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Abstract: In order to improve the efficiency and accuracy of anomaly detection in structural
acceleration data, a structural acceleration data anomaly detection method based on 2D
convolutional neural network (2D-CNN) was proposed. The effectiveness of the proposed method
was verified through a two-dimensional truss numerical model, and the effects of 2D-CNN
convolution layers and acceleration noise levels on data anomaly detection were studied. The
results show that the proposed structural acceleration data anomaly detection method can quickly
and accurately distinguish the types of acceleration data anomalies, and the accuracy of anomaly

detection can reach over 97%. For samples with complex information and large data scales, using
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2D-CNN with more than 4 layers can help improve the accuracy of acceleration data anomaly

detection. Using 2D-CNN with 5 convolutional layers can achieve a data anomaly identification

accuracy up to 98%. When the acceleration signal-to-noise ratio is greater than 1, the accuracy of

data anomaly detection is above 90%. When the acceleration signal-to-noise ratio is 10, the

accuracy is above 97%. The proposed method has good noise tolerance and robustness. The use

of 2D-CNN data anomaly detection method can provide technical support for the effective

operation of sensor networks.
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Fig. 2 Typical structure of convolutional neural network
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Fig.3 Flow chart of structural acceleration data anomaly detection based on 2D-CNN
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Fig.9 Training process of 2D-CNN with different Rg\x
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Table 8 Training time of 2D-CNN with different Rgxx
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Table 9 Recognition accuracy with different Rs\g

PgRge | e | WEER | UIZRAE | A | ERR
Tt Ik 0. 996 T g e 0. 986
Rsxg =15 0.977 Rsng =15 0.987
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