L40% %2 il
2023 £ 4 A

W %o i

Chinese Journal of Computational Mechanics

Vol. 40, No. 2
April 2023

DOI.: 10. 7511/js1x20210913001

E F PSO-BP =B gJ N i Wiz =
R EREEEE R E

x| #E,

KFm,

RAKA

(VY 22 SR K2 2258, DY 22 710055)

T OEh TR D BN R E AR AR B AR AR SUR B TR F B E L b PSO(Particle Swarm opti-
mization) B 1% # 3 11 1% 4 W 4% BP(back propagation) # 5t K3 &, | b F 8 8k 2% 2 3 w5 4B B 4 i B K
FATF M. DUREAT 35 SR AR AR B 45 D AR A8 R B 9 ME R B A R B O I AR, BN 9 AN R B AR AR R
FIPSO-BPAE B st Ry M EHATRE, R K. PSO-BPHATUZIHRE S EEEENB Z.PSO £
UG BPEANKEE A X EED IR = MR EEE R AR ELH A 39.052 kPa,73. 513 kPa 1
64.207 kPa,sx KM X% 2 251 1.722%6,3.681 %M 3.637%, ABEA T H IR EKRESEZ T,

KBW N EERENERREMEE, RE; I FTHE
NXEHS.1007-4708(2023)02-0249-06

FESHES.0343 XHERIRERL A

1 53 B

T3 AR R Y IE BT A, 2 R B
SRR /IS (0 57 25 PR R Ay 280155 B SR Fige 1
(¥ 5 FE L 4k sl A5 2% R il 5 0L ok R TE ]
I TSI L7/ BRI LI N N U R 3 C BN = R
0 R T 0 A B, SR i A A R A
Wy S It b 3R R A TR A R
URAEAG ARG I P H W7 ) A BE 5 24k S AR A3 5 7 9 R
P T G 0 EF ) W e P B R . X B B
B IX MR Y G I o AT E AR .

P AT et 1 0 BB R R R RN
AR A PR AR TG E AT B E AR AT I . 3
WKL 6 151 A 451 2% 331 5 s M B B, N B AT
TR0 I (E A A A 2% 0 P AR A I
SCERL7 IR A3 50 AL B T s v R SR AR B
EAFAE TC Yk 25 JEAR A5 A4 1) AL, SCHRL8 J#E Sz 1 3
JE UL AR A BT G R TR
(A A 08 AN AT % SRS 1 B9 A8 3 A

BT R B SENR  B X A BE L BE JT 4 At
SRR TR] R, R P o 22 ) 2% T DA 2 ) Hd AR B Y
Bk 7 LA K2 20 52 2% (S 56 R T R R s S
A LI ARG JRE o A B TG40 A 5 SR e ) S

WK B EI.2021-09-13; 18 B R Y B B #3: 2022-01-12.
EETH . HEARBIS (1187228 B H .
TEE B kT (1997, 5 Wi+ 4=

(E-mail :1633649163@qq. com).

TR A SO TR R R A1 PSO(Par-
ticle Swarm optimization) Y 1 22 3 1] 1% 7§ W 2%
(back propagation, BP) A4 i iz 5 M #% & J 78 4
TR 1) R A~ 0 1 X a5 2 30 ) ) 4% 1) S B0 A T -
G s 455 AR D S AL 1 18 B (L, o T8 HG L P A
N7 HLA 1R Tz A R RS B 1 B TR

2 RBEIfEZE

2.1 H#REE
A T 0 A5 KA 2 A ) 7 e R AR S [ B Y
HR P T 7 B R AR ARG R AR . R TR A A e A
CRL T = S L AL TR VA
TF [ S, 2 260 AR ) R AR R TL AR R/ L3
T S A AT 8155 0, R FH ik T 925 SR A TR ) B
IR I 45 2R 0 e i 0 S5 A 2 LA o fer 2 A 4] L B
fL(E,Fypw) =0 @))
Kb p AMAETF, ERBRAHPERE, F Ry
TEBL s w AH B BE iR
J5 A8 (L) 75 B30 B2 A (2O 1 Ry s fifk 2% 1 B
wlyg=w» pwlig= pws (2)
X 00 WIHRE,
HR A 2 (1, 2) B8 57 T 4540 114 1% J32 o 45, 3 i 3R
iR AR P9 L AE IR g A A E
B Il g, 2 LA R /AN i S S g I
AR 30 3 A5 8 32 SRR A Vo 17 3P A o, B
E= f,(F, pw) (3
Kb p AWM FETF, ERBAHPERE, F R4



250 I A - %40%
oL, w B R R B, S AR (2, e m AR B R AR R R R
2.2 PSO‘BP*%EE Z:(Zlazza"'azm) (10)
25 TR 245 2 Xof A ) ol 8 T 8% 1) — T ASE 400 ST S i RO E T LIRS R
M,%ﬁﬁiﬁi%ﬁﬁﬁﬁ‘ﬁﬁﬁﬁﬁﬁmﬁ%Eiﬁfﬁz Zi:(Zileizv“'vziN)T (11D

FELPEDN B ML RGNS, BP 2 45 02 IR L 1l
TR R 2 19— o FLRR RO TARAR 5 IR 1) /2 1 . iR
Rk . RN E TRAZ REEM
B RN Y R AR 1 TR DB R AR A
FH B P JZ BRI 28 01T i AR A% 2 FL A2 Y AR
o FRRR A A 5 S A B — AL RS
Xt H i A 5 B (L 5 S 3 I P eR RO PR
R R — R A A A A £ i
25 AR AR

= b, b,
N ~— A~
—( ) ( }—
-/ o~ N
X W : Y
—( ) : A~
S H >
. —/
. N
—
\ w, w,

1 BP #h& M4 45
Fig.1 Structure of BP neural network model
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Fig. 2 Flow chart of PSO-BP
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Fig. 3 Distribution of observation points
3R 1331 2H B4l A S I 2 i A B A PSO -
BP 4
FIFH random PRALFE AL A R EEA, E, L E,
M E, #75(1365,2730) kPa bl , FF] ] IF M)
R VR R A B YA I SR BB w s wy s wy
Al w, » 19 BIMEAEAS) AR 2,

2 MRAFERHE
Tab.2 Test sample datas

¥ E ks E; w wy wy w

5 /kPa /kPa /kPa /mm  /mm  /mm /mm
1 1508.603 2273.065 1920.308 0.9482 2.9927 0.9360 2.9717
2 2366.804 1997.060 1765.427 0.7932 2.5024 0.7850 2.4882
3 1707.284 2438.930 2210.672 0.8434 2.6684 0.8368 2.6571
4 1861.772 2038.627 1739.248 0.8911 2.8095 0.8798 2.7901
5 2278.898 1998.276 1892.467 0.7889 2.4927 0.7853 2.4865
6 1802.673 1889.862 2327.346 0.8292 2.6334 0.8482 2.6576
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Tab.3 Test sample forecast results

BP PSO-BP

a1 F

Ei/kPa E;/kPa Ej/kPa E;/kPa E;/kPa E;/kPa
1411. 267 2316.445 1842.125 1486.998 2298. 228 1907. 765
2477.283 1864. 558 1658. 990 2405.856 1923.547 1701. 220
1821.305 2317.531 2086.951 1735.842 2381.164 2167.113
1817.952 2098. 663 1689.349 1847.286 2059.357 1718. 667
2219.934 1947.536 1832.224 2253.462 1969.681 1866.551
1897. 435 1814.338 2248.943 1833.714 1859. 658 2303. 446
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Tab.1 Test sample accuracy
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8/%  &kPa  8/%
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204 . 598  23.9

dn S

i

=

¢/kPa 8/ %
78.183 4.
12.543 0.
106. 437

¢/kPa
97.336 6
21.605 1
110.479 4
PSO-BP 39.052 1
BP 144,021 6.679
PSO-BP 28.558 1.673 57.
BP 43.820 2.354 60.

0

2

1

5

1

BP
PSO-BP
BP

071
653
029
637
597
970
869
183
183
369
369
. 027

. 452
. 432
. 668
. 650

PSO-BP 14.488 0.778  20.
BP 58. 964
PSO-BP 25. 436
BP 94,762
PSO-BP 31.041

. 587 50.
L1160 28.
L2587 75,
.722 30.

539 60.

— W | = DN = D
— W= W= N~ a|w o

ST ER 4 AT, BP A AT PSO-BP 58 8 34 AT )
3 2o PO O e 8 B (S i = A s v i, o,
BP #5580 iz K 5% 2243 3~ 144. 021 kPa, 132, 502 kPa Al
123. 721 kPa, i KAHXF 158 22 43 514 6. 679%,6. 635%
F16.029% . HARER 22 (E AH XS AN K, {HAH X 15 25 45
KL ULEH BP SR AT DL — e AR R b 57 B R R P
B (K 2R . PSO-BP AR Hp g 5 2 1) e K5k 25
435K 39,052 kPa,73. 513 kPa il 64. 207 kPa, f%
KAXF R ZE 49 R 1. 722%,3. 681 % Fil 3. 637%,
W] PSO B fig W & L1k BP I &%, F i 42 w5 5
PEASE ST A

HE— 25 B 5 0567 3 R A5 A7 B A PSO B K ik
AR B AL TR B ) 5 ), O DU A 1R 3
AN BCE TN 53R S — 2 LS U A 1~
4) B T CRL A LI A 5~ 8) A = 41 (4 A WL
ST~ 4 B A 9) 3 56 DU 2 CAL 5 O A 1 ~4 Al
S A7) 5 A GRS 1~9), & & 600,
700,800 F1 900 PO~ KB EL .

XPHE A~ 6 1S — RS Al nl Y
L0 557, 50— SO L R [R) A A7 43 A A BE 5 T
AN X EG A = 2H AR DO A AT, ok AR —
AN A5 7 XA BE S e AN 2L X LG AR —
ZH S A RS A RGN RS B B A UL AT B
1) 184 o T £ v

AR 4~ 6 Al 1. PSO-BP #5581 1) K B B
& PSO B3k 2k AR OB BG i $2 =, {50 BE A 3
W 2 0N o PR A 2 R AR R B (R A
ZRE 2 VI ZRFEA T i KIS J5 21 19 2% 2T
Ti1) 28 56 KUK e /N S G TE 1 B2 S 2

¥R /kPa

7(|)() 8(I)0
SRR
4 ECPRIRE S

Fig. 4 Tend of E; mean error

iR /kPa

700 800 500
RRERUEL
E» P 1R 22 3

Tend of E; mean error

600

& 5
Fig. 5

—— ST
—— =
—v— SEIYZH
—— SR

iRk /kPa

800 900

7(I)O

B RIEARIREL
BE 6 Es iR 2k
Fig. 6

Tend of E; mean error
AN
5 #Hie

(1) 15 22 30 1] £ 1 ) 265 51 A REJE 9 A 33 1k
Pt S U AT AT AY AT LU RO i S B
Atk 1] A I 2R 2 T 0 e g J3E B JHE P A

(2) RLFFE 5505 AT LUAT 280 00 1 i 22 30 1) 1
5 00 265 1) 2 K0, DE T 0355 1 4R oo R RS

(3) WL A5 KR — 72 W, AN 8] B 0L 5 o3 A
XERT L B 52 W AN 3 o R JRE I UL 0 R )
P . K BE BE PSO Y die A 2% AR W B R
P v EURS B Y 14 R B PSO B e R 32 AR Bl R



%28 bl

#,% . T PSO-BP# & iy fm #f WA & 4 R AR E R E 253

M A

2 % Lk (References) :

(1]

(2]

(3]

(4]

(5]

(6]

7]

IAL FEL —AHTEATEXFRELFRT
WA T RN E R L REGER[]] R A A
%4 3k, 2010, 27 (3):616-621, 653. (WANG Chun-
ling, JI Ze-hua. A double fourier series solution for
the bending, stability and vibration of orthotropic rec-
tangular thin plate[ J]. Chinese Journal of Applied
Mechanics,2010,27(3):616-621,653. (in Chinese))
EHH L RAA. 5B EZ AR T kA
AT RT3 5 F 5 AR 2021.38(5): 595-603.
(CAOQ Cai-qin, SONG Yong-chao. Analytical solutions
for bending, vibration and stability of multilayer or-
thotropic rectangular thin plates[J]. Chinese J ournal
of Computational Mechanics,2021,38(5):595-603.
(in Chinese))

o AT EAAEF 0GB RERA FARA
% [D]. & & X % ,2018. (LI Peng. Study on Mechani-
cal Properties of Foam Aluminum Sandwich Plate
Based on Equivalent Double Modulus[ D]. Qingdao
University,2018. (in Chinese))

Jiang . X,Xiao S, Yang B, et al. Bimodulus constitu-
tive relation and mesoscopic model of braided com-
posites[ J]. Composite Structures,2021,270:114115.
#HIAME, A Chebyshev & B R WAL F % ) o) i
ATAELT). i R F A RAFF RO . 2021.43(1)
49-57. (HAN Zhao-hui. Research on the analytic so-
lution of double modulus beam deformation based on
Chebyshev function[J]. Jowrnal of Xiangtan Uni-
versity (Natural Science Edition), 2021, 43 (1) 49-
57. (in Chinese))

hEE IR AN R E S RIREE Y
AR [T, AU T A2 M A, 2015, 39 (10) 1 74-78.
(XU Shan-hua. REN Song-bo. The calculation model
of elastic modulus and yield strength for corroded
steel [J]. Materials for Mechanical Engineering,
2015,39(10) :74-78. (in Chinese))

A E AL R LA THARERGRE
Fopmm LA AR THIEL]] Ar L TR,
2019.47(2) :161-170. (DENG Fang-qian, XU Li-hua.
CHI Yin,et al. Calculation of effective elastic modulus
for hybrid fiber reinforced concrete based on homoge-

nization theory [J1. Journal of the Chinese Ceramic

[8

[9

]

]

[10]

[11]

[12]

[13]

[14]

[1

o

i

Society,2019,47(2) :161-170. (in Chinese))

N ELELHERRR.F ETHRRLBERES
AR 5 4[] 2 ek R38R, 2017,36 (7): 2192-
2196,2202. (LIU Xi, SHI Shang-mian, ZHAQO Tian-
jun, et al. Calculation model for elastic modulus of
lightweight aggregate concrete [J]. Bulletin of the
Chinese Ceramic Society, 2017,36 (7). 2192-2196,
2202. (in Chinese))

Violet R C. Mathematical models for neural networks
[J]. Regents of the University of California,1967.
Ak, ehkm,E FEARMZREHR R[]
AL 4R, 2017, 40 (6) : 1229-1251. (ZHOU Fei-
yan, JIN Lin-peng. DONG Jun. Review of convolu-
tional neural network [J]. Chinese Journal of Com-
puters.2017,40(6) :1229-1251. (in Chinese))
Rumelhart D E , Hinton G E , Williams R J. Learning
representations by back-propagating errors[J]. Na-
ture,1986,323(6088) :533-536.

ORLEEAE, T, F AT &3 sigmoid M E
A0 R AT 22 P s SR ST R AT LT S Aual &
5 454),2017,25(2):126-129. (HUANG Yi, DUAN
Xiu-sheng, SUN Shi-yus et al. A study of training al-
gorithm in deep neural networks based on sigmoid ac-
tivation function [J]. Computer Measurement & Con-
trol ,2017,25(2) :126-129. (in Chinese))

XL LI RIE . B AR ERA T EE S
— AP [J]. MR E K F R, 2019,33(2):121-125.
(LIU Xiao-wen, GUO Da-bo., LI Cong. An improve-
ment of the activation function in convolutional neural
betworks [J]. Journal of Test and Measurement
Technology,2019,33(2) :121-125. (in Chinese))

Bl W R R RS T P AR R BUE B e
e At A 5 (] db & F AR B F I AR, 2017, 25
(4):27-32. (ZHOU Chang, MI Hong-juan. Compara-
tive study on the performance of three commonly
used activation functions in deep learning [ J]. Jour-
nal of Beijing Electronic Science and Technology
Institute,2017,25(4) :27-32. (in Chinese))
¥Rk, 7 R, 5 &R AT B PSO ik é Otsu
ik 5 AABE G FL]] AR EF AR, 2011, 34
(6):10-14. (PENG Zheng-tao, FANG Kang-ling, SU
Zhi-qi. Fast multilevel threshold method for image
segmentation based on improved particle swarm opti-
mization and maximal variance [ ]J]. Modern Electro-

nics Technique,2011,34(6) :10-14. (in Chinese))



254 it &5 4 % % # #40%

Inversion of elastic modulus of stiffened double modulus
rectangular thin plates based on PSO-BP model

LIU Wei, ZHANG Yu-peng”, SONG Yong-chao
(School of Science, Xi’an University of Architecture & Technology.Xi’an 710055, China)

Abstract:In order to retrieve the Young’s moduli of materials efficiently by using a small number of
observation points, the inversion model of error Back Propagation Network (BP) based on Particle
Swarm Optimization (PSO) is established in this paper,and the parameters of error back propagation
network are optimized by particle swarm optimization. The deflection of double modulus rectangular thin
plate with different elastic moduli is solved by an analytical method as the training sample. The deflection
values of four observation points are taken as the input, and the Young’s moduli of the plate are
determined through inverse analysis from the PSO-BP model. The results show that the PSO-BP model
can establish the relationship between deflection and elastic modulus,and PSO algorithm can improve the
accuracy of the BP model. The maximum residuals of three values of the Young’s moduli of a reinforced
double modulus rectangular thin plate are 39. 052 kPa,73. 513 kPa and 64. 207 kPa respectively,and the
maximum relative errors are 1.722%, 3.681% and 3.637% respectively. The model can provide

reference and guidance for engineering practice.

Key words: dual-modulus plate; rectangular thin plate; bending; arbitrary boundary conditions; PSO
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