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The diagnostic method for data anomaly in structural health
monitoring based on fully convolutional neural network

RUN Jinming, XIA Yunxia® , ZHANG Yunlong, CHENG Yanfeng, NI Yiqing
(School of Civil Engineering. Qingdao University of Technology, Qingdao 266525, China)

Abstract: In order to overcome the laborious and time-consuming aspects of manual inspec-
tion or conventional signal processing techniques in the diagnosis of data anomaly in structur-
al health monitoring(SHM) ,a classification approach for SHM abnormal data types based on
fully convolutional neural network (FCN)is proposed. The Googl.eNet pre-trained model is
improved,and fully convolutional units are constructed on the basis of Googl.eNet network
to replace global average pooling and fully connected layers. While the training parameters
are simplified, the accuracy of the model is enhanced. Based on the strain data integrated in-
to the SHM system of a cable-stayed bridge, some monitoring data are randomly selected to
form a dataset for the classification performance testing of the model. The results show that
the classification accuracy of the FCN network model reaches 98. 6%, and the training time
is only 2/3 of the original Googl.eNet model, exhibiting excellent training performance.
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