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Fig. 14  Error comparison before and after optimization of reconstructed signal(Canton tower)
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Fig. 15 Comparison results of reconstructed acceleration signal in time domain (sensor No. 01)
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Fig. 16 Comparison result of reconstructed acceleration signal in frequency domain (sensor No. 01)
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An approach for compressive sensing of vibration signal
using BP neural network optimization

ZHU Yi-kai"?, CHEN An-ni"*, YU Zhe-fan'*, WAN Hua-ping"*
(1.Key Laboratory of Concrete and Pre-stressed Concrete Structures of Ministry of Education, Southeast University,

Nanjing 211189, China; 2.College of Civil Engineering and Architecture, Zhejiang University, Hangzhou 310058, China)

Abstract: Wireless sensor networks (WSNs) are gradually applied to structural health monitoring. Due to the involved energy con-
sumption issue, it is difficult for WSNs to achieve long-term and high-frequency data acquisition. Compressive sensing (CS) is
able to use a small number of sampling points to reconstruct the original signal, which is expected to reduce the energy consump-
tion of the WSNs. The sparsity of the measured vibration signal is limited due to the noise contamination. This causes the failure of
the LASSO, a widely-used CS algorithm, in seeking the accurate sparse coefficient, which hinders the reconstruction performance
of CS of the vibration signal. This paper proposes a method to optimize the sparse coefficient to effectively improve the accuracy of
reconstructed vibration signal by using BP neural network. The simulated acceleration data of a three-floor frame and the monitored
acceleration data of Canton Tower are both used to verify the effectiveness of the proposed CS method. The effects of regulariza-
tion parameters and the number of optimization iterations are explored in detail. The result shows that the proposed optimized CS

method performs better than the non-optimized one under different compressed ratios.
Key words: structural health monitoring ; compressive sensing ; BP neural network; sparse coefficient; LASSO algorithm
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