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Table 4 Prediction errors using LSTM network with different frequency and time comparison (volume fraction: 0.5)

Tigs  MFEH T R 22 M b7 1% 22 ¢ % B (dB) LSTM 5l H B () W LR T I ()
6 55 10. 83% 0.0482 0.155 640. 18
7 65 8.19% 0.2998 0.231 687.23
8 75 9.23% 0. 3828 0.163 645.73
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Fig. 6

Load case 7: comparison of prediction configurations by LSTM
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Table 5 Influence of input sequence length for prediction of LSTM
) B 5% 22 H b5 pA $L iR 22 (dB)
AT I K
TH1 i 2 T3 i1 T2 Ii3
3(3 J2.200 $o5) 1.75% 1.33% 1.84% 0.0607 0.0308 0. 0456
5(3 J2.200 BJ0) 2.62% 1.35% 2.27% 0.0598 0.0343 0.0506
7(3 J2.200 FI0) 3.23% 2.83% 6.29% 0.0671 0.0295 0. 0487
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Table 6 Input sequence length for prediction of LSTM with different network structures
) 7Y 3R 22 H A5 pA £ iR 22 (dB)
AT I K
TH1 T2 T3 Ti1 TH 2 i3
3(3 J2.200 Mo5) 1.75% 1.33% 1.84% 0.0607 0.0308 0. 0456
5(3 J2.300 FJ0) 1.34% 1.05% 1.32% 0.0578 0.0276 0.0473
7(3 J2.400 BIT) 0.54% 0.72% 0.68% 0.0498 0.0213 0.0328
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Microstructural Topology Optimization for Acoustic-Structure

Interaction Systems Based on LSTM Network

Jiongyang Xu Qiuzi Yu Haibo Chen
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University of Science and Technology of China, Hefei, 230027)

Abstract  Microstructural topology optimization for acoustic-structure interaction systems typically
involves iterative response analysis, sensitivity calculation, and design variable updates, leading to high
computational costs and low efficiency. To address these issues, a microstructural topology optimization
method based on long-short term memory (LSTM) neural network is proposed. This method treats micro-
structural configurations in topology optimization process as a time series. The LSTM network, known for
its powerful ability to process sequential information, is used to learn the patterns of configuration evolu-
tion. A data set is generated through microstructural topology optimization based on the finite element-
boundary element coupling analysis. Numerical examples show that the trained LSTM network accurately
predicts the optimization process and significantly reduces computational cost compared to conventional op-
timization methods. In addition, the influence of LSTM network structure is discussed.

Key words acoustic-structure interaction system, microstructural topology optimization, LSTM net-

work, deep learning





