY SR A AT SR 2K
ERERENR, B IR Tl 5 S R T Y,
PRI, 75 AN (0 T AL B AR SR TR ) 2 25 R AL - (4 MIL A5
RIRERS 2 2 RGBT e AFAE— DU, BRI SR/DHE Mgk
Z ARG R E M RE 2K 22 51 N ML AR e, A AR 3 D
MBS H A 28 AR [66].  BEAN, N2 A HIAS [F) SRR
BRI AP . S EEARSC IR AL LA AE Tt
AR AT . RS @R T MLEE S
ST, AT UGN R G IR R B — R
UEAh, TER A SR AR BOR I ML BOR,  fEHBERE} 2
SUSRA RIFRTS . AP RTINS N R, R
I RS E ORI ZREE A T R AT R I 25

3. RE

ML FJ38 34847 ith Tl i R DURT SCAS T2 40 3K 9 4> 43



B ARAF RN AR M o B IS A AT 7840 Ul W) B
W B [ R0 23 (R AR AL B 7T RE (DB, R B T iR
EAR A IR . Bl TR VL R, 5 AR
R HIDE. $R1, DEIRHMEMR, HAHCBRNIAL S
e B R X P B AR R A B AT AL AT
oL, FF U B X — AU TN SN AT RS R S EE Y
DL & BH ZAKZR NN, FIf DL 2 —MRH 1k
MIEAR, ATLABIR DE MR, 1548 Bl SO T
KEME W AKE 7). INRIAE JE W EE T % Ft (Caltech) (1]
AN REBINT — B3 0 DL A KK DE, ZH AR L
4 DL Sy s e ffy . SEIE A, JF H3 PR 1000 £5[67].
X 51 T A {8 B (A7 AN 2 A% 48 DL R RO L B
55 1) 5 U o X —HEB AR T X S
UL, IR SRR JT, DU SO TE 5 A
I

A AT R FE 46 ] FH ML 5 AR 31T 8 e 35 8 M
A RIS B B H AR SEHAR A A A7 AR R
[ SCASCA, X SO B S AR DL R A A 2
B, iR, BE RS IR RIS FLERE . NLP Al
DL 5325 7] I SR FF & T4 1 304 o 2 o) R 12k i et
MRS, AIROL T A BRI, R Kl AR
AL 88 77 10681, — L8 tF 78 2 1 A7 i A7 Mk A i) ST A Ak
B, H UGV TR BRI ) R T FH A2 S ) SO
PH[69]. B T35 1 b STA BT I 2B 72 48 A AR 20 IR i)
[70-71], PABIRA /2R [711E F . RE kP a8 11
FASCARFZ IR AR R AT M b 5 T ORI Bk 0t 78, (=
ML 753X — 88 A 5K 71, 406 ML AT i — 25
w&E.

4. F5i1p

ol SR (T A ALELE A 2 T 5, A8 —H
EATATRELLEE T A 5 I E T e . BT 3 2RI HL
i, RRTNIHFIOEARTR . R 2 5 H )45
AEARAE AT, AR X AR A
AP A B O it RIS B AR O, VF 2 TR
R AVEZAT M A0 SR RIE P 2R, P Gk Bk
ZPANEERHE. WU, RTX—FERRZHR
FAAESCH, ANEM T LRI, EAMRT4E
SE MR, ANFIHES o A ZIE AR AR B LR B 1) o 2R AN
FE# 77 e REH KENBARSER A 0, EE]
PIRAFAE T BT TN e o, A N BB V5 . N T
MBI IRBUS AT RE 2 M5 S, Bdls AUl E — MR

5

it e r s AN TR 2 FH RS PP R UM rb 5 e 3t A P 08
TE R R A J5 DL AEIE ) AT ML H AR 2 87, DA 2500 4
PEHEAT A, DAEAT Rt SRR 1 DR E s RE 5 A7 Rt
SCREELE o A AR ML SR AE A7 1A i ik L 403k
HRREE, HEMAZRBERRAGN 0. N HRIZA
GEREMGIRBLIME, R EEN A T — B BRI i s
T EATAE R, I HAA R IR R B A ECR (5
P, SRR TR IAT A RUC R, IS OISR . Rk,
S ALRAT RO B S R SR o TR, (B2
Fo53 I I e ] e 1 DG HE

Compliance with ethics guidelines

Mohammad Ali Mirza, Mahtab Ghoroori, and Zhangxin
Chen declare that they have no conflict of interest or financial

conflicts to disclose.

References

[1] Noshi CI, Schubert JJ. The role of machine learning in drilling operations; a
review. In: Proceedings of the SPE/AAPG Eastern Regional Meeting; 2018 Oct
7-11; Pittsburgh, PA, USA. Richardson: OnePetro; 2018.

[2] Solomatine DP, Ostfeld A. Data-driven modelling: some past experiences and
new approaches. J Hydroinform 2008;10(1):3-22.

[3] Dubois D, Hajek P, Prade H. Knowledge-driven versus data-driven logics. J
Logic Lang Inform 2000;9(1):65-89.

[4] Schwarzacher W. The semi-Markov process as a general sedimentation model.
In: Merriam DF, editor. Mathematical models of sedimentary processes: an
international symposium. Boston: Springer; 1972. p. 247-68.

[5] Matalas NC. Mathematical assessment of synthetic hydrology. Water Resour
Res 1967;3(4):937-45.

[6] Agterberg FP. Markov schemes for multivariate well data. In: Proceedings of
the International, Symposium on the Application of Computers and Operations
Research in the Mineral Industry. Pennsylvania: Pennsylvania State University;
1966.

[7] Preston FW, Henderson J. Fourier series characterization of cyclic sediments for
stratigraphic correlation. In: Merriam DF, editor. Proceedings of the Symposium
on Cyclic Sedimentation. Kansas: Geological Survey; 1964. p. 415-25.

[8] Newendorp PD. Decision analysis for petroleum exploration. Tulsa: PennWell
Books; 1976.

[9] Reddy RKT, Bonham-Carter GF. A decision-tree approach to mineral potential
mapping in Snow Lake Area. Manitoba Can J Rem Sens 1991;17(2):191-200.

[10] Zhao X, Mendel JM. Minimum-variance deconvolution using artificial neural
networks. In: SEG technical program expanded abstracts 1988. Houston: SEG
Library; 1988.

[11] McCormack MD. Neural computing in geophysics. Lead Edge 1991; 10(1):
11-5.

[12] Waldeland AU, Solberg AHSS. Salt classification using deep learning. In:
Proceedings of the 79th EAGE conference and exhibition 2017; 2017 Jun 12—
15; Paris, France; 2017.

[13] Araya-Polo M, Dahlke T, Frogner C, Zhang C, Poggio T, Hohl D. Automated
fault detection without seismic processing. Lead Edge 2017;36(3):208-14.

[14] Guitton A. 3D convolutional neural networks for fault interpretation. In:
Proceedings of the 80th EAGE conference and exhibition 2018; 2018 Jun 11—
14; Copenhagen, Denmark; 2018.

[15] Purves S, Alaei B, Larsen E. Bootstrapping machine-learning based seismic
fault interpretation. In: Proceedings of the AAPG Annual Convention and



Exhibition; 2018 May 20-23; Salt Lake City, UT, USA; 2018.

[16] Wu H, Zhang B. Semi-automated seismic horizon interpretation using encoder-
decoder convolutional neural network. In: SEG technical program expanded
abstracts 2019. Houston: SEG Library; 2019.

[17] Chevitarese DS, Szwarcman D, Gama e Silva RM, Vital Brazil E. Deep
learning applied to seismic facies classification: a methodology for training. In:
Proceedings of the European Association of Geoscientists & Engineers, Saint
Petersburg 2018; 2018 Apr 9-12; Saint Petersburg; 2018. p. 1-5.

[18] Dramsch JS, Liithje M. Deep-learning seismic facies on state-of-the-art CNN
architectures. In: SEG technical program expanded abstracts 2018. Houston:
SEG Library; 2018.

[19] Mosser L, Dubrule O, Blunt MJ. Reconstruction of three-dimensional porous
media using generative adversarial neural networks. Phys Rev E 2017;96(4):
043309.

[20] Laloy E, Hérault R, Jacques D, Linde N. Training-image based geostatistical
inversion using a spatial generative adversarial neural network. Water Resour
Res 2018;54(1):381-406.

[21] Mousavi SM, Horton SP, Langston CA, Samei B. Seismic features and
automatic discrimination of deep and shallow induced-microearthquakes using
neural network and logistic regression. Geophys J Int 2016;207(1):29-46.

[22] He M, Li Q, Li X. Injection-induced seismic risk management using machine
learning methodology—a perspective study. Front Earth Sci 2020;8:227.

[23] Mahani AB, Schultz R, Kao H, Walker D, Johnson J, Salas C. Fluid injection
and seismic activity in the northern Montney play, British Columbia, Canada,
with special reference to the 17 August 2015 M w 4.6 induced earthquake. Bull
Seismol Soc Am 2017;107(2):542-52.

[24] EllsworthWL. Injection-induced earthquakes. Science 2013; 341(6142):
1225942.

[25] Atkinson GM, Eaton DW, Ghofrani H, Walker D, Cheadle B, Schultz R, et al.
Hydraulic fracturing and seismicity in the western Canada sedimentary basin.
Seismol Res Lett 2016;87(3):631-47.

[26] Gharbi RB, Elsharkawy AM. Universal neural network based model for
estimating the PVT properties of crude oil systems. In: Proceedings of the SPE
Asia Pacific Oil and Gas Conference and Exhibition; 1997 Apr 14-16; Kuala
Lumpur, Malaysia. Richardson: OnePetro; 1997.

[27] Osman EA, Abdel-Wahhab OA, Al-Marhoun MA. Prediction of oil PVT
properties using neural networks. In: Proceedings of the SPE Middle East Oil
Show; 2001 Mar 17-20; Manama, Bahrain. Richardson: OnePetro; 2001.

[28] Wang K, Luo J, Wei Y, Wu K, Li J, Chen Z. Practical application of machine
learning on fast phase equilibrium calculations in compositional reservoir
simulations. J Comput Phys 2020;401:109013.

[29] Helmy T, Fatai A. Hybrid computational intelligence models for porosity and
permeability prediction of petroleum reservoirs. Int J Comput Intell Appl 2010;
9(4):313-37.

[30] Patel AK, Chatterjee S. Computer vision-based limestone rock-type
classification using probabilistic neural network. Geosci Front 2016;7(1):53-60.

[31] An P. The effect of random noise in lateral reservoir characterization using feed-
forward neural networks. In: SEG technical program expanded abstracts 1994.
Houston: SEG Library; 1994.

[32] An P, Moon WM, Kalantzis F. Reservoir characterization using seismic
waveform and feedforword neural networks. Geophysics 2001;66(5):1450-6.

[33] Jamialahmadi M, Javadpour FG. Relationship of permeability, porosity and
depth using an artificial neural network. J Petrol Sci Eng 2000;26(1-4):235-9.

[34] Wang B, Sharma J, Chen J, Persaud P. Ensemble machine learning assisted
reservoir characterization using field production data—an offshore field case
study. Energies 2021;14(4):1052.

[35] Liu X, Ge Q, Chen X, Li J, Chen Y. Extreme learning machine for multivariate
reservoir characterization. J Petrol Sci Eng 2021;205:108869.

[36] Chen Z. Reservoir simulation: mathematical techniques in oil recovery. In:
CBMS-NSF regional conference series in applied mathematics. Philadelphia:
Siam; 2007.

[37] Chen Z, Huan G, Ma Y. Computational methods for multiphase flows in porous
media. Philadelphia: Siam; 2006.

[38] Amirian E, Chen Z. Cognitive data-driven proxy modeling for performance
forecasting of waterflooding process. Glob J Technol Optim 2017;08(01):1-9.

[39] Amirian E, Dejam M, Chen Z. Performance forecasting for polymer flooding in
heavy oil reservoirs. Fuel 2018;216:83-100.

[40] Huang Z, Chen Z. Comparison of different machine learning algorithms for
predicting the SAGD production performance. J Petrol Sci Eng 2021;202:
108559.

[41] Dang C, Nghiem L, Fedutenko E, Gorucu SE, Yang C, Mirzabozorg A, et al. Al
based mechanistic modeling and probabilistic forecasting of hybrid low salinity

chemical flooding. Fuel 2020;261:116445.

[42] Ng CSW, Ghahfarokhi AJ, Amar MN. Well production forecast in Volve field:
application of rigorous machine learning techniques and metaheuristic
algorithm. J Petrol Sci Eng 2022;208(Pt B):109468.

[43] Hui G, Chen S, He Y, Wang H, Gu F. Machine learning-based production
forecast for shale gas in unconventional reservoirs via integration of geological
and operational factors. J Nat Gas Sci Eng 2021;94:104045.

[44] Tadjer A, Hong A, Bratvold RB. Machine learning based decline curve analysis
for short-term oil production forecast. Energy Explor Exploit 2021; 39(5):
1747-69.

[45] Ahmad MA, Chen Z. Machine learning models to predict bottom hole pressure
in multi-phase flow in vertical oil production wells. Can J Chem Eng 2019;
97(11):2928-40.

[46] Lee K, Lim J, Yoon D, Jung H. Prediction of shale-gas production at Duvernay
Formation using deep-learning algorithm. SPE J 2019;24(06):2423-37.

[47] Popa A, Connel S. Optimizing horizontal well placement through stratigraphic
performance prediction using artificial intelligence. In: Proceedings of the SPE
Annual Technical Conference and Exhibition; 2019 Sep 30-Oct 2; Calgary, AB,
Canada. Richardson: OnePetro; 2019.

[48] Mohaghegh SD. Mapping the natural fracture network in Utica shale using
artificial intelligence (AI). In: Proceedings of the SPE/AAPG/SEG
Unconventional Resources Technology Conference; 2017 Jul 24-26; Austin,
TX, USA. Houston: SEG Library; 2017.

[49] He Q, Zhong Z, Alabboodi M, Wang G. Artificial intelligence assisted
hydraulic fracturing design in shale gas reservoir. In: Proceedings of the SPE
Eastern Regional Meeting; 2019 Oct 15-17; Charleston, WV, USA. Richardson:
OnePetro; 2019.

[50] Sun Z, Wang L, Zhou J, Wang C. A new method for determining the hydraulic
aperture of rough rock fractures using the support vector regression. Eng Geol
2020;271:105618.

[51] Yang S, McBride P, Kherroubi J, He A, Le Nir I, Quesada D, et al. An efficient
workflow for geological characterization in unconventional reservoirs from a
new through-the-bit logging electrical micro-imaging tool. In: Proceedings of
the 2018 AAPG International Conference and Exhibition; 2018 Nov 4-11;
Cape Town, South Africa; 2018.

[52] Wang LK, Sun AY. Well spacing optimization for Permian basin based on
integrated hydraulic fracturing, reservoir simulation and machine learning
study. In: Proceedings of the SPE/AAPG/SEG Unconventional Resources
Technology Conference; 2020 Jul 20-22; online. Richardson: OnePetro; 2020.

[53] Bangi MSF, Kwon JSI. Deep reinforcement learning control of hydraulic
fracturing. Comput Chem Eng 2021;154:107489.

[54] Duplyakov VM, Morozov AD, Popkov DO, Shel EV, Vainshtein AL, Burnaev
EV, et al. Data-driven model for hydraulic fracturing design optimization. Part
II: inverse problem. J Petrol Sci Eng 2021;208(Pt A):109303.

[55] Chaikine IA, Gates ID. A machine learning model for predicting multi-stage
horizontal well production. J Petrol Sci Eng 2021;198:108133.

[56] Han D, Kwon S. Application of machine learning method of data-driven deep
learning model to predict well production rate in the shale gas reservoirs.
Energies 2021;14(12):3629.

[57] Mohaghegh SD, inventor; Mohaghegh SD, assignee. System and method
providing real-time assistance to drilling operation. United States patent
US20150300151. 2015 Oct 22.

[58] Unrau S, Torrione P, Hibbard M, Smith R, Olesen L, Watson J. Machine
learning algorithms applied to detection of well control events. In: Proceedings
of the SPE Kingdom of Saudi Arabia Annual Technical Symposium and
Exhibition; 2017 Apr 24-27; Dammam, Saudi Arabia. Richardson: OnePetro;
2017.

[59] Pollock J, Stoecker-Sylvia Z, Veedu V, Panchal N, Elshahawi H. Machine
learning for improved directional drilling. In: Proceedings of the Offshore
Technology Conference; 2018 Apr 30-May 3; Houston, TX, USA. Richardson:
OnePetro; 2018.

[60] Zhao J, Shen Y, Chen W, Zhang Z, Johnston S. Machine learning-based trigger
detection of drilling events based on drilling data. In: Proceedings of the SPE
Eastern Regional Meeting; 2017 Oct 4-6; Lexington, KY, USA. Richardson:
OnePetro; 2017.

[61] Hegde C, Gray KE. Use of machine learning and data analytics to increase
drilling efficiency for nearby wells. J Nat Gas Sci Eng 2017;40:327-35.

[62] Goebel T, Molina RV, Vilalta R, Gupta KD, inventors; Landmark Graphics
Corp., assignee. Method and system for predicting a drill string stuck pipe
event. United States patent US8752648. 2014 Sep 10.

[63] Dursun S, Tuna T, Duman K, Kellogg RW, inventors; Landmark Graphics
Corp., assignee. Real-time risk prediction during drilling operations. United



States patent US15/024, 575. 2015 Apr 30.

[64] Castifieira D, Toronyi R, Saleri N. Machine learning and natural language
processing for automated analysis of drilling and completion data. In:
Proceedings of the SPE Kingdom of Saudi Arabia Annual Technical
Symposium and Exhibition; 2018 Apr 23-26; Dammam, Saudi Arabia.
Richardson: OnePetro; 2018.

[65] Bhattacharya S. A brief review of popular machine learning algorithms in
geosciences. In: Briefs in Petroleum Geoscience & Engineering. Cham:
Springer; 2021.

[66] Abrahart RJ, See LM, Solomatine DP. Practical hydroinformatics:
computational intelligence and technological developments in water
applications. New York: Springer Science & Business Media; 2008.

[67] Li Z, Kovachki N, Azizzadenesheli K, Liu B, Bhattacharya K, Stuart A,
Anandkumar A. Fourier neural operator for parametric partial differential

equations. 2020. arXiv:2010.08895.

[68] Noshi C. A brief survey of text mining applications for the oil and gas industry.
International Petroleum Technology Conference; 2019 Mar 26-28; Beijing,
China. Richardson: OnePetro; 2019.

[69] Brestoff NE, inventor; assigneelntraspexion LLC. Using classified text and
deep learning algorithms to identify risk and provide early warning. United
States patent US9552548B1. 2017 Jan 24.

[70] Lv G, Zheng C, Zhang L. Text information retrieval based on concept semantic
similarity. In: Proceedings of the 2009 Fifth International Conference on
Semantics; 2009 Oct 12—14; Zhuhai, China. Piscataway: IEEE Publisher; 2009.

[71] Arumugam S, Rajan S, Gupta S. Augmented text mining for daily drilling
reports using topic modeling and ontology. In: Proceedings of the SPE Western
Regional Meeting; 2017 Apr 23-27; Bakersfield, CA, USA. Richardson:
OnePetro; 2017.



