5% 52 B S1 M
2024 4 10 H

] f K “F 2 4 CH R B R0
JOURNAL OF TONGJI UNIVERSITY (NATURAL SCIENCE)

Vol. 52 No. S1
Oct. 2024

NEHS: 0253-374X(2024)S1-0020-09

DOI: 10. 11908/j. issn. 0253-374x. 24775

ETREFINZSHERRIMALTIE

B, Rk

B, R

(1. [FBERF R A b, g 2018045 2. [RIE I #fh24Be , LI 201804 )

WE: ETARITRHRIMUE %, TEZ WA RO RS
BAR, BUIETHAE T R AT R IR S, 3 s i ML
B AR SC LB R AR M AR T R B, 5G|
IRFR B BT Ve s B gy 1) A DAk S50 B2 i T —Fh
FEF R 2= B 0 A U BRI 22 M 45 (CNIND BT, 4347 T FF
AR B AR R BRI AR AR e CNIN S B 132 174 5% T
o R TS 1 A it CNIN AR HL AT 408 1y 194 32
Lz ALRe )y  BERITRINE 5 A BRIT Oy ELAS T A5 AR
735 0.972 0, 3948 XF 15254 0.014 3. ZAERITMFERT K
FBRITIL M 0.004 115, B2 8EF T 45 iMELsE.
KR WML B R 2 2 5 [RMA S 1) [R) 1 b4 R AE
TR s ZERG AL

FES S U463;TP181 XEktRERE: A

Multi-Parameter Structural Topology
Optimization Method Based On Deep
Learning

CHU Zunkang', YU Haiyan', GAO Ze', RAO Weixiong*

(1. School of Automotive Studies, Tongji University, Shanghai
201804, China;
University, Shanghai 201804, China)

2. School of Software Engineering, Tongji

Abstract: The traditional topology optimization method
based on finite element method requires multiple finite
element calculation and iterations, which consumes a lot
of computational resources and time. In order to improve
the efficiency of topology optimization, the paper takes
topology optimization of cantilever beam as an example
and proposes a generative convolutional neural network
(CNN) model based on residual connections, which
considers four optimization parameters: filter radius,
volume fraction, loading point and loading direction. And
the influence of different loss functions and number of
samples on the accuracy of generative CNN model is

discussed at length. The results show that the proposed
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model has high accuracy and generalization ability, and
the mean structural similarity index between the model
prediction and finite element method can reach 0.9720,
the mean absolute error is 0.0143. And the prediction time
of the model is only 0.0041 of finite element method,
which significantly improves the efficiency of topology

optimization.

Keywords: topology optimization; convolutional neural
networks; solid isotropic material with penalization;

structural similarity index
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Fig.1 Typical convolution operation
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Tab.1 Details of topology optimization parameters
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