$37% %o HAAFE TEFIR Vol. 37 No. 6
2020 £ 11 A Journal of Architecture and Civil Engineering Nov. 2020

SIRA A Bt WAL LS B MRS B2 b r R R 0. @ SR 24 5 TR 2 3. 2020,37(6) : 29-37.
LI Shu-jin,ZHAO Yuan,KONG Fan,et al. Application of Convolutional Neural Network in Structural Damage Identification[ J]. Journal of
Architecture and Civil Engineering,2020,37(6) :29-37.

DOI:10. 19815/j. jace. 2020. 02014

= TR 22 N 28 7£ 25 F 45 (% 12 B P B9 R

R, R R, IL U kit
(1. RWHTR% £ARTRSEFAG, B4 BRI 430070,
2. RN T R ZeBE SN A8 Wit R 430070)

BE: AR ZERNEL(CNN)ELREMBRG LB P9 E AT TERANKRIT LS BEREHT
ERGIE B IRANF A AR MET TRAABREM D IR BE ST PHAFIF TR £
LA T REAZ ST o 2t MBI — AR ZRNEEA L Tk EHEIEG LR
A% W AR N N BCAE AR K R D e TRRE A R R E S IR B A ARAY 2R %L AR E B
GRENYMESTEHETTAR., BREAN LBV EME AL A AN R BAZE T A PRI
LEM R ARG A AR, LA AR Z 0 IR B R AR vk AR A ik B R M RE R L AR A eF R 3 B 69 R 3%
BAEAE A D GAEAR e CNN sk sk ik B # B #4858, JF LR B CNN a9 M 48 245 T % & CNN;
KEBRAAZMERN TIEENBGLOH AR TR . FAAEXRKBELE G R L PN T
@mh LA RS w kAR A RKRE SR, AR M,

KB MR AR ERNEREFIAEREN; DR R

mESES:TU3L2. 3 XEARERD A XEHE:1673-2049(2020)06-0029-09

Application of Convolutional Neural Network in Structural

Damage Identification

LI Shu-jin', ZHAO Yuan', KONG Fan', ZHANG Yuan-jin®
(1. School of Civil Engineering and Architecture, Wuhan University of Technology, Wuhan 430070,
Hubei, China; 2. School of Safety Science and Emergency Management, Wuhan University of
Technology, Wuhan 430070, Hubei, China)

Abstract: The application of convolutional neural network in damage identification of engineering
structure was discussed in depth. Taking the identification of damage location of multi-layer
frame structure nodes as the research object, a one-dimensional convolutional neural network
model based on original signal and Fourier frequency domain information and a two-dimensional
convolutional neural network model based on wavelet transform data were constructed, which
could learn directly from the structural dynamic response signals and complete the classification
diagnosis. The type of input data sample, training time, prediction accuracy, shallow and deep
convolutional neural network and the influence of different damage degree on damage

identification were studied. The results show that the convolutional neural network can
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effectively extract the damage features from the dynamic response information of the structure,

and has a high recognition accuracy. Compared with using acceleration response sample directly,

using frequency domain data after Fourier transform as training samples can make the CNN

convergence faster and more stable, and the performance of deep CNN is better than that of

shallow CNN. The convolutional neural network can be used in the damage diagnosis of

engineering structures, especially in the big data processing and the ability to solve complex

problems, and has great advantages and wide application prospects compared with the other

traditional diagnosis methods.

Key words: damage identification; convolutional neural network; deep learning; frame structure;

wavelet transform
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Fig.2 Structure Frame and Damaged Area
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