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Optical fiber sensing vibration signal recognition based on
lightweight network
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Science and Technology, Shanghai 200093, China)

Abstract: Based on the application of distributed optical fiber sensing system in the field of
perimeter security monitoring, there are problems such as slow response speed and low recognition
rate. Although the recognition rate of the traditional convolutional neural network is very high, its
huge amount of parameters makes industrial deployment difficult and the recognition response
speed is slow. This paper introduces the lightweight convolutional neural network MobileNet,
which uses depth-separable convolution to replace the traditional convolution, which greatly
reduces the amount of model parameters. This paper uses MobileNet as the benchmark network to
implement a one-dimensional lightweight network based on MobileNet-18 ®-OTDR perimeter
intrusion event recognition, compared the network recognition rate and recognition speed under
different structures through experiments, and selected MobileNet-18 as the best model under the

condition that the accuracy of the model would not be greatly reduced. In the experiment, six
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perimeter fiber intrusion signals of climbing, cutting, wind blowing, lifting, pulling and walking

were collected. Among the six types of fiber intrusion signal recognition, MobileNet-18 achieved a

recognition rate of 98.33% and a response time of 9.27 ms.

Keywords: convolutional neural network; lightweight network; depth separable convolution;

optical fiber signal; perimeter safety
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Fig.1 Monitoring schematic diagram of distributed optical fiber sensing system
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Fig.2 Six intrusion events

(DEE, feZaffol T, fNHE Hr




%2 PRSI, 4. TR DL LIRS 550 « 21 ¢

B2 AR SN 1 ;

()Y, TEABIRMEEILTIEN T,
FBLE T B BOCAF A T Y B ;

(3) W, BRI E SRS R IR, (V%
M H B, KGR Ry, X L Bk eT
e

(4258, WFREHLRICLT, WIS
W E2E, BT SKT, M, ERIZE;

(5)Fizh, BAFRELEOLL, EEZME;

1 000
500 F
£ o0
=500 +
—1 000 . .
0 1 2 3
Hfa)/s
(a) ZEE
20
10
w0
=10
=20
_30 1 1
0 1 2 3
A /s
(c) Rk
1 000
500 F
=
-500
-1 000 . .
1 2 3
Hfa)/s
(e) izl

(6)E8h, TEMFBOLEMIT, LI 1 m/s A7
HPEAR ES)

KA EIR RS & B, W%
SEMEE R TR SR A DR B . K 3 s
J2 6 MRBIEAFI IR RS & @i 6 FhE 5
ATLAE T DI KURFIZE X 3 SEf i FrYfE 5
HAT— @ BRI s BRI S iy S UL
59; MIRFFRIE SIRERDN; EhFFE S
Wz LN

400

3 6 XEHESTH
Fig. 3 Examples of six types of signals
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Fig. 4 Max-mean pooling layer
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Fig. 5 Accuracy of networks with different numbers of

convolutional layers
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