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Adaptive LSTM early warning method for Kick detection in drilling
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Abstract: Kick has a significant influence on the oilfield exploration process, many drilling platforms adopt manual on-
the-job detection, which depends heavily on the accumulated experience of on-the-job personnel, resulting in false alarm
rate and high cost. Therefore, it is urgent to improve the efficiency and quality of kick detection. According to the findings,
including the deep learning technology into the drilling process can significantly increase the accuracy of kick detection.
However, because the frequency of kick is low, there are variances between wells and the available training samples are
restricted, the present kick detection algorithm’s applicability is limited. To address the aforementioned issues, this paper
proposes an adaptive long short-term memory (LSTM) kick detection algorithm that uses the sliding window method to
expand the data set, calculates the average increment, and realizes adaptive feature extraction of different well data, thereby
shielding the differences of different wells and improving the algorithm’s universality. The model performs well in oft-line
verification and early detection of on-site kick, and it maintains high consistency with the expert’s experience annotation,
which is earlier than the operator’s log. The proposed method reduces the burden of on-the-job people with better efficiency
and quality, which is beneficial to improve the level of kick detection in drilling engineering.

Key words: kick detection; data set expansion; adaptive; slide window; long short-term memory

Citation: WANG Yuhao, HAO Jiasheng, ZHANG Fan, et al. Adaptive LSTM early warning method for kick detection
in drilling. Control Theory & Applications, 2022, 39(3): 441 — 448

1 518

UTAESN, B MR H AR s B, KRR <%
VR VR FEE i LR MR 175 050 2 P [X A e R ). 73
S SR P LA TG b SO P a4,
SEEE R R TSR 2 A TE B 2 . A

Wk EBA: 2021—07—24; 3¢H H#H: 2022—01-23.
T3#(51E# . E-mail: hao@uestc.edu.cn.
AICTTZE: TR

e B LA e RS PR Bl Stk D T B IR A
FERG IR o 75 B 2 R R IR K TR R 77,
SRTIRE G B H IR LR, T R ER R, K%
HMERZ AR, 2 H R B /N TR R T, 32 4 1
T2V A ] I BRAR N B, BB HB5E

JIPEETR TR PR A F AR TAS AR TSI H (20212203), Hh E-E R RESE 41 _EI0H (2021M700695) % B).
Supported by the CCDC Drilling and Production Technology Reserach Institute (2021ZZ03) and the China Postdoctoral Science Foundation

(2021M700695).



442 B owo#H w5 N

39 %

IR IR, RS UATE LR EE R R b )
/NI RZIK, 3 el H R H 0 DR R AR A, i SR
AN RIS IR AR ], 2 A I AR B R 2 e, 4
N DRI P2t SR AR K B . R 0kt a8 A i i
TR IE S I NI N 53R BORH S PR A B T, % &%
B AR AT T it PAss: +73 K.

H 1K 2 B3, XT3 i 5 2% 35 i R BN T A
B T, ORI N A 2R 5 s R AR b T =,
LRE Z PSR L AT BRI PG (H2
ZITVESZ IR TAA RN AR A2 5, ERAPER 5. S8
M0, i IR AT AT S R AE 2 55 ()32 S A AR T3 A, R
S AU TSN AR RER R e, S B0 HEE
BUK. ISR EROR . 7 IR AR
FHATI AR R Y, N T AR P ge e Hh i
OB — PR, AR A D H0 e 13 SRE LAY, 42
Bl R PR AR, PRI iR

BEAE LA 2 2] - N R B AR BE S50 MR 1)
PR R, A m it R T EALIR KIS R ), R
BT N TR BEERKI I T B AR IE 177752 A AT
AR K SR 5 N T AL AR L, 15
NUIRA SE s B, BE vl ™ [ P 45 2R, fEA A
KR, Bl TR AT AAS L RAE I 37, e e sz
CrREE TS 3 A 1 S IR 2800, AE AR AR BT T P 3
ATEREHI W, P AG H U 25 R, 35 B AR iR 15
5 2R A0 TT 5, Mg N G AT IR )45 2, R
F I R e ) IR 2 B B A1, SRR FE A /MK,
R KA.

ITEesER, [ P AMBRR B2 HORHIT 5, BT e
T EAI NI A EERIE L. SCER[1-31 0 HT e
BB AR A By, i SEI TR DT U 5

e, HrR G RIE i 2 = U2 v A A R

FAAYTR A, X LR -5 TOME K ZE R i
HRARMERR. SCRR [4-6 10 T SR B T B g
B, B AR AN I S BRI AR A 2545 N R AR {1t
S22 SR [T-81 A% Ge (L35 2 2] B0 51 NI It T
e BOUE T DU, P S8 KNNIIZE B3k 2% 5
AR ZHC AR L 5C R IO ATAT 1. SCHR[9-12]
WA 2% 5] NBE AR, 8 K s A o ) 2% i
ITINER, $Em 1 B 28 P i AEmn 28 LA HAE L R,
U T IRIE S ) AR U ) AT AT VE. SR [13-14148
PRI BAT ) P FUAAE S| A RLCAZ 48, J
HH SR (131458 FH A2 40048 b 1) 9 4804 42 1l ZR(long
short-term memory, LSTM), [ 2% 75 | X 4 - 11 71 %
R E R, Bk T LSTMACERES I 7 7 B i Re 7).

DAL A) Ko i 7 U PR 9 b 2 R e, AN A0
FHRLRCER. SR [15- 161565 8l HHREAE 2 Bk AT I 420t
AR TR o 2 3 S R T L K s R O
FeEAT PR STHR [17-18 1R ) R etk TR 45 7 3

W, BRI SEOTRRR . RS T HERE, SR

[19-2115] ASCREAIEHLIO200, BEALARMKRON H: R T

BUEAT F 300, Ve 5 A Rl 2021 vy T LI

VEMV Ry 22 4 DA S SR [22-23] 9 NERFES 2, 43

TN FH AR (X 2% 1221 | BPARZR X 28 2312 gL | R
FeIITHERfR T

MR SCHR A 25 SRR, AR R I 5N

B ARNE AR LA ) PR SRR, SR

e HEE T B S m R n AT 1, 45 5 SR Fu i it
TS HRE RN, A MEREEEER
— AN SEAR L, B A R I R = AR ) i A
Gy R SRR Bl HAS D 2 [A) A e 22 e
K, O B R AR ] e A 20T R R, o DA
ANEVEGH R, IF BRI — O A ] B IR FR,
AT dan ey S5 B T A 1) S it S s - psn il (i
Rt —P T,

AL O IA BT AR AR ) 18] R, R )1 i X
3042 1 ek B EdE, 1R T — MR RS
F & M LSTM P 7%, il i e vk 2118 sh i [a] & 11
BARY FREOR, MOl I 5 B 2 1 ) R
IV — B TE] N B A (S 2, SEIAN R
5 2 () L PR 1 1 3 0 2 X DA e U R E A
[ 1 NV B, dd Ik B 4 X AT 337 0 vas
TRTRE SIS, Bk 1 i Hh (v v RS, o S Tl Ty
R R
2 FEETWshE DR B &R IR

AN TR 22 18] 0 E 40 Bl 22 R,
DAL S BV AR IS AT I L 28 56 AN [R] 37 5 1) 1 O Y. g
77, AT LA RO R 22 5 1, Ty . AR SCREL
R E AL BRI VRN B 04T B & SRR SRR, 1277k
AN 75 B3 AN [F) 5000 1) 22 S 1, I EXT R AR AL
EFAAT BRI RN BB R T, B
KRR, 9 10 PR s S AT 58 78 43 IR
LR —EREEET R TR, W RGESE.

2.1 HIENHERRERX

TER A SR B iy, A A B 2 BAEAS R
LT B B EUE =2 AT, H R L.
N T BR AN R85 2 1Rl ) 22 80, A6 B TR 5,
FEREERAN FIFF A EE B & SRR STV,

& HA A LIRS 210 (B & LA 50, 1
SIS LI2AEE mUB P38 A v, PLSHT LI2AEE AU
P, A FEMEAIRAS RN N E A, B
THE LR

V)1 F U2+ U
o L2 ’
vy = V1 + Uy 4[-//'2“+UL/27 ?)

A, = v, — vp. 3)

(D




3 1

TEZE: imi R E &M LS TM T 771k 443

Z5 AT DA SR R B E A & ka3, Bl
A2 S, P ISR 5] N FI8E T BN R
AT, P22 T 5 rIE 3.

22 WBIHHEOFEAY 7R

TR 2 SRR — P T 0 IR 3l 1) v, 7R 4L
PRSI0 M AR () R BUCR,, SR B
1 PR ELRR S TR A0, DR SR P B a1 AR AT
7.

ST —4LESL I &5, WA E KN L, 551
B B L2 2K H (DT EAS Bog, 55(L/2)
+ 13058 LA&ER 8 Q)i 15 Blv,, e
BT A, T8 B IR H i S AL SR, [ B A 7] 5 72
B0, EAERE, ERIN R & R E K.

Y REAE W TR, 1Z7ER R A FREL
PEIEGLT, SRBURATREZ 1 & 751,

K1 shE nd e
Fig. 1 Process of sliding window

3 TUEETRYH RS

ARG M IUEAR R i, FEARE—4ER, K
FLYHRCAZ I 2% DL S A 2.
31 KRz m%

LSTMt %o 317 368 1) A A1 22 %) 246 F 184 i, L5 368 17 2
PR ) 4% 8 7 M PRI R B o R NE 11 ) R, K
RO AZ I 2% 0 1o B D5 5 e A R S5 AL, R 3 S i (]
K AR AR e B, BRI b A) DLAE S R TR
B2 B £ 5, LSTMIV V48 25 44 tn I’ 2 7= K T°LS-
TM ST RS 5 B 06 HLa B A% 15 &R
BRI F5 TR Bz Wi iR SR E
T R AT S

LSTMHAELE3AN T, 3l R 1T T fr, tRE b —
I Z0 ) TR e, A 2D ORE B AT R I0R S ey
BN iy, RIE T ZHTI 20 2% B3 N\, 2 D ARAF
FIRITORE ¢ FTHH T o, THIRTTRES e 7 Z DI
F 24 nim HAE A,

R L 2(4), Wy = a8 0 T B 4
[P, ) R AR AE A 1) B 3 B — AN SE A1 1)
b e BT B, o/ sigmoid BRI

fi=0(Wy - [hi_1, 2] + by). 4

)
Ci
i i,

Iff| | | ’ |
Wy | [w-]
[hzl,xt]‘
h,
P[]
|xt

K2 LSTMEZ:
Fig. 2 Structure of LSTM

BN TTRITHS L E(S), Wi R TR A FE,
bi RN T B

1y = J(Wi : [htflvxt] + bi)- )

B8 i TSRk B T IRAS ¢ T T SR 2 AT Z B
K&, W (6), Bl E— IR B ITORETZ TR R
AT fr, FEF AL B TOIR ST TR A AT 14,
PRGN 1a S 45 BRI A%

{Et = tanh(Wi . [ht_l,xt] + bc)y (6)

¢ = fr X ci_1 + 1y X Gy
BRI ()
or =W, - [hi_1, 2] + b,). (7)
LSTM5 4 F %0 H By 2 B HS T DR 1 FROTARAS
HEFBRAER], W)
hy = o; X tanh(c;). 8

SR AR AR A R A S B, LRI SR 4
Faebr, 2% 1 S bR 5 B AR S LD AR A e 22, 35 i
28 R AR SR RE AR e R, B B 21k
Ff/.

32 —4EH

— YA X% (G AU T LA 1 2 — FIE
PEHUER, T LA a) e 3] s R 8 45 B A 5
(RIREAE, & —F o w2 R % 525, (6 bR e,
% FETE K HAEAZ 4% ) JE Atk B T — 25 AR
2%, H RN 4% S AE S PE AE 0, Rets it —2b 42
P B (0 BRCRRAE . — 45 AR 1 SR I I3 T
7N,

LRI ERMNT I B3, §sh— k5 r sl
PRI tsT IS A7 BB Ak PN R B AIE . BB 35 AU K (kernel
size) Nw, FRRFE B — %, 5K FE AL, W4 H P 5]
WK ENL — w + 1, HHERHA A AT, Wi
FF A B SN BR8P BRI S5
IR 2 S A IR VA RALIEAR,



444 oA R 5 N A 3948
BB 75 50 . 2 5 AR R A B LA AR 4L,

| | Lidhcid 0 T, AR A B 5 bR, R SR P o [ O

m BRI A0, A B R A
- i ! (A2 S, LA e 3 P

HHEP R LRl

3 AR ERE

Fig. 3 Convolution calculation flow

33 L2EEEWE

T SE B FH LS TMI 8 7 i e o 3 4 T 2 2
BT RRYE, ASCIELSTME Himn&E e — B & H 1M &
TCHIASERE R, RN F sigmoi disgs B Bk f 44 25
LGS 21|01 27 S5 AR . B ER AR L =K(9)

1
S = o ©)

N = O, S, = 0.5, Bz TIE LTSI, R
BT T 1, JafEi TR, REUEEIET0.
4 HiHEIE AR

FEGRAR 7 /I 7R B IR AR B 3T — R AR AL P,
i A1 BSOS SR S NI GRS, AN RAR B
KAESIGEE B IEN: . Ffbr e 4.
4.1 SEIRBHEKE

S R0 0 b T A O B R AR B R, IR
SEIG R A ) i X A dE e 204 9, SR
EWA~S s, B OHBIETINFE, 770 MR E R
H5EvH TS, #AE B B0, 8L
&, B TSR E . KA hfr Bl 2
K BCE FE AR 2R3 5 T B 2 R3:1.
THEEIEL

%1 /B RMILEK
Table 1 Partial overflow well records

Hgns SN SEHHIR g
h2xxh2-2  2020/3/17 17:11:18  2470.33 m &t
12x5 2019/4/19 5:14:40  2166.19m %I
w2x3 2019/1/12 9:24:45  1308.2m  llZdf
w204hxx—1  2021/2/18 0:18:03 277828 m MR
ZSXX3 2021/4/13 13:25:49  2051.69 m  JikH:

4.2 HiIHEIEE
Bl R — M I 2 AL A AT R R, (H2 T
R e, TR, &% 2 BRI K, J/Ni

SVAI) EE BB, X TRl e A1 R R R AR

e, BB P I 2y, 20, - -+, 2, IR EIRHES
Jei B E 5 Ny, Yo, - - 5 g CHT B AL RN

ymcdian‘
Ln E T, A

Ymedian = Y(i+1)/2- (10)
M N EEO, FAECN
i = L2 L (1
43 trid
AL ARIC T DA i 0 2% (KR B HE R 2, kN e
AR BE M. I EE XA R H B DL 555
L S ARAC ) AT R, R AL BN 5 32 Y
BHE AR N, G R A7 R Ak
AN
PR X e B (AR a3, o 1 rp R I B,
IEH BT, 5L R BRI TINE, 0%
7 1E B B, 0.5~ 13 7 Ji U 11 7T BE 1 AR 31 =,
0.5FNAAREHN T ERR, IRRERLCE KA.
HabRE % LR

% 2 WithEHE
Table 2 Mark reference

S TE A
iR AR AOVIRESBUE N, (FR 5+ DN
ST ETHECRRE

B RS TEREAR AL, W A ARSE
SRR RN S EIE R

LA 138 0 H S 8, i I B K FE 8~ 15 min AN 4,
396 P ¥ I T S e BT (R B A S I B, ik
FFFE30~45 min, SR PTA it H1EHFEA45004H, 7
WREA 135004
4.4 z-scoretrifift

FHBIE SN TR BN ER TR, [z
score AL AN ER B A R T W FIIER, 7R80SR %
BFISCSR B, AR T B K NH— I 6, M. &
Eb B KA /IME B8 A & M. #E A S0, z-scorebn HEAL
YN W)

Xocate = XU_ = (12)

H: Xocaro AnEAL G B, X AR AHITFEA; uft
FYNAE, o NTTZE.




#3M

TEZE: imi R E &M LS TM T 771k 445

5 BERIYIZ

A SCAEREAY (R 2R 2 rp, S I o) bl st 5 S
HH 2 B G o e () T ABS TR A0 BRI (45 0 L 3
LT R
51 S5k

A P44 B R TAZ I 2% R KA
M2 — 4B S IR BAIC 2 N 4%, DAY 4 2k
DA IRRFE_E (P BERf S WG (X 2% 454

KN R — 2R NI ZRgE  B0E4E, 3
ThIGIFAE AN S SRR I 25, FEREI) 52 1 — 50 45
FSRAS B AR P . B BT REUIZR 07100, B 245
U BRI (AR, H R TR /RIS

TR AR NGB 5 S By AR R T4
e R TR AR X B S 1K) I B T R (R T
YIReE R 23,

k3 BALMFEE
Table 3 Structural design experiment

X285 25 1 IAFR  REREL  RERH
BELSTM 0.0649 4 29
XZLSTM 0.0482 4 23

EHEMLAELSTM  0.0341 3 14

TESEBREG AR I FE A, S AR T R 2 L
BT, B R FET N T THEE, N T R K
W62 T DA 52 ). 4 T R SR BB L T, ik 1y o 2
SERN— B RE INUZ K G AT N 4.

5.2 WEIEOKEST

TEIEF R AR, 1B HdE i/ N a B 8h, an
SRS ) B R 2 il 412 B3 i SRR AIE 5 BURL T 2 4,
I o B 1) T R BE A, 3 b /N L ()8 Bl 2= P 4
B FTHCIE, FiT DU e 2ot 2 I B, [) B 4 L i A R
fE 2 T PIE T MR 2, B R

TERf e AT SE R AL L, 454 SEBRIE 0 Sl B
AN T K P Aot L sz 36, SRt R AR AN R T K
THIRIIGO, SR a1 RS DK, SR g4
RAnFRAFTR.

k4 GoKEHEARLE

Table 4 Window length and model performance

EHORKE WS R
40 2 24
50 2 17
60 3 14
70 3 10
80 4 6

IWEUEIL g0 e, 200 iR sels, H AT

6 BELRBURRKAE S E L

B S IR O MR SRR Y, K g R
Gt B G H& ZR IR T X0 LL A AT, I3
SEIG PR AR 0 28 T SEBREG KH 3, SER iR %
SRR AR IR PR R I AL T B A B
6.1 BELHHERAE

™ B 53 ) =2 AE H: G 5 yw204hxx—1 (K14), zsxx3
(E5) W 0 & e sk i Erats, Ay Abirios
Vs L XU IR SR, Y05 [ O~ 1, K JER 4Rl B dE 1) st 1)
F B G E IR ALFR.

0.8

0.7 - AR
w— {1 T
0.6
0.5}
A 04+
03}
02}

0.1}

0.0

0 IOIO 260 360 460 500 600 700 800 900
t/s
K 4 BELil)
Fig. 4 Off-line test (1)

1.0 T T T T T T

097 w520
0.8  wmmm RAYTE
0.7}
0.6
A 05)
0.4}
03}
02}
0.1}
0.0

0 50 100 150 200 250 300 3I50 400
t/s
Kl 5 BEikE2)
Fig. 5 Off-line test (2)

2 157 5% 3 H ), w204hxx—1T¢ = 840 sic #5172
SEH A IR AT JE S AR . BT SO I 5
BEATE I, RIIt = 651 sih R & & BT, Bk
NS EF, e 7= SR 7 T T E bR,
WA 2L Tt = 615 sTFAG BT, #AT T 5k
MBS, )& BB

B H IR, zsxx3 Tt = 431 sic iR, B
Bl TN FFH AT 5 SR AL B, & SR P R AR E R DL
I LBric s, WhEt = 278 sk A O E I, o
B JI9A% T, S BAREAT T R I bR, BT



446

7w oo 5 MM

%39 %

BLE AT = 328 sTTUA BT, AR T B RINE4E
FRELER 150 s, HA2TRRT THH AN Tid3%103 s.

T B2, B H AU B — e T R
PR R, N T HEIFRIRAE DL S5 SRR Ak, KA
RUHCE BB AT &, X B AG i FEHEA T S 7l
#BL

0

6.2 LN HE

AR I I7 ST SR A AR A, R H S 5 R 2R O

SEI SRR

|| akRAERE

7 5, A5 A7 il Bl I BA S B4 L 5 %
By PR 45 RAF RS, BRI 6P,

HHT Ak, B R B BEIRASHEAT TV, BT DAZER
FE R P AN FEARREHEIRS, FEBASI P I Bl AL d
J5, R B A R B 8 5 TCP R 126 21 T B2, 2
AL PR TS 2 AR KU R (] 25 R AR A

ORI A0S B A I 5 REAT S B0, 5
JE R BT R T, PRI 2 L7

— B —{ﬂﬂ@ P
27 STt
HHE AT o >
| i
& T
s AL i s
£ | B
e fehn [ el
L ] N ZuN SR FALTL, VB
T ot o

________________________________

6 SEIURE ]

Fig. 6 Real time scheme

0.6 T T T T T

— L AR n
0.5 mmm T

04r

02+

0.1F

0.0

1
100 200 300 400 500 600
t/s

K7 LTS

Fig. 7 Online warning

B[RS B, ploxx1 (B fEt =242 sEEAH M
mESLESEZE LI, WA Tt = 202 sHiG
T, HED SR A S S, HR ASRIR N IR
FHIRAE LR, AR & — /NS TR] P S & T
LR, A TUEAEA P TR, JEE8H T E N
PRVE R WO NBE R, R R TR B bR, i
R BT, ARG, HORES SRk E
1B, BRI MUEE IR, 4R 5 T R HEE 5 1
HEVIA R .

6.3 AP

T B AR IOAIE, TELRTIVE I N 45 SRR, 1k
PGB — A M S ek, T m e E
Ml R LR 2 TV K, IR ERE N R S H, PR



3 1

TEZE: imi R E &M LS TM T 771k 447

ORISR R . Bl N TG 75 I %15
SEHSERRAE L, R EAEA A B EE
JERHT RIS, Wi H A0 v R 2 A s T T
e FUHTBA AU, 2 BAS Y R 0k B R A
O T 5 SRR S R

LB H AT, AT SRAT A R AR 45 ) i, 2
P78 S A B A BN, 85K — IR A TFE,
B TR E X S, RN SE L B B E . RS A%
=, FEUEF RS EE SR E R A NE 2 A F R
L, AR — AU BT IR A e BE AR, S5
S IF ST AZ A S PR T 5 R, W R B o N 5 Rl
FEFE L, 1E R EASKT ) gt e 3, R
FEE A0, R rIER.
7 GRiE

ARSCAE T4 R I WV 25 5 5 B 15 B 24
b A P38 A O v P AR T Il A
T S, 4R T R S R LS TM TR 5, 1%
VI TIE BN ) & O e 8 4L, il P E I R
HSEILEENRERE I, B — e rd A

T B 2R AN AE 2 520, 45 AR A I 1
3 N T VAR SERRE SRR R R 47, DA
1) i 2 2R 58 FOR Jam e - HA 11) Se s T, A3 N Ak
PRI T E IR R, MR VAR AR e
B R I R, X R R S R R A T KT
BRI X

SECHk:

[1] TANG H W, ZHANG S, SURESH V, et al. Time series data anal-

ysis for automatic flow influx detection during drilling. Journal of

Petroleum Science & Engineering, 2019, 172: 1103 - 1111.

[2] HALLIBURTON, MAO Y L, ZHANG P. An automated kick alarm
system based on statistical analysis of real time drilling data. Abu D-
habi International Petroleum Exhibition and Conference. 2019, DOI:
10.2118/197275-MS.

[3] MICKENS R, KUMAR D, SMITH G, et al. Automated trend-based
alerting enhances real-time hazard avoidance. SPE/IADC Drilling
Conference and Exhibition, 2017, DOI: 10.2118/184737-MS.

[4] CAROLINA A, PAULO R, KAMY S. Deepwater gas kick simula-
tion. Journal of Petroleum Science and Engineering, 2009, 67(1): 13
-22.

[5] JONATHAN F, GALDINO M, ADMILSON T, et al. Gas kick detec-
tion and pressure transmission in thixotropic, compressible drilling
fluids. Journal of Petroleum Science and Engineering, 2019, 180: 138
- 149.

[6] RAKIBUL I, FAISAL K, RAMCHANDRAN V. Real time risk anal-
ysis of kick detection: testing and validation. Reliability Engineering
& System Safety, 2017, 161: 25 — 37.

[71 NHAT D M, VENKSTESAN R, KHAN F. Data-driven bayesian
network model for early kick detection in industrial drilling process.
Transactions of The Institution of Chemical Engineers. Process
Safety and Environmental Protection, Part B, 2020, 138: 130 — 138.

[8] ALOUHALI R, ALJUBRAN M, GHARBI §, et al. Drilling through
data: automated kick detection using data mining. SPE International
Heavy Oil Conference and Exhibition, 2018, DOI: 10.2118/193687-
MS.

[9] ABBAS A K, RUSHDI S, ALSABA M. Modeling rate of penetration
for deviated wells using artificial neural network. Abu Dhabi Inter-
national Petroleum Exhibition and Conference, 2018, DOI: 10.2118/
192875-MS.

[10] MOHAMMAD D, LOHRASB F, MOSTAFA S. Performance assess-
ment of rotary drilling using non-linear multiple regression analysis
and multilayer perceptron neural network. Bulletin of Engineering
Geology and the Environment, 2019, 783: 1501 — 1513.

[11] SOMADINA M, RAMACHANDRAN V, FAISAL K. Supervised
data-driven approach to early kick detection during drilling operation.
Journal of Petroleum Science and Engineering, 2020, 192: 107324.

[12] XIE H, SHANMUGAM A K, ISSA R. Big data analysis for monitor-
ing of kick formation in complex underwater drilling projects. Jour-
nal of Computing in Civil Engineering, 2018, 32(5): 04018030.

[13] YIN Q S, YANG J, TYAGI M, et al. Downhole quantitative evalua-
tion of gas kick during deepwater drilling with deep learning using
pilot-scale rig data. Journal of Petroleum Science and Engineering,
2022, 208: 109136.

[14] OSAROGIAGBON, AUGUSTINE, MUOJEKE, et al. A new
methodology for kick detection during petroleum drilling using long
short-term memory recurrent neural network. Transactions of The In-
stitution of Chemical Engineers. Process Safety and Environmental
Protection, Part B, 2020, 142: 126 — 137.

[15] YANG Hongman, LU Shihao, XU Gaojun, et al. Establishment and
application of intelligent monitoring overflow warning system in
northwest oilfield. Chemical Engineering Design Communications,
2017, 43(7): 90 — 92.

(2L, e, fRmZE, 55, VE bl A e M AR i Rt sr
SRR PN . AT BETHE R, 2017, 43(7): 90 - 92)

[16] GUO Zhenbin, FENG Xuelong, TIAN Di, et al. EKM intelligent
system and its application. Drilling & Production Technology, 2020,
43(1): 132 -134.

(R, DT, B, 55, EKMGE IR TS e R LR H. Bk
T2, 2020, 43(1): 132 -134.)

[17] LI Xin, WANG Guowa, CHEN Hui, et al. The application study on
early warning system of engineering logging in tarim oilfield. Mud
Logging Engineering, 2011, 22(4): 67 —71.

(W, EE, BRE, & DRSS RGHER BN H AR BT
¢, TR, 2011, 22(4): 67 -71.)

[18] JING Suoji, LI Xin, SONG Haiyou, et al. Research and application of
the intellectualized warning technology for comprehensive mud log-
ging accident. Mud Logging Engineering, 2007, 18(3): 57 — 61.
GRBUE, 2507, R, 55, G5 I H IS BB G BT 7T 5
. FIFTAE, 2007, 18(3): 57-61.)

[19] SUN Ting, ZHAO Yin, YANG lJin, et al. Real-time intelligent iden-
tification method under drilling conditions based on support vector
machine. Petroleum Drilling Techniques, 2019, 47(5): 28 — 33.
(P, RSN, Mk, 45, K6 T SCRFIR R LA B T Lt S B e iRy
2 FREREIR, 2019, 47(5): 28 - 33.)

[20] LI Yufei, ZHANG Bo, SUN Weifeng. Research on intelligent early
kick identification method based on svm and D-S evidence theory.

Drilling & Production Technology, 2020, 43(5): 27 — 30.
(FEEE, ki, 7M. 2T SVMAID-SIERE 2 e i 7 41 2 i



448 B oW H w5 M OH 39 %
AT, RS T 2, 2020, 43(5): 27 - 30.) YEH B

(21]

[22]

(23]

SHI Xiaoyan, ZHOU Yingcao, ZHAO Liping, et al. Study on how
to determine kicks and losses in real time on basis of random forest
method. Drilling & Production Technology, 2020, 43(1): 9 — 12.
(P, RSt AR, 5. T BN LARAR KGRI S W7 77 20t
T B L E, 2020, 43(1): 9 - 12)

TU Siyu, PENG Ping’an, JIANG Yuanjian. Research on intelligent
recognition technology of abnormal operating conditions in under-
ground environment based on deep learning method. Journal of Safe-
ty Science and Technology, 2018, 14(11): 58 — 63.

ORI, P2z, o, FE TR IR FHEE R LOUR e
WOHARWSL. b E % 2P RIAEROR, 2018, 14(11): 58 - 63.)
ZHANG Luzhi, LIANG Haibo, ZHANG lJin, et al. Application of bp
neural network in intelligent early warning of drilling overflow in de-
velopment wells. Information & Communications, 2014(2): 3 — 4.
(ka2 BN, K4, 5. BPAAMESTEIT K I A i e Re i
TN BT, /5 RIEME, 2014(2): 3 - 4.)

EHEE WLATA, HETHE T R R RGR S R R ROA,
E-mail: 201921060522 @std.uestc.edu.cn;

AN L, BB, B AT U7 Ao R S R REOR,
E-mail: hao@uestc.edu.cn;

BRI T, HATREFOT o N B ARSI R e, E-mail:
zhinanpeng @uestc.edu.cn;

| B, BATP T ORI D ZHOR, B-mail:
weiq-ccde@cnpe.com.cn;

12:¢ 1= L e S N K0 WA TP Lo P KA (N TR G s
E-mail: duanmb_ccde @cnpc.com.cn;

WL g TR, B AT SRR T2 EOR BT AL, E-mail:

zhangf_sc@cnpc.com.cn.



