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Structural damage identification based on correlation function and CNN
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and Engineering Vibration, Institute of Engineering Mechanics, China Earthquake Administration, Harbin 150080, China)

Abstract; In order to improve the structural damage identification effect based on vibration signal, a structural
damage identification method based on the combination of correlation function and convolutional neural network is
proposed. Taking a railway steel girder bridge structure as an example, firstly, the signal-to-noise ratio of the
vibration signal is improved by performing autocorrelation calculation on the vibration response of the structure, then
the autocorrelation sample is used as the input of convolutional neural network , which can significantly improve the
recognition accuracy. When the noise level in the vibration signal is higher, the improvement effect of the
recognition accuracy of the autocorrelation sample as the convolutional neural network input is more obvious, and
the autocorrelation operation has stronger noise immunity than that of the fast Fourier transform. The cross-correlation
function is used to fuse the data of the multi-sensors arranged on the structure, then the fused signal is used as the
input of the convolutional neural network. Under the premise of effective fusion of the data characteristics of the two
sensors, the cross-correlation can double the dimension of the data set and reduce the number of parameters of the
network operation, thereby reducing the time and improving the training efficiency, and the cross-correlation sample
as the network input also has high recognition accuracy and strong noise immunity.
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Fig.3  Autocorrelation of signal
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Table 2 Recognition results %
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1 2 3 4 5 6 7 8
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) i e ARG
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IUFEE DHREE A 6195.1200 1200 P FEAS, Table 3 Identification accuracy of noise samples
4 T R A SOOI R IR  4 , FAlE P 4 b o UK E /%
S A ORI % NGB s 0anbun S dp 2 dpME | ap b
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2 iU MR 7P A A R B P 4 T, 7 T M
10 dBF#ZE 1 dB i, SRR EE AU R 10.509% , T S e P AR A A iy g A O TROBIRS JEE R I 1710.42% . R 1
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Table 4 Comparison of recognition accuracy between FFT and autocorrelation samples

WIS/ %

AR

TCME 10 dB M7 5 dB M 2 dB M 1 dB Mgz
FFT ZB kAR 100.00 100.00 99.42 99.00 98.42
ERiiPS N 99.92 99.75 99.67 99.33 99.25

B IR FE R A 10 dB A9 155 FRT A0SR AR A R0 HE Y BE IR 3] 100% , 5 55 T FH A SG R
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Table 5 FFT sample and autocorrelation sample recognition accuracy

PUNAE B/ %
1R IR i FEATE X
Felg 10 dB M7 5 dB M7 2 dB M7 1 dB Mgy
2 ERiiES 99.92 99.92 99.58 99.33 98.67
FFT 100.00 100.00 99.42 97.08 96.25
4 B A% 99.92 99.92 99.58 99.08 98.33
FFT 100.00 99.67 99.33 98.08 96.83
6 ERIIES 99.83 99.75 99.50 99.50 99.17
FFT 100.00 99.92 99.75 99.33 98.83
10 ERIIES 99.92 99.83 99.58 99.42 98.92
FFT 100.00 99.75 99.42 99.08 97.33
12 ERiES 100.00 99.83 99.83 99.08 98.75
FFT 100.00 99.75 99.58 98.25 97.83
14 ERIIES 99.83 99.83 99.75 99.58 99.25
FFT 100.00 100.00 99.75 99.00 98.58
6 MMEIEAREE 1 2 FhIE 2 0 RE A [ 2 W8 7 08 100,
F3E R A RS BE 0 T R F i E 7 fros, 4 ,
— > \) (=} -~ s 2 =) 4 § L
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Lo Sh R J N, 3 98t
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SN ELAT B (e Fig.7 Comparison of average recognition accuracy
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Fig.8 Comparison of identification results

W 1 AME AR EAE 5 53 8 7 G BRI T B DG iE BT LIS B 7 S EE A MK 8 ML IR AR AL
PEAETEAT WG B AH DGR AT LIAS 2 4 A B SCHEAR B AR 4 Bl 25— 25, 8 MG B 5 ok X AR 1 1% Je%
TR A A BRI R 8 (b) w2 A EEESE B SC RS IS W RURS FE AR HLF 2 A BOE S AT
AXGHETE CNN ¥4 #2671, H R EACHLE 5 BdESE LT 5 1A MSGEE , g il 28, 5 A
SERA W BE SR VI 2 I 35 A 169.75 s KT BGEIE CNN 9 299.25 s, #7145 16 B AH S 38 R AT LU
B 2 A BAE R RED  A RO R it AR P a2 B, B I s T L RE RS S A e IR BDRG 2
4.2 BREITRAIRZIE

BT ARG B Al & AS BB 18/ D BRSO 2 | 3 R SE BB RS HER RN RUR . O T 3 — 2580
HASCR A BAEAESE T CNN MR b R P38 AR5 25 P8 T MRS 52 e, DA G5 R A B A5 B S 5
XA KRG TR 1&15 3&13 5&11,7&9 iX 4 MRlGEUE L AR 4 -8 1E CNN AR IR ARG 1.3,
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Table 6 Comparison of cross-correlation four-channel and eight-channel recognition accuracy

- B RIS B
T8 F Xt HeFE bR
T M e 10 dB M 5 dB Mg 2 dB MEFE 1 dB M7
4 Al KB/ % 100.00 99.92 99.92 99.58 99.42
FHI/ s 289 298 292 288 291
8 il il KERE/ % 98.75 98.67 97.50 97.33 96.33
JHI /s 472 476 472 477 474

i 25 Mo e iR A P S TR B R T R AT 9 s T ELRE G 4 N3 R A R R IR T R 2%
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Table 7 Recognition accuracy under different noise intensities

WUIKG B/ %
T A FEATE
10 dB W 5 dB Mg 2 dB M 1 dB 7S
1 A8 iR GRS & 95.27 86.91 76.55 72.55
FFT FEAR 100.00 99.82 99.64 99.55
H A AR AR 100.00 99.91 99.73 99.73
2 ANl iE GRS & 99.73 98.27 92.82 88.55

HARSCREAR 100.00 100.00 99.82 99.73
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