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T OEE B G T AR A A A R AR SR RN 2R 50 A2 AL R A A2 11 o] /3, AR SR A R 22 1Y)
%% (convolutional neural network, CNN) FIHK AT 1A 1Z M %% (long short-term memory, LSTM) 4H GEL PR T ST
A SIS (cuckoo search, CS) I CNN-LSTM-CS W28 B, SEHL X T S i 3 7. ¥ 5, X R A 18
Jig b E s AR AT VA — A TRA B SRS, R CNIN ) % i E s i A T8 e DR 3 M O 2 RS 6L, IR IE Il 25
LSTM 244 i CNN-LSTM TRl AL, 5 5, SR A CS Sy Sl A AL ik AT S 40 Ak, 9300 Pl 22, SEBILJE 2
(VR HE TN, S &5 SR B, 0 b LA S 78 (0 3 b S Tl 7y 2%, A SOt 1 vk B B s R TR B, D Tl A T TS
L Ao W B AL ) SRS i .
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%

Abstract: The traditional prediction models for the corrosion rates of industrial pipelines often have the problems of
dependence of feature extraction on artificial experience and insufficient generalization ability. ;120 address this issue, this
study combines the convolutional neural network (CNN) with the long short-term fnemory (LSTM) network and proposes
a network model based on the cuckoo search (CS) optimization algorithm, namely, the CNN-LSTM-CS model, to predict
the corrosion rates of industrial pipelines. Specifically, the collected pipeline corrosion dataset is pre-processed by
normalization. Then, the CNN is used to extractinformation on the deep features of factors affecting the corrosion rates of
the pipelines, and a CNN-LSTM prediction model is constructed by training the LSTM network. Finally, the CS algorithm
is used to optimize,the parameters of the prediction model, thereby reducing the prediction error and predicting the
corrosion rate accurately. The experimental results show that compared with several typical prediction methods for the
corrosion rate, the method proposed has higher prediction accuracy and provides a new approach for predicting the
corrosion rates of industrial pipelines.

Key words: pipeline corrosion rate; convolutional neural network (CNN); long short-term memory (LSTM); cuckoo
search (CS)
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TV A 8 S kARl A B IR Bt Y B R,
JrZ AT A AT AEAT . A T TE SR
PRI AN AR AL T 8] 3 K, 7T P 10 5 o ) i
H, SEHAEG KAEFL. MRATFRERBILR, 4
N BFEA A i 22 AL RSB 22 ok 7 ER
(i e 20, A A S ot B TN, B AR A S ot
FRVAR L, e RN 24 ORAS it B2 (AR 3, B B2 oot
R BRI, HR TR s R 5 R i R 3R 2 AR AE R
JELRME R &R, X 45 MR (G Al R 1 AR KAk

BB N LR Be PR & &, REAT RN G L Es
5 ) TN B ek R T b SCER[3 1R R T
2 EZ A (atom search optimization, ASO) X}
BP 122 W 2% (RAUE A B EAT DAL, 2257 1 5T ASO-
BP )5 8 JE i AR WO A SCER[4]°R F A% 3 sy 73
BT (kernel principal component analysis, KPCA) X 51
A O TR 25017 W, Dl S 2 B
o 1PANE SRR ?%_Wéé (3 é‘g (back-propagation neural
network, BRANN) 1, #5377 —Fj & T KPCA- BRANN
1) 8 T ok 2R UM A Y . SCRR[S TSR A T s K UK
(firefly algorithm, FFA) X 32§\l & [7] 3 (support vector
regression, SVR) H 4tk 47 174k, @7 7T
FFA-SVR F% 18 {1 1 28 AR 2. SCHR[6] 5K F 3 A
43437 (principal component analysis, PCA) $2H52 &
TE JB ol 28 IR 3R 10 2 EEARRALE, R R VR R B AL A B
(chaos particle swarm optimization, CPSO) fii4t. SVR
2RO AT R Tk A0, 42— Fh %+ PCA-CPSO-
SVR I E B ph AR B, SCHR[ 7% HT KPCA X 4h

JE& bk R R 2 PR R HEAT PR AE AL B, A CS X SCRFIAL

=ML (support vector machine, SVM) H 11 S 3t 171
Ve, 3L T —Fi LT KPCA-CS-SVIM [ 85 i (4 7
TR, SCRR[8 1R AKX EL R R IS A (grey relational
analysis, GRA) Xﬂﬁl‘ﬁrﬁ”ﬂﬂﬁﬁﬂ@%”ﬁ RIEAT IR Ab
P, I efedk £ BE Y% (improved fish swarm algorithm,
IFA) X fie /) e 32 #¢ M AL (least squares support
vector machine, LSSVM) [ S Hd AT 1E, #. 1—
3T GRA-IFA-LSSVM )8 T8 JiF T A AR AL L
R[9SR KPCA 1 R i Ve 6 5 6 P i 349 25 Jo ot A
) 3 ERRAE, P B A 45 24 2R (improved cuckoo
search, ICS) X iR 2% 2] Hl (extreme learning machine,
ELM) H ST 0%, 57 7 —FP T KPCA-ICS-
ELM )8 JE rh AR fm s A AR FIR Tk IS 78

104 Z %% % System Construction

U W T 25 S, {5 p T AR AAE 2 RORD TR AR A 2 N T2 %
THI, 75 ZHO L K58, T2 FATE IR R 3T 1A).

IR, BEE TH AL RE T R T, IR 2T
ARG, EARE A E Y B RS
ZAIRAAE )2 IR, o, YRR SRR
Z—M) CNN Be#E X AT A A S5, B0
25 3 BB IR 2 VA SARFE . IE AR ZE 2% (recurrent
neural network, RNN)!"a] L) 2% 5] Jfj s 45 B, B 57 % W
RNN 7EACEE I 1] 17 515048 7 1 o8 AR i 22 1 45 1
A RNN A5 A, LSTM““S]ﬁ%,@%ﬁﬁiﬂ‘fl%fn*ﬂ WE
U SRAR A IA R 3%, 9k 7 RNN AR A B
FERRNE T B TH O TR O 28 455 28 af DA VI 25 1) 1)
SCHRIT61H8 HFE T LSTM 45 18 J65 e 26 Tl A 284,
WAS FEAL T BP #1225 il RNN. SCHR[ 1715 X 4% 5t
LSTM #5 BYRFAIE $2 HUAS (& RIS 2 $00de 3600 n) @, $2
—Fh 3T O LSTM & 18 J5 h R T AR Y, ek 7
LSTM [ 4% i s i 4 3% 42 )2 B B 4 R AiE, IR B )
K& A% B T IE XA R () S H AT AL, SEEe s RAR T
LI LSTM BLAUFN BP #4825, (ER Y (1) 92 1L R
WALINESE Al IR

FF FR A4S CNN ATLSTM 2% H il
Hamat CS FESLHUE S AL, R T — R R T
CNN-LSTM-CS {8 8 Ji5 ook 5 F 7 3. A< 3¢
(9 LB 5 TAE U R 2 (1) #9E CNN-LSTM Tl 5,
RS L A 75 51 K A
il @ FIH CS FEA N W S 50T 38, A
Wk N TV T 2 5K 4 50 AN A2 e 1 25 5 1) i, 42
e AR ARLERAR 2 2 B8 05 (3) AR SR AR B TV A i K
P HIOE T e VR E R

WES
L1 ERMEMLE
CNN M EZHGMBITMAZ . SRR, bk
B AEEEAEH RS R ERERET R
RN
G (D, M) @)
Horr, «FORBREH, ¥ 1RBBIZ MR MR
EE, Mo 1 RRAE BRI S, xR -1 2B

i

JE I § MAHRFER, kN 1RSRIZ ST A G
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PURZ, b 95 j AR ) i 5 f () oy s R 5, AL
FH ReLU 0 BR 4L
1.2 KRNIz

LSTM 5 RNN # tt, H A5 A [H 1A% S B =X,
B T BCEAEFETT SN Z AN, BN T T IRES R AT
(IBRIEZ, A B TR 1K e A2 RS T 5P LSTM
gEfnpE 1 iR,

CH C,

—p— D
o,
oy
h/

f
®
é]
anh
K1 LSTM &fn=i -

y '
|
B 1 A5, LSTM EaEast ST, MATT. Hi

13 AN TR A BB R SRR T

fi=o(Wy-Thr,x]+by) @)
ir =0 (Wi [hi_1,x]+b;) 3)
01 =0 (W, [hy—1,%:1+ by) “4)
C, = tanh(Wc - [hy—1, %]+ bc) 5)
Ci = fiCroy +ir-Cy (6)

h; = o, - tanh (C,) (7)

Horr, o RoR Sigmoid Wi B KL, x, 94 B I 20 )

NFHE, Wpy Wis W MIWe ARG S B, bpa. |

bi~ by Flbe J N G500 B I, he_1 a5 2 i — B %1 (1
it g T
13 HESHEES

CS & —Fh ot B & Ak, 3 Rk E kLS P F
) H A 19 877 0 ) AR AT RPN A R BE LG A R
NN

1 = ¥+ a®Levy(s, 1) ®)

Xi

o,

Levy(s. 1) ~ AL(A) -sin(nd/2) 1

T sE >0 (9)

@ = ao(x} — Xp o) (10)

Forb, xR AR MR, 2 R AR R

LR, @R mxt SRk, Levy(s, )RR Levy 704 B
B, A (1<A<3) RARNFERE, TRM G BEEL, a0
AEBIEF. ) FH s & Levy 22D K, T
NN
M
5= g (11)
Horr, uAlvi MIEZS 73 A7 s A BRI BEHLEL, 7T N
1~N(©O,07), v~NO,07),
_{ I(1+2)-sin(nl/2) ﬁ}a" ., @@
THE\TI(T+ /2] -2 D2 %77 =
X (9) EP%’\J"S‘O PR Levy 70 R IR K, JR #REE
WLIEE FT RN

. - Xi+r-(x;, = x,,), rand > P,
X = . " (13)
xt, HoAt

ey, xp, A, o2 BEALLE 3 19 P AS R A, r Al rand
(r,rand € (0,1)) 72 IR NI 535347 P A BEALEL

2 FETF CNN-LSTM-CS TV J& i 22 i
F 7Y
2.1 CNN-LSTM M4&LE#

Bt G5 B o 2 TS 2R AE AR B 1R
B ) B, AR SCHR S — R R T CNN AT LSTM 45 & & iE
JoB e LAY . 20 0 s e ) 2 s, A
FE3A BB, LN AEREER 2 LSTM 2.
AR 2 S BTV BN 2 A B ReLU S:HLL
A FOOA — Pl e PR, AT D o 2 kg 80 3
R TR T S 2 1 i L, S5 IR B RS S o 2[R 5 1
VRIZ VCRRAE ; F5 3R U IR A5 AN B LSTM T 47 H
T S

Vlolelale | 2]s]c]]2]s]e
5 BNl PPN L PP N L
e = ul |7 ul I# U

2 CNN-LSTM M4 45 H
2.2 CNN-LSTM-CS #&8I$iE
FEA$ A} CNN-LSTM HEAT B i 28 Tt it oA FE 5
BRAE. SERZEMEUM L LSTM R4
JEMN R A R B, R, A SCRA CS Hikxtix
e S HOEAT AL, TSR Z ARE T, IS @S T
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T A R ik 2 T T 2H A A2 (CNN-LSTM-CS). %
B AR W&l 3 o, A4 CNN-LSTM Tl 3= i 2
A1 CS AL PG AN 3. CNN-LSTM T 5 i F2 A %
s T 5 T T ot R 3 B AT T, CS AR 43 F T xF
CNN-LSTM M £ 1 R AT At 1k,

YRtk CS B3
I B R

[ momnaeE |

! %
CNN-LSTM Fijl = F

B3 CNN-LSTM-CS A7 f2 &

P ITVE R HAROP IR IR

(1) KA I B 5 5 T 3 T DR R B 4R, R R R
F s K-t N TT IR R H A HEAT 3 — A b 28, T 55 7%
RN

X — Xmi
X = (14)
Xmax — Xmin

Forr, x4 e 5 T R A e, xR
AR AR TE S T DR R B, ximin A Xmax 739 RN 5

M A T G ok DA 2% 1) B /ML AN B KA.

(2) FJ% CNN-LSTM M 8 B R 25 1y, 45 3N B dls
B A BEATL R 0 VI S AR A 3 . b I 4
LR T1Z5 CNN-LSTM #5284, JiliEE AKX CNN-LSTM
BRI AT VA

(3) &E CS B4, LA CNN-LSTM HA if fir e 4k
ZHI XA 7 L

(4) FIH CS HiExH CNN-LSTM BEAS AT 4k, %
& CS ﬁ?ﬁﬁ@ﬁmﬁ@iﬂ’ﬁﬁm%‘mﬁ%@i&.

(5) B CS FEMHE RS DERIKEEE AT
B 5 BT SRR TR 1.

(6) CS. FhvE o sk 18 31 B 1 5 B 4L & A 1)
CNN=LSTM A et B R A B N U 25 07 R B AR,
o LR TN 5 SRR AT A3

3 LSR5
3.1 SEEE

AR S AUE T WA 1 1 RS e [T
ARHCER AR, %) A EEAA R T EEEEG
BN JVEE N L EETE, IRk i [ AT 73 9 7%
REE. SRINEE. TENREE. DL IR
BER) P E TE N, M58 ASTM AS3, 258 Z R
AA, HHRJZEER 100-150 mm, il R K
DNG60-DN812, B[ 2.9-9.53 mm! K4E T I JE. £%
JE71. CO, 43 JE, pHYE . MMEVE. CIkEE. CO,
G JEE I HLS VRS FRAEFIE % ok %6 - BRI B8, 5%
BSR4 854 1A, A HOR L 1.

<

R 1 ER o DA T bR ) 2

s Ji o L RGES | COME o A CIikfE CO, Ik H,SIk
(mm-a) (C) (MPa) (MPa) (m's™) (mg'L™) (mg'L") (mg'L")
1 2.821 287.9."§ .28 0.0318 5.3 0.650 7562 26.6 156
2 2.672 " 2884 2.06 0.0320 4.1 0.621 8034 23.1 144
3 2.731 © 289.0 2.14 0.0365 3.9 0.559 7266 27.8 153
4 2.982 283.4 2.69 0.0317 6.2 0.614 6479 23.2 146
5 2.698 281.8 1.98 0.0337 43 0.472 4871 19.3 152
6 2.651 287.3 2.53 0.0393 5.6 0.598 5640 28.5 167
7 2.582 285.9 2.46 0.0361 5.1 0.381 8192 29.5 158
8 2.772 282.7 2.21 0.0354 53 0.449 7840 20.3 149
9 2.351 284.9 2.64 0.0372 6.2 0.459 8048 26.9 152
10 2.289 287.5 1.67 0.0390 4.8 0.591 8328 18.9 155
11 2.881 288.1 2.31 0.0382 5.2 0.682 6779 27.5 141
12 2.934 289.3 2.67 0.0328 6.3 0.483 7802 28.2 139
13 2.769 287.2 2.71 0.0319 5.7 0.522 8391 21.9 156
14 2.588 284.5 2.57 0.0338 6.8 0.603 8026 26.4 149
15 2.605 282.8 2.59 0.0364 49 0.517 7293 28.9 159
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3.2 ILWEE

FIT A SLU6 35 7F A FE 3% A Intel Core 19+ 64 GB A7
Al Nvidia RTX3060 (24 GB) &£ F 5. X Python
VB E, TR 2 SR LT Keras HEZR. SEHL 754 MEEA
VERINGRREARLE, T4 100 DMFREALE AMHRPEASE. A
SCIEIE CS BER N 2 AR A ) S B AT AL, WE
CS HIE MR R LN 4, FREERUE N 50, 4R IK
HUH 30, P,=0.5, @0=0.6, s=0.1, 1=1.5. CS 5T
2k GUN16, 18, 12, 5], RIBRZEE N 16, £ERE
M TEAEON 18, 55 1 A LSTM Bt 22 7o NN 8,
% 2 /> LSTM Faje & oo M40k 12.
3.3 1FNIERR

2T 73 BT T A TR B A R L R A 1, B

DL 4 AMEFRR IR B (01 R

PR 4%t R % (mean absolute error, MAFY), i& T
B 5 52 bR S U2 T (22 S p o ot T
MAE W7 D38 5 G0 1R, DR P B 2 5
BRFUR 21 KA, A

1 ¢ .
MAE =~ lyi=$i (15)
i=1

Y77 % 25 (mean square error, MSE) N ) /& Tl
B AN B S AE I 22 FEFE 10— PP B2 . MSE 1% 22 /N R B
TMME 5 B SE | A Ak, vl AR N
I, oo
MSE =~ Z:‘(y 9) (16)

YJHRIRZE (root mean square error, RMSE) ;1375

TR ZE S ARP IR, 2 PINAE 5 30 SEE O 22 (K91 7 AL

WA LA R P IT R, Rom N

N W
,—t,z;z(yi—f?i)2
im1

SER A% H 43 LRk % (mean absolute percentage
error, MAPE) RN AN SR Z /T T H— AR BE,
FE— B AR _EFRAR T 0l mO6S P 25 48 0 1R 22 H §2 )
MAPE i/ NMREAT Y ) FRINRS PR s, THER A 50N

'

)

1m0 ln yi—Ji
MAPE_IOOA)XH; 5 ' (18)
Horb, yi JSEBRE, 9 TIE, n REAREL.
3.4 FHESEMEXMSH
N T B UE A [F) AR AR 2 H00) 4 T8 8 T R s e, AR

R Pearson AH K REGETT FEAFRFHIESH 5 1E
JE b R A O R L, 25 R 2. 3R 2 WIAI, JUFPRHE
S T R A5G R B R BN 2 HLS T
JE. CO, WRIE. R, pHAEH. CUIKRE. A RHE.
RG], G FREAE 2405 8 TR 1A OC RS
AEXT R, YR T 0.5, PRk, ARSCEHCR AR 8 Pk
TEZHUE BB BN, & T8 1R Tl 2 AR 1 2
v,
22 AR S 50 A I A > A%

FHES N ES. He 75
B r o™ 3
RGENY L 052 8
| CO oI 0.61 6
“ pH{H 0.68 4
A 0.57 7
ClikE 0.65 5
CO K 0.75 2
H, S 0.78 1

3.5 LWLERSHILL DR

N T IRAE A SC TV I RO, S BP R I 45
SVR. CNN. LSTM. CNN-LSTM Al CNN-LSTM-
CS iX 6 Fh7 AT SRt b, [ 4y 6 B x5 1
JE5 T2 T 45 i 28, th B 4 o LUB & CS ALK
CNN-LSTM E@ﬁ&@%iﬁﬁi‘ﬁ%%,\ T e BA A

FHAth 5 BTk \ \
5 -
3.0 —
—a— TSI il
29 [ ~+—CNN-LSTM-CS
X CNN-LSTM
% 238%: —LSTM
/ CNN
o= | -=-SVR
'
£ 26 |
g
=25 |
é% 24 |
;@ 2.3
22t
21t
2.0

0 1.0 2.0 3.0 4.0 5.0 6.0 7.0 8.0 9.0 100
FEACH
4 6 P VFR A ik A T 45 S i 2 IR

R 3 NETFRbR I EAMR A, 3R 3 AT, AL
P CNN-LSTM-CS ) MAE. MSE. RMSE UL}
MAPE iX 4 MEHR5r 514 0.196 74, 0.58529. 0.59332
P 0.039 55. XfEL BP #1Z/ %%, SVR. CNN. LSTM.
CNN-LSTM 1) MAE 3 I F&AK 7 0.307 53, 0.281 7.
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0.20864. 0.25298 1 0.11908; MSE [£fX 7 0.116 14,
0.10217. 0.06505. 0.049 18 11 0.019 08; RMSE [#A
T 0.44248. 0.40036. 0.34493. 0.28125 A1 0.06161;
MAPE B&{% T 0.05062. 0.04567. 0.03476. 0.0492
F10.00524. CNN. LSTM. CNN-LSTM Al CNN-
LSTM-CS IX 4 Fft 317 B 5 31 75 v i) Fo00 45 SR AR T
fE G T HLA 2% 21 1) BP #i & W 48 fil SVR Tk 5
CNN-LSTM F1 CNN-LSTM-CS J5 £ Lt, CNN X i
FH B — [ A R 8 DX 0% A 2856 JEG b 2R 3R AT T, 7
LSTM AX ) I Bsf [R5 AIE Xof JHG JGg ok 2 47 T, 3 74 Fof
D7 VE T A A% 22 8 K 5 CNN-LSTM Jr ik b, A& 3¢
FEH ) CNN-LSTM-CS J7iE I H CS A M 2% 2 803k 4T
H 3T, fE & PR ZEFR bR T #8 2 I R I T 14 Be.
3 RETUNR ZE f bR

# CNN-
CNN _ LSTM' CNN-LSTM
) LSTM-CS

fétx  BP SVR

MAE 0.50427 0.47844 0.40538 044972 0.31582 0.19674
MSE 0.70143 0.68746 0.65034 0.63447  0.60437 0.58529
RMSE 1.0358 0.99368 0.93825 0.87457  0.65493 0.59332
MAPE 0.09017 0.08522 0.07431 0.08875  0.04479 0.03955

Bl 58 6 Moy ikmiRZEX L E . B El S AT e
BEWLHE H 6 o7k il R ge, Fo BP #4845
SVR. CNN Fl LSTM J5 % 1) % Tl 48 #75 # 4K, CNN-
LSTM I CNN-LSTM-CS 5% 1R Z/]N, CNN-LSTM-
CS J7 ik Rz 1 /N1 Fopds 5 M7 5.

12 ¢ [IBP

[ISVR
[ICNN
10 } M C_ILSTM
| [ICNN-LSTM
| JCNN-LSTM-CS
08 |
- —
1 06 -
_\]_5
04 |
02 |
0 [T

MAE MSE RMSE MAPE
EzEa)

Bl 5 6 MR EN L E T E
R AN 6 P IEIZAT I [E 6 bL g SR LR 7
ERIZATIN () B T LLE H, AR 3C 757 CNN-LSTM-
CS iz 1TIf (Al b BP #1£:M%4% . SVR. CNN Al LSTM
B 4TI A, {BK T CNN-LSTM J5 . CNN-LSTM-
CS J7i%: BARTEISAT I [A] 1 3 B e Al 280, (H 2
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FEF TG 2 A, SR TR B2 S8 B iR AR, A SCTTiE
FA S A

F 4 ERLSITH X (s)

It [f] BP SVR CNN LSTM CNN-LSTM CNN-LSTM-CS

YIZRET[E] 64.33 76.46 267.42 37291  653.54 572.19
MWREE 0.75 087 136  2.59 5.74 3.68
4 ZEiR

(1) 42 tH —FhE T CNN-LSTM-€S Tl 38 i
TR, SEBL T bR 4 P TS e K 65 e 2
WRET. o .

(2) #1500 1 FEEIR Sk 1 300 ol B, U S 5
EXTA ) CNN-LSTM #2 8! h S50 AT 04k, {Ee A
WEG AN R IR AR IS 00, $ i 1AL A R

(3) CNN-LSTM-CS Ji % tHXF T- CNN-LSTM.
LSTM il CNN &8, & e br 5 A5 1 A i 45 28,
RE A% 3 2 T T ok R R R T ) e R, 9 ol A
TERTIN R Befb R R ER AL T HORSCHE.

AR A L7 V2 B v B TOUI R AR s e 1 = FH
P, AEZITEAAE N ZRIN R ABK A 2. Bk, F—23
W 78 A 2 8 AE PO ASE B o 5] N 0T 40 A0, M
SETILTE $18 i 5 T8 TG ook 6 U A 8 5 T [ T B AR Y 1
PERE.

A
'lf‘ Y

SE 3k
| B, LR, M Ve rh (R AR I 1 T O 0
B % s T DR 25 TR i 5 9, 2023, 44(4): 104-106,
118.
2 BN O E) R AR AN 1 2 4 B I R AT [t
AL 3C]. RJE: KRR TR, 2022,
3 MRS, TR, T8)%. T ASO-BP #1458 X 4% 1) i il <
BT o A TN A Tl 5 AR, 2022, 39(6): 109-116.
4 Li XH, Jia RC, Zhang RR, et al. A KPCA-BRANN based
data-driven approach to model corrosion degradation of
subsea oil pipelines. Reliability Engineering & System
Safety, 2022, 219: 108231.
Seghier MEAB, Keshtegar B, Tee KF, et al. Prediction of
maximum pitting corrosion depth in oil and gas pipelines.
Engineering Failure Analysis, 2020, 112: 104505. [doi: 10.
1016/j.engfailanal.2020.104505]
6 Peng SB, Zhang Z, Liu EB, et al. A new hybrid algorithm

model for prediction of internal corrosion rate of multiphase

W

pipeline. Journal of Natural Gas Science and Engineering,

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.1016/j.engfailanal.2020.104505
https://doi.org/10.1016/j.engfailanal.2020.104505
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2024 4F 5533 % 5

http://www.c-s-a.org.cn

i H AR SN A

10

11

12

13

14

2021, 85: 103716. [doi: 10.1016/j.jngse.2020.103716]
WS, P, SI5REE, %, BT KPCA-CS-SVM (1 fh 45
TE AN R R TN T, A0 T T, 2022, 51(16): 38-43.
JABR, 5 E. 3T GRA-IFA-LSSVM #E Y [ 5, [H SE5 &
TH A S s A 0. B i 5 B, 2022, 43(8): 86-93.

SRk R, 24, JH N, & BT KPCA-ICS-ELM HE R i
AK IR TE R MU ZE TN A3 AT, #2022, 51(16):
54-59, 63.

Tpt B, BYER, %%, CNN A1 Transformer 7E 404 5 &
BRI R R 2R TH R TR S R, 2022, 58(19):

53-63.
Magge A, Tutubalina E, Miftahutdinov Z, er al
DeepADEMiner: A deep learning pharmacovigilance

pipeline for extraction and normalization of adverse drug
event mentions on Twitter. Journal of the American Medical
Informatics Association, 2021, 28(10): 2184-2192. [d01 10.
1093/jamia/ocabl14]

Kumar LA, Renuka DK, Rose SL, et al. Deep learning based
assistive technology on audio visual speech recognition for
hearing y International Journal
Computing in Engineering, 2022, 3: 24-30. [doi: 10.1016/.
ijcce.2022.01.003]

B, B, EOINAS. AL IEFR P A AT ALk
HLRIE, 2023, 50(3): 254-265.

VFEREKR, 2455, XL, @& CNN-BILSTM-Attention (]
B IO R TN LR SERL T, 2023, 32(6): 32-41.
[doi: 10.15888/j.cnki.csa.009137]

impaired. of Cognitive

Zi

15

16

17

19

20

2

—_

22

Karri M, Annavarapu CSR. A real-time embedded system to
detect QRS-complex and arrhythmia classification using
LSTM through hybridized features. Expert Systems with
Applications, 2023, 214: 119221. [doi: 10.1016/j.eswa.2022.

119221]
SRR, JidE, FEE, 55 KHRIHCAZ #h 28 X 2% I ik
L AR HKE E)’%Lﬁﬂﬂﬂﬂ‘]&ﬁﬁ. Frmi e Tk,

2022, 51(4): 1-6.

TR, IR, 5Kk, T LSTM M) 5163 R4t
IRYGF 15505 IR B R T, ¥ /ﬁzjm 2021(4): 61-64.
Wang Q, Ye M, Wei M, et al. Deep convolutional neural
network based closed-loop SOGrestimation for lithium-ion
Energy, 2023, 263:
125718. [doi: 10.1016/j.energy.2022.125718]

RN 26, 23R 0R, R, T 2udk Faster R-CNN 146 i
B 0 2. THEHLRIF, 2021, 41(7): 1939-1946.

HKIE, FHE, TG, 55 B ZRIRIALRE /I EEG AL B
B HEHLRSN L, 2022, 31(8): 369-379. [doi: 10.15888/
j.cnki.csa.008658]

Khadanga RK, Kumar A, Panda S. A modified grey wolf

optimization with cuckoo

¥
batteries in | hierarchieal scenarios.

search algorithm for load
frequency controller design of hybrid power system. Applied
Soft Computing, 2022, 124: 109011. [doi: 10.1016/j.asoc.
2022.109011]

TR ER VR, FE T O A A 5 SR G 1K ZE A R AR A AL T i
MK 2R (15 BRHEAR), 2023, 41(1): 118-123.

\ et IR

System Construction &%t 1 109

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.1016/j.jngse.2020.103716
https://doi.org/10.1093/jamia/ocab114
https://doi.org/10.1093/jamia/ocab114
https://doi.org/10.1016/j.ijcce.2022.01.003
https://doi.org/10.1016/j.ijcce.2022.01.003
https://doi.org/10.15888/j.cnki.csa.009137
https://doi.org/10.1016/j.eswa.2022.119221
https://doi.org/10.1016/j.eswa.2022.119221
https://doi.org/10.1016/j.energy.2022.125718
https://doi.org/10.15888/j.cnki.csa.008658
https://doi.org/10.15888/j.cnki.csa.008658
https://doi.org/10.1016/j.asoc.2022.109011
https://doi.org/10.1016/j.asoc.2022.109011
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

	1 相关原理
	1.1 卷积神经网络
	1.2 长短时记忆网络
	1.3 布谷鸟优化算法

	2 基于CNN-LSTM-CS工业管道腐蚀率预测模型
	2.1 CNN-LSTM网络结构
	2.2 CNN-LSTM-CS模型构建

	3 实验结果与分析
	3.1 实验数据
	3.2 实验设置
	3.3 评价指标
	3.4 特征参数相关性分析
	3.5 实验结果与对比分析

	4 结论
	参考文献

