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Abstract; To solve the key technical problems of the laborious process and difficulty in achieving rapid structural
optimization design using the traditional computational fluid dynamics ( CFD) method to obtain the wind coefficient
of the main beam section of port crane, a rapid prediction model for wind coefficient of crane main beam section
based on convolutional neural network is proposed. The wind coefficient rapid prediction model proposed in this
paper uses the free geometric deformation method to process the basic section shape to obtain the cross-section
pattern set of crane main beam with rich geometric characteristics, CFD method is then used to calculate the wind
coefficient corresponding to the cross-section pattern of each main girder to generate the dataset. On this basis, the
prediction model is trained based on the dataset and its network structure is optimized, and the nonlinear mapping
relationship between the main beam section and the wind coefficient is established. In addition, this paper further
combines the prediction model with the genetic algorithm to establish an optimization design method for main beam
cross-section. Taking the F|, section in the dataset as an example, the accuracy and efficiency of the optimization
method are tested by using the windproof performance as the optimization objective. The test results show that the
wind coefficient rapid prediction model proposed in this paper achieves the average relative error of 1. 87% when
predicting the wind coefficient of each main beam section. The prediction time is in the order of milliseconds,
which is significantly faster compared to the traditional CFD method, showcasing a significant improvement in
efficiency. The optimized F,, section of crane main beam section developed by applying the optimization design

method developed in this paper is reduced by 15.89% compared with the wind coefficient before optimization. This
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significant reduction greatly improves the windproof performance of the main beam section, which proves the

reliability of the optimization method proposed in this paper. It can be used as a new method for the optimization

design and rapid selection of crane main beam section structure.

Keywords: girder section; windproof performance; convolutional neural network; genetic algorithm; optimal

design

EHAUE S —Z Tz 0T 1&g,
HPFRERE— B 32 KT, BRI EREL P
T E RN, R RO KU AL B A e, 1
JAUTRIRR I, PRIt 32 SR 25 48 1 D0 A B %o 2 R AL
[ AV B 5 B AL G SRR ) A
( computational fluid dynamics, CFD) J5 ik 24504k
BT R RBOTR M E R 7E A CFD XK
s Rt vy ELSR A A0 R 52 255 (R R 1) 1 A B XL
A R T

P2 2848 H i R LA R U A ) 2 el |
T BB S 0 HOR fk 2 1) A 3 T e b 2 T 2%
AL T RS 1 REEF R RIE R MU C R, 3
k[ 10 )R A2 9 25 G el 1 PO A 2 | A LA 00 3
TR SBS R, IE X —4EBT NACA63215 HEAT T 10l
I, SCRRE 1T ] R FH A R 8 0 2% 36 5 3 5 i A 41
TS ATEARFNRE ) 5 T T Z 1] A AR L P A
SCHIR[ 12 5 T T B il 22 I 245 A A 1 i T o 26 2R
B, ST TR R ER R SRR . SCER[ 13 [
P2 PR 28 TN 1 AN [+ R A 80T T K R Y 7R AR
1 I GEAERHUL R AT T e, SOk 14 424
TR A B 2 W 2% 1) B 9K sh 3L T ) 40 A
T T7 vk T B0 265 e SR LA R A XU, 3C
FR[ 15 ]38 2o 45 RO 28 X 2% Tl 1 38 R 7 1 o 11 30
WS 5 BRI T B9 ) ) R, STk [ 16 ] F FH #
ZM RIS T TS AL S T ) B I I =
Oy T FBG TR, SCHER[ 17 156 T BP Bl 2N 25 5%
-5 BRI IR A T B3 PN 28 14 DRI T A 22 32 22 1)
W1 RGN

AR RBIFTE AT R0 K 22 0 26 107 21 AR g
FUI N T I 32 B OR R 2 1 SCTE
(I A, 220 2 0 2 i A ARG A 3312 I T S B A LA
P B it SCHk[ 1913 CFD 35 5k f%
SRS T IR L B i P AR B Al i A
TEB, SCER[ 20 PR R Z R T80T TH B /RN
YAl B, THh 2 ) 2% 5 3R S i B 1 p A s
B SCHR[21 38 3 T 2 T 0 ol e AR Ok A 7
HOCLEY) O g EAT 1AL BT, STk [ 22 ] 481
WGBS T UIUC 32 AL 8 vh 38 8 1 43 A Ry
fiE, JEXS S AVGEAT T Ak

L IRBIGEE A R 22 I 255 1 FH TS Bl 4k
R SR A91) T o 2 IO 465 0 s 1 6 6 AL 77 XU e 300

SET AT RIARSERT IR D A SCRIE Fk
HLERAEIFTEXT G RGN 2 M 4 fy il T ik
FOHL TR X R B PO N AR 28 i
s T, ARS8 ksS4 3= R 1 A D
A TS ZR B o S8 0 T AR LA W ) )1
SRAL , Fe 25 BN X T 28 B DR EOR B P, TR
R R TINS5 358 1 Ak 25 Sl S R S A AR i3
T i m] S B EAL 3 SR ) PO A BT

1 AR E WL

LR 2 N 4% (convolutional neural networks,
CNN) S48 FL A8 TR 8 45 R0 O T 5 P 22 I 24 2 24 i T
BABNTT I 5 B Tz B ACES . CNN 52 BT 2 4
I A B 22 TR A B G AR B E i E A
B G0t W 2 HEA T R0l H L8 S A 0 22 ] Y
BRGTRE P B SOt T AL R R R Y XU
FRACTIN [ R ) 58 ok CNIN A 37 DA 32 20 &1 JE
BRIy RECZ B BRSO FR

BHUZJE CNN SR TR0y 24 19 2% 450 2 i
Ry Iy R E WA= PN ESE L g Bupa)
PR AR R AT JRy B A BURR E A 4645 B RH R AR AE
2RSSR 46 BAZ AR B RRAE A AR ] PRt
SR AN R] 4 25 BB R 3 U TRTAR 22 4T 1] 4 J=) v
i, BRI BRUE WA 1 (a) PR, #5 A LR
JEIER L ANEAEPE D X (), D0 A2 AR P
Y (), HERIEA N

Y(j) = ZX(i)*a)ij+bj (1)
A« WBEPURIERT, 0, IR SH b 05 j A
T ORI ) e

ERZ R L) . WALZ /R Dy i i
i /NS BUZ A2 A AR B RS (] A 4547 ik
TR BAT AR 5 AR B0 8 A A8, S
WL EARFIEFR R AN 52, B AL B A
oAl R ST , 75 SR 0 H P i R Rt Ak
PR B A BAA A B R P A X 3 ) e KA
RS AT RAHE R, oA R 1(b) s,

CNN )5 JLZ oy i)z, T A& A=
S0 S PR AT IASORI 4 2 2% 2 B o N AL
JRIT R —HE i )i A2 R AR ARGt 3R
7 A S A FR RO R AR



F12

PR, AF R HAL FE R KU AR R S SR e e - 125 -

(a) MINBB BRI

\

e
14
L

MNAAAAVAVAVANAN

(b) BN BGR AL RAE
1 HRWEMEHERERLTETE

Fig.1 Schematic diagram of convolution and pooling process in
convolutional neural network
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Fig. 6 Numerical simulation settings for sections
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