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5] 8, B8 % X T L v 19 OC 58 2 B0k A7 PR F
Wei il Davison® #2 Hi 3 F % F 22 5 4% ( Convolution-
al Neural Network, CCN ) A5 U $3i 30 37 j52 X 14 8% VR 1 7K
B 1, 45 R AR B A9 CNIN B AR T 00 60 45 25 5 0
TEN BT RS R AE S T H . 28 b Ard, CNN 78 il
WK 5 Jy 27 a8 R R AF . (HJ27E Bk CNN &Y
L, BRENGERZ KN, 2 REBSHH RS
A PR UEL B X e SC G e N Tk By, A s pufE .
15 325 5F Z BP0 AF 55 J7 T, Formentin 55 1 & T
EurOtop Z(#li 4, TF & 1T i 51 R EC UM B R, A7 (1 3
Ti MRARZEAE 0.03~0.05 Z [] 5 X {ifi {3l %1 5 T 216 41
PR 5 LA Py R0 25 2R, Jd 2ok 25 4y AL SR
A B S R 1) e HLAS R S BT X I AL AR By I B S
FECTI, 25 5 R W OUAL J5 A4 SCHE 1) it LA 7R 8 4 H
RS B Z [ IR LMk 56 R 5 Zanuttigh 5509 5L T 5
JE N T2 g AR, Fo 1 i X B i B Y B R
B BTl 25 ) 45 A AR U0 875 5 B X D VR A S A L i
SRR, I 2 3 i T A OGS, H G, oK
577 5% B T TR ) R () A 5 32 2 DB — 19 4% 0 i 25 I 4%
N ABAFAE N SR A &y« SR kG BE IS5 Jm PR . B
BRI R, Bk 2 0y 22 B IR A 3k
AR 4R A5 U T 4% 2 500 1 A 30 A 9 O 246 SR e A
AP, Hoop, Li %09, Chen 5509 38 i bR 48 8 R B 16
(Sparrow Search Algorithm, SSA)"" XF LSTM A4 i 2 %
AT T FE, BSL T SSA-LSTM =AY, fif vk T I £k 1k
DA 0 i) AL, 00 g R S Y A R P TR R, SR
TR GEUR R B 0, 25 BB 2 A AR AT i
LSTM 155 2 = 5y 6 5 2 B0 ML, AN AN K s 4 Jt 452 80
Y LB [a], i B8R 21 i L W 45 8 S50, DT &k #5575

Mt RE . B AT WL, SSA X% 4t I 25 455 R 1) A £k
HA YRR

I AFE e, SSA-CNN #8578 [R5 #— (14 4% 5 4 22 )
25 A0 L, TIUIDRG B B 00, 2 ) Rz Ak R ) B0, AR
S H g B A RO ROl R B 12 W R R A I
UL TR 2 A5 5 AR 2w N . BRI, AR SR SR
5T SSA b CNN W25 8784, LUK 3 ) 22 Rk 2 4%
Y I S R O BO H AR, E A SEEE SSA X CNN A5

RURGHE KN | 2220 56 )26 BUZ 36 B K/ NEL
L REIEZ AT ECE FUE N L R AL 8 S
B Ak, I #5 d BUHE T L B £ Bl O SR O O AR A
SSA-CNN P AR A, H s ZROF BCHE TF L 15 £ By g S
HhHE [ B A1 T FL R A5 45 0 S 80033 5 R B 52 .

2 B A5 i

2.1 WEEIE

ARSI R FH A U 2 B8040 A 2 A DR 2 i 0 Y
PR E R, BUE AL Tl an e 1 iR, 3 176 44 T3
FHF SSA-CNN #5278 X XUHE T L 152 57 B 12 32 T YR 4 1tk
BT FT, AR5 S EO B AT - BUE KA K 30 m,
F& 0.9 m, (=5 0.7 m, A SRR RN, 35 w5 A8 A IXC ]
4 [0.06, 0.117, P A AL IX (0] 4 [1.4, 1.8], /KPR 0.5 m,
55 —HE5 55— HE B 5 1) 9 15 25 AR £k X TE] A (1.0, 1.8],
FFFLRAAL X 6] Ky [0.231 1, 0.462 2], [BIf# B 424 0.2 m,
ZIEFNR AR E R EE P LA EEEZ N, B E
FEF KT LA T 0.3 m 2[5 2 T30 = 8] JF 5L, FFFL B4R
4 0.04 m, (AR TAG B K A E 1 PR .

B R BC(K) MR AR

H,

K=—,
H

b, H O A SR HORads S e
22 WMRAE
221 HAFBEFHEERE
i FHBL AR 2% ) R AT 37 59 ZR B B, SRR 24 ]
Fz1 HEZEMUIR

Table 1 Numerical simulation working condition

(1)

T
Vi, Him 0.06 0.07 0.09 0.11
A, /s 1.4 1.5 1.6 1.8
IKIR, d/m 0.5
HEM#E, B/m 1.0 12 1.4 1.8
FFLE, e 23.11% 34.67% 46.22%
[R5 B4, D/m 0.2
FLEAE, Dy/m 0.04

1 Gl G2 G3 G4 |ooo
000
000
——————————————— 000 —000
£ A\/ 333!| (238
S |d=05m 505l [889
000 00O
000 00O

12m 6m | 12m

1 BRI B A
Fig. 1 Layout of the model
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TR IR BRI, B A B 5 05 5 AR B AR
KA o ARSCHEFE EAR BE AT AR IE S80S B
F B 8] R DG, A RRE 2 8000 0 2 s (HD .
JASACT) P (L) e i (), 26— HE IR 87 5 55 — 4
5 47 1] B9 B 85 (B) . TF ALK (o). KT (), TFHL 2
(D). I8 & B4 (D), % A ZSH o FiE G 28 K 1)
AR BB A (2) 5
MIGFX),K)= > Y p(f(0,klog,

Sf(EF(X) keeKy

p(f(x), k) , (2)
p(f () p(k)

2, MIGFX),K) R BAF B p(f(x), k) IR A W3R 53 A
PR p(F O A plk) o 32 PR BE 38 70 A1 R KL, XKLL 2 0
NS, HAR B AR bCLUARR ). ASHIF 538 o 11 4 3 A0
3R, FEBEI 9 AN A RHIE S5 i3 5 R BT A G
PESIHT, BAG B BROK, R FHIEXS B A5 72 1 19 5Tk
R B, B g ) T BE T

222 FREMRFE

JBR 46 18 R 7% (SSA) o ML 48 R 42 T8 72 JF ik st 47l
8 BOAT T B 0 e AL AR SRIE T iR RE R
JHJRR 8 b SO0 JBR 2 B v A A ) et 0 0 A1 15 0
ARG I8 22 23 [R] A 4R F BE 7, 4 e B0 W Sk 4
RAOR ., ML, RS 5/ RN NMEBZ,
2R 2 (8] Y 78 = Y PR A 3B, DA 15 m B8 4 Jmy e
i AT Bk o RS AR E 2l R . i AE AN
TEHCE R, H ) b b R R TR 2k A S R L
Byt R R, R IE SIMAE By H 4, H
WA B R LU B G 2 R AN AR R0 JRR 4 o7 T
B R AR AR WA 2 iR o
223 HRPZMZ%

CNN [ 2% 25 44 = % th 4 #UZ (Convolutional Layer,
conv_x). # 1k 2 (Pooling Layer). Ffi #IL W F /Z ( Drop-
out Layer) il 4 i% 4% )2 ( Fully-connected Layer, fc_x) £
B, Horh 5 R AL 2R RO AN RSy .
R 30 o0 4 B 52 I A\ 5 ) R A 4 B, it Ak )2 38
WEBTRZIG, WX & U2 2 O R ik 4T
TR, BIREAE R Ay R AR AR SRR (R
ST AR R B R G 0T R Dy Al T 20, it
FRUZ Xty AR B A BRS  ol f sk 4006, 3 B AL DB
FEIZ, JFH Bl AL T )2 0 B A7 #2800 372 12 31 4 i 42
JZ, B 2k IR TR 37 S AR RO T 45 R
2.2.4 SSA-CNN # 7l

7E CNN A5 50 Hi AR 3 45 AR /N S 56 M CNN
o5 248 Fo SL 0 o T B UL Ak CNN R 26 B 7R 11 8 S HE &
B, A 2 BT, 3l 2 A R 28 I £ A5 AU A AL DR/

iR

PIARALRI SR

y

A2 R B ARG 5 e b ] e B

.

SERRIE AL E

'

L P R DA

y

.

BRI A L

K2 e REEIT R

Fig.2 SSA calculation process
(Batch Size). “¥ ) % (Learning Rate) . W >4 1 )2 Y
5 AU IO/ INVRIECRE | 42 1 45 J2 A0 P 28 ST HORT IE )
1k 7 %4 (Regularization), 5 28 X 245 (4L /N5 4
P HUBEAR G, B T A5 1 B BEASE, 1505 4t R /N
27PN . S5 5K A MBI Y B AR KT BB,
57 2] AR IE WA ZR K B 2y 9] B E A 0.001~0.01
H1°0.000 1~0.1, & BU K /N BEE O 3 505, I AE L
BERl 135 M RS EGE I, LA RS p 7z A

#2 SSA-CNNEHEHFMBSH
Table 2 Hyperparameters in the SSA-CNN algorithm

e S WAL
X RN 1~130
X3 ) HR 0.001~0.01
X3 conv_1 K/ 1~5
X conv_1 BHs 1~40
X5 conv_24% K/ 1~5
Xe conv 2K KR 1~40
X7 R TR R 1~10
Xg EML R 0.000 1~0.1

SSA-CNN #EHIIN & 3 Fi7x . ¥ SSA ¥ iR b S %L
By A B SSA B YEAT AR IR AL , SR 5 R U 45
WP ZE CNN W25 250, 15 2] SSA-CNN A=A
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Bl 3 SSA-CNN ##l
Fig.3 SSA-CNN model

3 USSR P

30 ESRFTNEREBSHBE

T ST A G A B 25 T 2 AR, ) £ 2
F 4 iR, ZECh 9 2 MAR . 2 A Ak 5 80
B RUZ . BEPLITTTZ . iE 822 . B0 pR A £
B ReLU pREL, M5 it A S 8CE A ST, FI T 4
FR 45 1 B4 B A ERAE 500 3%, XA 20 G000 3 m A
— R EFEON, B BEYLETTT H B 20%, BIRELE
5 20% % 25 RO E R 0.

WIRSH | | |

I ERE | WERE YMBE I‘ﬁm&ﬁ?E EERE

HHSH

600 Odd
000 o000

l4 CNN % 45H
Fig. 4 Structure of the convolutional neural network

LY i JRR 2 4 R VA X CNN B RL Y i 2 8
IR AT L, W0 IA TR R 72 18 3R B0k 1 AR RO 10,
Horp R B 5 30%, R4 70% F A, R4 2
11 A sk AR, H it ONN B SBUN FR 4 A bR
N 120, 22 O 0.003 5, BB K/NE R 3, B
B o5 0 16, 32, @R )Z M & oc e N 1, iEN
T Z%Ch 0.002 6.

T Je A5 SSA it 45 2Rt CNN A B BE AT 1 2,

Forh AR o5 20%, YIZRE b7 80%, i 445 B 41 X i

S5 2 BCHIN ) SSA-CNN A
32 EEBEHEEE

FE T SCHR [32] 02 I 45 I R A — o R L
i A S B BARFRES B AR S E, R, A
V5 TELAE Ak 3 B G HSCHRE R S AT HE L B R G
PER AL A VE AL A S5 R T HAR R
PAHE B ARRIE H. T, L. u. B, e. d. D,, D Xf#¥
TR 75 5 R B AR AT HE Y . 450 (2) 15,
i AFRIES B K0 AR BAE 3 50 3% 3 FR, 4L
I AR O A v B R AR R IE S BRI M HL T, L. u.
B.e.d. D, D, v D, D55 FFZ B AH KA
N, BRI, K IRAE R 5 0 335 5 R — B SR
TR &5 o 0, R 7E B a4 v, K R IR 26
PRFEAAR, ARIE X () TP AR 0. 25 LTk, k4
H.T.L.u, B, e dfENEASEANE.

#*3 EHEERE
Table 3 Mutual information value
s ZH M
1 H 1.194
2 T 0.592
3 L 0.592
4 u 0.592
5 d 0
6 B 0.586
7 e 0.473
8 D, 0
9 D 0

3.3 AEEBFNE ST RET L 4R

TR B P Ak IS AR TR ) TN 8 7, K CNIN AR 7
55 SSA-CNN A 2 151 I 235 5 7] 375 55 3 B0 L 43 #r, 45
R s, R B CNN BRI S SSA-CNN £ B 1 fig
2 2] B A FRIE 533 5 R B M B B G R g
i % AN ] 000 T B 3 S R BCHEA T T, 4R 2 SSA-
CNN 5 2 7E [T A 11 iy A B8 B R 8 CR R 5 1Y

W AE . 1EE H=0.06 m, 0.07 m, 0.09 m, 0.11 m,
!%E4ID=0.2 m, T=1.6sM&MET, K6 K740
W T e=46.22% F H/D =9 i T T, SUHETF FL
(5] e 977 1 B2 1 325 S5 2% 00 %) T 00 1 R L S A ol A % HE
[E] BRI FLAR A ARG DL . AR BE 5 T, B4 &
BB PR 1 S 3G R A R A (H RN K, i O R B TE
0.56 LN . & 6 vl A1, 24 B/D = 6 Wi 5 2 B K,
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7 14 21 28 35

MR
& 5 SSA-CNN Fl CNN A5 # fy 3530 i F1
ELIESE RN

Fig. 5 Comparison of predicted values and real values of
SSA-CNN and CNN models

I B AR R T B K% S R BT /N2 11.54%. R T
Al e =23.11% M4 T e =46.22% T F i 5 2 50AT
%A 25.15%. & 6, [ 7 7] 1, SSA-CNN T il 1y
gt W 5 3-8 3 4K 7 2% ( Computational Fluid Dynamics,
CFD) (B A 01 25 T A — B, el o L e 1 385 0 &
B0 I AF X (B BE L T FL 23R 114 398 K T 14 K ) A8 fb R,
H A B i i B, 1 6 AR 7 v 45 T80 Y T
{H RN LS A 141 AR X R 22 43 51 02 0.93% Fl 1.54%,
MU BE H/L =0.019 5 BF =28 T8 B YR, HAP

0.66

a —
L SSA.CNN HIL=0.0195
0.60 CNN
: - HYMA
N 0.54
. !------__-/
0.48 |
0.42 .
4 5 6 7 8 9 10
B/D
0.66
C =
L SSALCNN H/L=0.029 3
0.60 CNN
: = HIUH
N 0.54
_/.:’d
,./'/
0.48 - i T
B
0.42 '
4 5 6 7 8 9 10
B/D

PIRIXTR 2243 508 2.10% 1 1.80%, L [F]l— T A [F]
W BE R (S B R i 22 4300l R 0.84% AT 1.16%, ILiR
277 A 1Y T R S s SSA-CNIN A5 7 D 466 %) 15 24 1
N Zide br, DA A S R B s, /N U R A S
AR TR AR 15 25 5 INAE I R KW 0L T, SSA-CNN
JUT T F) 35 S 2R RS LSRR T N

T PEAL SSA L USSR, SR FHE N BE A TR
DA RCPE R UE o 35 R (R AR TR TR A i e ) A
B LA BRI A S E R SRR . SR T
B A5 b A A5 B IR 2 s AE R TR b o B 4R B i
R A 8 0 S0 e A B T, 355 1 (A AR R A R e
PP R R SRR B A AU S . SSA-CNN 45 7Y
() 38 o7 B il £ UL 1] 8, pi [ 8 I, ) AR A R R A
0.027 2, A ZEEATT 46, 38 W BE R T 46 T [, BlE
BB N, 755 = A AE N B # kT 0, I
T 0.025 MR FEAAE, R W] SSA FoB] 1 i Fh i &L
TR B, T LA Y SSA 41 A = vk AR a8 i ik
P, VLW SSA B 1L 7E 45 8 FhE IR T g % D i
S, TR B, 5T U] T SSA Bk B A S PE Rl
P

Shy R AR (IR VR O S R A R 2%,
K JH 4 %F 1% 2% ( Absolute Error, AE) 1 i% 2% 43 4ii 14,
CNN 8 | SSA-CNN 5 i3 2= 43 A7 K] 43 5 4n 151 9.,
10 i, AE HFE LR (3),

0.66

L SSALCNN HIL=0.022 8
0.60 CNN
: - HIYE
N 0.54 A
"/"
- A
0.48 ==
0.42 o
4 5 6 7 8 9 10
B/D
0.66
B SSA-CNN H/L=0.0358
0.60 CNN
: . HIYE
X 0.54
7
=
0.48 P
T
—~——
0.42 ! !
5 6 7 8 9 10
B/D

Pl 6 7 ST 22 BOBEAH X HE H] BE A9 28 AL 15 UL (e = 46.22%)
Fig. 6 The change of K, with B/D (e = 46.22%)
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Fig. 7 The change of K, with e (H/D =9)

0.028
0.027 -
-
_]z
517
0.026 |-
0.025
0 2 4 6 8 10
EARREL

K18 SSA-CNN i& i i il £&
Fig. 8 Fitness curve of SSA-CNN

AE =y, -3, (3)
Ao, v ok CFD I SAE ; 3k A8 0 4
A& 9. & 10 A1, SSA-CNN 5 80 F5i i 1 5 . 52
H 3R 25 5/, B AE < (0.02|], B X 375 5 R %0
4 T ] S, AR P 9 B 35 £ AR B, SSA-
CNN H B fity m] 52 M 853K 97.14%, (A 1 2808 i 44
X iR 25 7E 0.02~0.03 Z [0] . i #F CNN B rf |y
15 2% B0 4 0 158 22 1 e B EE SR, 7F CNN AR | %
7 5 2 B0 T AY AT 42.86% AT FEVE . A AT,
SSA-CNN #5271 (1% 0 AT 58 1 22 i T CNN B AY
ST M R P AR R A P BE, R LA 44
Gi 1t 24 38 bR VR R BB G TE A 6 B 2 O 2 48 X iR 22
(Mean Absolute Error, MAE). #4771% 2 (Mean Squared

0.06

Y5 iR
g

~0.03 |

~0.06 |

7 14 I 21 H‘ 28 35
AL
Bl 9 SSA-CNN LRI 15 22 43 Aii
Fig. 9 Prediction error distribution of SSA-CNN model

Error, MSE) . ¥ 75 /R i% 22 ( Root Mean Squared Error,
RMSE) Fil4t 22 % %% ( Coefficient of Determination, R2) X}
BRI AT PEAN, PR FE AR T B A T

Lo
MAE=7§ —3, 4
pa ly: =3l (4)

_1 n oo
MSE—HZ(YI' )7 (5>
i=1

o .
RMSE:\/E, (6)
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Fig. 10 Prediction error distribution of CNN

> -

ool (7)

> -’

A, IR S8 v CFD T3 Do A 7Y
FHME ; 74 CFD 4414 19 #4918 .

A (4) 2:(7) FH T IFAh SSA-CNN FHSFI CNN
TR ) F0 P i, 2 (4) 2R (6) A T3 45 SR A /N,
H(7) M5 25 A Bz 30T 1, DDA 78 g 5 3000 A
o CNN 5 SSA-CNN #EH fl PEAf 48 br 1153 4%
BN 4 s . B3 4 A1, SSA-CNN 4 (1) R* {H
4 0.990 9, MAE, MSE, RMSE & 43 %] % 0.007 1, 0.,
0.009 2, A X} CNN#L A, R* {H 2 & T 13.58%, MAE,
MSE. RMSE {# 43 5l it 0.020 5, 0.0012, 0.0253, £
iR, SSA-CNN AU 7E 357 R 37 I R E i | L%
4t CNN R AR T4, R Mo

F4 EETUBRTEE

Table 4 Comparison of model prediction effect

e R MAE MSE RMSE MRE
CNN 08724 00276  0.0012  0.0345 0.0687
SSA-CNN 09909  0.007 1 0 0.0092  0.0180

ST i R P AR A M BE, RFHLAR 5 A
G5 1t 22 15 bR VR S B R () DF O 48 A O 38 48 X 1R 22
(Mean Absolute Error, MAE). #77 1% 2% (Mean Squared
Error, MSE) . # 77 #2 1% 2% ( Root Mean Squared Error,
RMSE)., ¥t % & %I ( Coefficient of Determination, R?) I
S AN TR 74 (Mean Relative Error, MRE ) X 45 8 g 17
VAR, FEM R A KT

L yi-9 0
MRE:anl’yi x 100% (8)
34 A[EFHEFEEXTIE S RN A

HRAE SCHR [16] 4 7T RR 26 48 R 53 O Ak 6 FUph &
Do £ RS TRU B, 75 25 TR i A R A R R IR 1 L A
Xof U TR S R BN A R, MR AR R N 2, &
BN 2 B R R AR, TR L G 3 A R R
T 25 5 5 W S . AR R A R B
X AR Y0 R T 1 5 0, AR SCIRE T ) IR AR AR R
I35k 5. 10, 15, 20, 25, 30, BF9E T AR RS T
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Prediction of transmission coefficient of double-row perforated cylinder
breakwater based on SSA-CNN model

Deng Bin"**, Wang Ling', He Jun’, Yin Longbin', Jiang Changbo"?, Chen Jie"?, Wu Zhiyuan'>

(1. School of Hydraulic and Environmental Engineering, Changsha University of Science & Technology, Changsha 410114, China; 2. Key
Laboratory of Water-Sediment Sciences and Water Disaster Prevention of Hunan Province, Changsha 410114, China; 3. CCCC Water
Transportation Consultants Co., Ltd., Beijing 100007, China; 4. State Key Laboratory of Hydraulic Engineering Intelligent Construction
and Operation, Tianjin 300072, China)

Abstract: The double-row perforated cylinder breakwater is a new type of environment-friendly breakwater, and
the research on its wave absorbing characteristics is of great engineering significance. With the development of arti-
ficial intelligence, solving the water dynamics problem of breakwater based on machine learning technology has be-
come a new research paradigm. This paper proposes a Convolutional Neural Network (CNN) model based on Spar-
row Search Algorithm (SSA) to achieve intelligent optimization prediction of transmission coefficient of double-
row perforated cylindrical breakwater. The results show that: (1) wave height, wave period, wavelength, wave velo-
city, row spacing, hole rate and water depth are identified as the key factors affecting the transmission coefficient.
(2) When the population size of the SSA-CNN model is 10, the R* value of the wave transmission coefficient predic-
tion reaches 0.990 9, and the average relative error is reduced by 22.24% compared with the single CNN model. The
research results provide a new optimal prediction model for the study of wave transmission by using neural net-

works.

Key words: double-row perforated cylinder breakwater; wave absorbing characteristic; sparrow search algorithm; convolu-

tional neural network; transmission coefficient
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