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Abstract: To address the problems such as “grey elements” and “computational cost” in structural to-
pology optimization, an end-to-end deep learning model TOPO-U-Net was proposed. The model inte-
grated high and low feature extraction modules, depth separable convolution, and group normalization. In
addition, an evaluation method was designed based on intermediate density element deviation function. Ex-
periments show that the intermediate density deviation rate of the proposed model reaches 85.42%. And.
the average optimization computation time is as 1% of that required by the SIMP method, which may sig-
nificantly reduce the number of “grey elements”, improve the manufacturability of complex structures and
computational efficiency of topology optimization.
Key words: solid isotropic material with penalization(SIMP) ; deep learning; topology optimization;
U-Net
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Fig.2 The architecture of high and low feature extraction module
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Tab.6 Computational time of topology optimizations
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Tab.7 Distribution of test-dataset samples in different

compliance error rates

FJE PR FEARDARC || RERER | FEADAEL
(—1,-0.4) 0 £0,0.1) 47
[-0.4.—0.3) 19 [0.1,0.2) 4
[—0.3,—0.2) 34 [0.2,0.6) 2
[—0.2,—0.D 122 [0.6.1) 1
[—0.1.—0) 766 =1 5

S5 1 1 58 LR 5 45 R P g % U1 AH OC B AU T
235 SR 0030 43 DX B80RT BB F TR R A3 A R Y AR
PR DX 35, 350 6 N7 DX 35 2 552 i 3% AR 235 4y 1) 2
P R R R 2R T . PRI 200 TPA 0 45 R Y 4
AT £ S N

I 322 368 P G A 3 6 T 2 R v 4% DX
(4 3% 38 Mk, JF PRAS & A5 A 6 IS s 2, )
F AL S 48 & (breadth-first search, BFS) A 2
e RN e Al =S Rl P S o o | VA P S O
W, EHRENT OB RER R 0.5, Hrp %
JERT 0.5 09 DX Ry 4548 4K % B2/ T 0.5 1Y
HB43 P Ry T A R X3 s @ /N TR B R 5, Y
PRST X S F F D 5 AN BT I A A I X B R
PR X8, B 10 B Ry 1 1 IR S7 X8

5 R 0 3K 4w Y 1000 AN BE A A7 3% R

T EAET0.5
L

B 10 #az X333
Fig.10 The example of isolated region
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Tab.8 Comparison of the number of isolated regions
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