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Robust design of cantilever beams under random

load amplitude
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Tab.3 Mean and standard deviation of structural
compliance with different correlation coefficients
P SEY e i g ¥ (6 2 Gt o 1 2

—1 18.84 1.10
—0.5 18.09 3.57

0 17.27 3.16
0.5 16. 39 3.02
0.95 15.42 3.00
1 14. 54 2.89




%24 B E & BT Fourierr- TOuNN Hy & 4% M % M 44 0 3% 3 245

4.2 WHEABAHEH

SR 1A o Faf 2 A T 0 il 1) A2 R B 5 i 2
T3 1) AS B 8 PEXT AR 45 R 52 . Wl 6 (a) B
N BE TSRS B 5, Ao 2 AE 25 44 TR vy,
MR F=1., 2K 40X 60 478 VU Y &5 800 B Bk
T, B RHMA RO 30%,

B W E T RE AR E 2 0y = /12 FIALE
A+ =1, 4%k H Fourier-TOuNN J5 i 5
RTO-OCTHy & #1744k, Hope 1k 45 5 53 5 an & 6
(byo) i~ . ATLAE M B i Fh g A A AL (H R 2
H br eR A AR O J5 B FEAR T 23, 11%,3E5E T Fou-
rier-TOuNN ] DL 3 5 i 2 19 e fk i 11

(c) RTO-OCZ;HE:
(0bj=18.39)

(a) BEHBEAIN RS (b) Fourier-TOUNNZ; A
(obj=14.14)

6 kT Z— R

Fig. 6 Column subjected to one concentrated load

HW PRI UERE o, AL K1 B XA S
fsgm ., &7 4T 12 B AN 4R b4
R BEH o, o BHE K LAY v E] SR A RS 2 AR
R DABRE O ) I BE . 3% 4 45 T A O 1 235 4 22 DIt

=0 p=1 =2 =3
(a) 0,=m/12 (b) 0,=m/12 (¢) 0,=m/12 (d) o,=m/12
(e) 6,=m/9 (f) 0,=m/9 () o,=1/9 (h) 6,=7/9
(i) 0,=7/6 (j) o,=m/6 (k) o,=7/6 (1) ,=7/6

P 7 TR 5 7 BEALIE T A & H kit

Fig. 7 Robust designs of the column under random load direction

x4 7w B T R E A AR v £
Tab.4 Mean and standard deviation of compliance

under random load direction

AT 22 ERET RNGESIME SR A o 22
g=0 10. 09 4.03
0= /12 =1 10. 11 4,03
g=2 10. 65 3.74
g=3 11. 26 3.53
B=0 12. 09 6.43
0= /9 g=1 12. 54 5.92
g=2 13. 56 5.52
g=3 14.21 5.21
B=0 16. 95 11. 01
0y /6 g=1 17.75 9.24
g=2 19. 52 8.47
g=13 21.75 7.86

JEBEMARHERZE . Y o, NASHT BES BRI, 4544
2T FE 1) A o 22 /0 S T A (B . Y BN AR
BF, B AE o, B RIIMNE TR . FEE o, H5 0,
G5 K 22 WG 2 35 0 R0 b o 22 B 4G K. X BT T
Xof B e R ) T R AN G M L S5 A W R RE A2 B T
HI 55
4.3 THHFEBEMABDAHEE

SR AN 8 Ca) JIT 7~ 114 Al K A R F 52 Wi A )y
M EPER S, 783 XA AR A
39 0 PR A i R RN 5 1) A (] B A e A d . R
30X 120 4HJE U5 i on B ai i, wE B
MBI K T B =3, IR R 30%

B, XF F Fourier-TOuNN Hl RTO-OC#5 |
AIEALSE e, Y 6, =0.3,0,=0 B, BIRh I BB 4k
gERANE 8(b,o) iR, AT LLE L A # K 2 4
ETE S 0 0 1 L E AR RS LS B98N T 1,69 %0 .

F])éFl/'lé:I

120

B
30

(a) WIHEAA RS (b) Fourier-TOuNNZE

(obj=186.64)
B8 HFZWA4E P

Fig. 8 A column subjected to two concentrated loads

(¢c) RTO-OCZ55
(obj=189.85)

R e A 5%y 1) A E PR S R E
6,=0.3,0,=0 ., VAN 6,=0,0,=7/180, FHfb&k
S 9 Ca, b) fran . AT LA s 53X 9 Al 4R $h ik



246 it & A

4%k

HHREES.

e Je 0TI a7 R (8 RN 7 ] TR A N 1 A 1 1R 52
WA o XoF 12 AL 48] o R AN 0 PR A L T 1) A i 2 M T
P AN A T 0 5 ) R 5 /0N o 801 T s o 2
o, =0. 3, far 2R 7 1] b o 22 W 43 51 R B 6, = /180,
0y=m/90,0,=mn/45, 13 B4 FM BT FIATE 9 (e
~e) s, A LLE W B (B A 58 SR ) S
1o S HE SR 2540 R R I 2R 3 3, AR KU for 2 sl
RS REMLA R . 5 4 T R R Y 2R B0
FBRAEZE . 25 H R WY Ao 20 (B FN 5 1) s o 22 X 45
P40 MG T AT 5 3 85 W), A I S8 1) AR SC O 3 T
DA B e AR A 0 A T

<
P<

<

(b) ,=0, 5,=7/180

(a) 6,=0.3,0,=0 (¢) 6,=0.3, 6,=7/180

P4

(d) 6,=0.3, 6,=1/90
9 e 7 nF 2 R AR O ) B AL T A B e i i 1

Robust designs for random load amplitude and direction

(e) 0,=0.3, 0,=m/45
Fig. 9

F 5 TEEEFE T W AL R A AR 0 =
Tab.5 Mean and standard deviation of compliance

under random load amplitude and direction

WRIEREA T 22 rIaAEART 2 RIMEE  FIUZ bRz

5, =0.3 6, =0 70.47 38.72
6,=0 6= /180 76.62 2.87
6= /180 77.33 43. 36
5, =0.3 6y=1/90 88.03 19. 30
6, =1 /45 114,37 70. 47
5 & it

TEHFMEAL BT 25 P BEAIL fF 054 T2 52 PR
B Y., AHETF Fourier-r TOuNN F EMF5E T BEHL
fr B AE T i & R ML, 5 RTO-0OC
F A, Fourier-TOuNN 15 2 #  fk 3% 11 BB
JINBY ST RE B33 A AR E 22 . I Fourier-TOuNN
F= 8 G5 AR R T DUTE A% ) B AR SN R
A SRR A B = AL A SR B

RICHETE T HkE v — RIS B S R/
SO S B4 S S I R AR S L L s o 22 A IAS A AR
PR T 9 SR 3R T R 1 45 R 38 4 A A A
rp e b ZTURI R G R — AN AR R B R S — A 4
Bro A% 45 T80 22 R 2 B ROBTALAR L AT L Sl A
T RBUE A T AR I B AR T 2 A
O S A HIIZ 5 15 i e 45 1 R 5 M O AL 45 H At
B A B /N SR R DR A B )R T AT A

2 % 3L #k (References) :

[1] Bendsge M P, Sigmund O. Material interpolation
schemes in topology optimization [ J ]. Archive of
Applied Mechanics,1999,69(9) :635-654.

[2] WeiP.,LiZ Y.Li X P,et al. An 88-line MATLAB
code for the parameterized level setmethod based to-
pology optimization using radial basis functions[]].

and Multidisciplinary Optimization,
2018,58(2) :831-849.

[3] DuZzL,Cui T C,Liu C,et al. An efficient and easy-
to-extend Matlab code of the Moving Morphable

Structural

Component (MMC) method for three-dimensional to-
pology optimization [ J]. Structural and Multidisci-
plinary Optimization2022,65(5) ; 158.

[4] Xie Y M, Steven G P. A simple evolutionary proce-
dure for structural optimization [ J]. Computers &
Structures,1993,49(5) : 885-896.

[5] Andreassen E, Clausen A, Schevenels M., et al. Effi-
cient topology optimization in MATLAB using 88
lines of code [[J]. Structural and Multidisciplinary
Optimization,2011.43(1) ;1-16.

[6] TFerrari F,Sigmund O. A new generation 99 line Mat-
lab code for compliance topology optimization and its
extension to 3D [J]. Structural and Multidisciplinary
Optimization,2020,62(4) :2211-2228.

[7] LiuY,Yang C,Wei P,et al. An ODE-driven level-set
density method for topology optimization[]]. Com-
puter Methods in Applied Mechanics and Enginee-
ring,2021,387:114159.

[8] LiuJ,Wen G L,Qing Q X,et al. Robust topology op-
timization for continuum structures with random
loads [J]. Engineering Computations, 2018, 35 (2):
710-732.

[9] Bai S, Kang Z. Robust topology optimization for
structures under bounded random loads and materia-
luncertainties [ ] J. Computers & Structures, 2021,
252.106569.

[10] Kogiso N, Ahn W, Nishiwaki S, et al. Robust topo-

logy optimization for compliant mechanisms consi-



#2H B X E,% . #£T Fourier-TOuNN 8 & & M 4 FME L% 1T 247

dering uncertainty of applied loads [J]. Journal of ning [J]. Chinese Journal of Computational Mecha-
Adwvanced Mechanical Design, Systems, and Manu - nics,2021,38(4) :430-436. (in Chinese))
facturing ,2008,2(1) :96-107. [15] & #.,#% #H.k R.F AIFRAELZMEBIMNT

[11] Zhao ] P,Wang C J. Robust topology optimization un- AR LIRS R kAR 5 H F F4k, 2021,
der loading uncertainty based on linear elastic theory 38(4):412-422. (YAN Jun, XU Qi, ZHANG Qi et al.
and orthogonal diagonalization of symmetric matrices Current and future trends of artificial intelligence in
[T]. Computer Methods in Applied Mechanics and the field of structural topology optimization[]J]. Chi-
Engineering,2014,273.204-218. nese Journal of Computational Mechanics, 2021, 38

[12] Gao X J,Chen W H,Li Y X,et al. Robust topology (4) :412-422. (in Chinese))
optimization of multi-material structures under load [16] Chandrasekhar A,Suresh K. TOuNN: Topology opti-
uncertainty using the alternating active-phase method mization using neural networks[]]. Structural and
[J]. Composite Structures,2021,270:114065. Multidisciplinary Optimization, 2021,63 (3):1135-

[13] Cai ] H,Wang C J,Fu Z F. Robust concurrent topo- 1149.
logy optimization of multiscale structure under single [17] Chandrasekhar A,Suresh K. Approximatelength scale
or multiple uncertain load cases[]J]. International Jour- filter in topology optimization using Fourier enhanced
nal for Numerical Methods in Engineering, 2020, neural networks[ ] ]. Computer-Aided Design, 2022,
121(7) :1456-1483. 150:103277.

[14] wtexsb . oK. 28 &.F A TREFZINE 5 H [18] Gao X J,Li Y X,Ma H T,et al. Improving the overall
BaMinite kit k)] i E A F R, 2021, performance of continuum structures: A topology op-
38(4):430-436. (YE Hong-ling, LI Ji-cheng, WEI timization model considering stiffness, strength and
Nan, et al. Cross-resolution acceleration design for stability [J ]. Computer Methods in Applied Mecha-
structural topology optimization based on deep lear- nics and Engineering,2020,359:112660.

Robust topology optimization of structures subjected to random loads
using the Fourier-TOuNN

GAO Xing-jun', LI Long-hua', LI Ying-xiong"’
(1. School of Civil and Transportation Engineering,Guangdong University of Technology,Guangzhou 510006 ,China;

2. Institute of Smart City and Intelligent Transportation,Southwest Jiaotong University, Chengdu 611756, China)

Abstract: To promote the engineering application of topology optimization,it is imperative to consider the
randomness of structural loads often encountered in practical scenarios. In this paper, an efficient
framework for robust structural topology optimization based on the neural network is developed, which
updates the density variable describing the structural topology by optimizing the weights of the Fourier-
TOuNN neural network. In the developed framework, the weighted sum of the mean and standard
deviation of the structural compliance under random loads is introduced as the objective function,thereby
defining the structural robustness under random loads. Using the automatic reverse differentiation
function of the neural network, the automatic derivation of the sensitivities in the optimization process
can be realized. With the controllablility of local of the Fourier-TOuNN, small auxiliary components can
be generated in the structure to withstand random loads. Numerical examples show that robust structural

designs can be efficiently obtained by using the developed framework.
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