¥514% 8 ot 5 e sk Vol. 51,No. 8
2021 48 A LASER & INFRARED August,2021

X E 42 :1001-5078(2021)08-1043-07 - kEEAE 24 -

FF EMD 35 1-D CNN B3 B 6EF IR a5 5 iRl

*x KB4 B ER&T H.F K
(b TR AR T S TR R, L 201620)

i EhREET O E AT T ($-OTDR) B9 2 A OK £ 7 1% B R 48 (DAS) xf N R 4k
BRI R R - ETE2RRS M (EMD) 5§ — 4 % Rtk £ W 4 (1-D CNN) 4
e WRA T Ko 7N ESLER EMD 4Rk 30 55 28 h m B AAEAR & 2 (IMF) , 44 J5 £
FARE A R ZH(PCC) A 7 A iy IMF 2 &, 5 7 % 09 IMF 2 26 8 /B B &% &
(WID) #AT &%, i H £ G oy IMF 2 BEX R 2| EME S, %G HEH 1-D CNN X ZH F
FHATRA] o LI HZ R A 7 R Al b 8k o R B AR AL B I 2R, ) R R /D T 3 min, R EL
RABRAELTTEFRENNRRAET , ANRETHRAEARTE 83 %,

R : A AL R AFOL R R I (-OTDR) 5 2 50 &5 4 5 BO/R B AR K R 3 —
 E oS AL

i E 43S TN274;;TN929. 11 X EkPRIRED: A DOI:10. 3969/]. issn. 1001-5078. 2021. 08. 012

Recognition of optical fiber vibration signals
based on VMD_CNN algorithm

WU Hu,Kong Yong, WANG Zhen-wei,DING Wei, LI Huan
(College of Electronic and Electrical Engineering,Shanghai University of Engineering Science ,Shanghai 201620, China)

Abstract : In order to improve the recognition accuracy of intrusive vibration events by a distributed fiber-optic acous-
tic sensing system(DAS) based on a phase-sensitive optical time-domain reflectometer ( b-OTDR) ,a recognition ap-
proach based on empirical modal decomposition (EMD) combined with a one-dimensional convolutional neural net-
work (1-D CNN) is proposed. The EMD is firstly used to decompose the vibration signal into m-order intrinsic mode
function (IMF) ,then the Pearson correlation coefficient (PCC) is used to determine the effective IMF components,
the effective IMF components are denoised using the wavelet threshold denoising algorithm (WTD) ,the reconstructed
signal is obtained by summing up all the denoised IMF components,and finally the 1-D CNN is used to identify the re-
constructed signal. It is proved that this identification method can quickly complete the training of the identification
model, the training time is less than 3 min,and can effectively identify the intrusion vibration signals collected in the
real environment,and the identification accuracy of the intrusion signals can reach 98.3 %.

Keywords : distributed fiber optic sensing; phase sensitive optical time domain reflectometer ( $p-OTDR ) ; empirical

mode decomposition; Pearson correlation coefficient; one-dimensional convolutional neural network
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Fig. 1 Structure of ¢p-OTDR system
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Fig. 3 Raw vibration images
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Fig. 4 IMFS component of a vehicle passing a vibration event
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Fig. 5 De-noised reconstruction signal
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