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Abstract In the application of fiber optic perimeter security systems, realizing intelligent vibration sensing requires
both accurately identifying specific types of sensing events and providing targeted processing solutions for such
events. In this paper, we propose a signal feature-extraction algorithm that includes multidimensional time
information features, combining these features in a convolutional long short-term deep neural network (CLDNN)
that identifies and classifies specific vibration-sensing events. First, we stack and intercept the collected optical fiber
sensing event information to obtain a broad picture containing multidimensional time characteristics of the sensing
event. Next, we input these collected data into the CLDNN structure. We define five distinct types of events or
signals for our identification and classification experiments: knocking, crashing, waggling, kicking, and no
intrusion whatsoever. Experimental results show that the proposed algorithm can effectively recognize and classify

these five types of signals with an average recognition rate of over 96 % and a recognition response time that can be
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Fig. 1 Schematic of DMZI distributed optical {iber vibration sensing system
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Fig. 2 Equivalent optical path of DMZI distributed optical fiber vibration sensor
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Table 1  Structural design parameters of CLDNN

Kernel Output

Layer Stride Function
size dimension

Conv 5X5 1 (100,40,40,64) Relu
Pooling 2X2 2 (100,20,20,64) Max Pooling
Conv 5X5 1 (100,20,20,64) Relu
Pooling  2X2 2 (100,10,10,64) Max Pooling
Conv 5X5 1 (100,10,10,64) Relu
Pooling 2X2 2 (100,5,5,64) Max Pooling
Conv 5X5 1 (100,5,5,64) Relu

Line — — (100,256) Line
LSTM 128 — — Tanh

FC 128 (100,5) —
Output — — (100,5) Softmax
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Fig. 4 DMZI distributed optical fiber vibration sensing system. (a) Sensing part; (b) demodulation part
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Fig. 5 Preprocessing of knocking. (a) Schematic of superposition process of 5 frames of signals;

(b) schematic of signal misalignment clipping after superposition
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Table 2 Average recognition rate and average training time

under different clipping conditions in three tests

N=20 N=30 N=40 N=50
Accuracy 1 /% 78.3 88.0 96. 6 95.9
Accuracy 2 /% 75.0 87.4 96. 2 94.7
Accuracy 3 /% 72.9 89.3 96. 1 95.1
Time /s 2034 3004 5420 8982
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Table 3 Comparison of recognition results of three algorithms

Algorithm Average accuracy /% Number of events Preprocessing time /s Identification time /s
CLDNN 96. 24 5 5X10 ° 0.006
RBF-EMD 85.75 4 1. 14 0.510
SVM 93.82 4 0. 30 0. 300
Fd4 o PrIREEEXT 5 AR IR
Table 4 Recognition rate of proposed algorithm for five kinds of events unit: %
Algorithm No intrusion Knocking Crashing Waggling Kicking
CLDNN 100. 0 99. 8 95.2 87.5 98. 7

M 3 ATLAE B, fr fe Rk KRR T 155 1
Ab BB B E] 2k B L P Rl L 220w ) 8 g, AL
CLDNN S 2 457 Ak BE A7 52 5 U0 Bl 5 B AR T
BEAL W S A BE o P TR o (1) 5 At 10 ol 5 3 4%
RS T > 80 4, TR N 1) 35 21 0. 006 s, [R] I T
P TEE A5G IR < R B A FI AR T L S 2 U R
KE]T 96,240, 4545 2K 4 h 5 R AR A RS
WA, 25 SR i U IE B R 7E 870 KL B X T
TEAAZ s R AT A R O RS
BT 9500 LA L U B R A P50 AT A5 BE AR

4 % 1w

A SCHR H —Fh S A 2 4 R I ) BRI RS S
FRAE U v, 945 A CLDNN X 2 AR 3R 8 1% 8% R
PEFEAT IR A28 . {55 3 B IR 5 2858 43 )
FA e i Ie) RO 1 A0 15 B R 38 8 A 5 4 AE L I 1%

BTN a7 B B0 5 X T %07 18 89 CLDNIN 47
W 26 J2 005 S B0k et L (8 HG T 3 A 0 AR IR 2l £
 BEATRFAE S S AR B R AR DT R A T
BONARH 1 100 kHz R &R F T $2 53014 RE 48 1k
IR A A FE R STEE 96 %0 LA b A HERR R, — 2 B
JE AR T SRR X R R 4R R AR O I
) R G AL T — MR AT HARE B AU

5 £ X

[1] XieS R, Zou Q L., Wang L W, et al. Positioning
error prediction theory for dual Mach-Zehnder
interferometric vibration sensor [ J]. Journal of
Lightwave Technology, 2011, 29(3): 362-368.

[2] Hou] F, Pei L, Li Z X, et al. Development and
application of optical fiber sensing technology [J].
Electro-Optic Technology Application, 2012, 27(1):
49-53.

1306019-7



F 415 F13H/2021 £7 B/FEER

(3]

(6]

7]

(8]

(9]

[10]

B35, i, ZERfF, . A ERER MBI i
Je et FHLTY. G H RN AT, 2012, 27(1): 49-53.
Hu Z S, Yang Q H, Qiao B. Design of interference
distributed fiber-optic underwater long gas pipeline
detection  system [ J ]. Laser &.
Optoelectronics Progress, 2012, 49(7): 070602.
BIERY, A, TRk, T o ma206a K T K<
EEMRAN R Bot S5t T,
2012, 49(7): 070602.

leakage

Chen Q N. Research on several key technologies of
double Mach-Zehnder fiber
vibration sensing [D]. Tianjin: Tianjin University,
2015.

WRIC A . XD - 18 A0 o3 A1y X' 27 4R 2 4% 8 T ¢
HAHRBIF D], Kt KHER, 2015,

Tian M. Research and implement of algorithms for

distributed  optical

the fiber perimeter security system based on dual
Mach-Zehnder [ D].
2017.

B WL - B 4 AL O £F J) B2 B R e i R O
LHAIHD] . R RERS, 2017,

Chen W M, Wu ], Tan ], et al. Locating technology
for twin Mach-Zehnder fiber
sensing system [ J]. Acta Optica Sinica, 2007, 27
(12): 2128-2132.

PRER, SR, g, . 05 k-1 R 4 A e A
RIRR G M H AR [J]. a4, 2007, 27(12):
2128-2132.

LiZ C, Liu K, Jiang J F, et al. A high-accuracy

event discrimination method in optical fiber perimeter

Tianjin: Tianjin University,

distributed optical

security system[]J]. Infrared and Laser Engineering,
2018, 47(9): 0922002.

FEIR, X, LR, 5F. OLARRALH RGN &
WA R ik U] A SO TR, 2018,
47(9): 0922002.

Xu CJ, Guan ] J, Bao M, et al. Pattern recognition
parameters for

based on enhanced multifeature

vibration events in ®-OTDR distributed optical fiber

sensing system [ J ]. Microwave and Optical
Technology Leters, 2017, 59(12): 3134-3141.
Zhang X P, Ding Z W, Hong R, et al. Phase

sensitive optical time-domain reflective distributed
optical fiber sensing technology [J]. Acta Optica
Sinica, 2021, 41(1): 0106004 .

A, THSC, i, S AR AL UL I R 5T o
WRC AL B AR[J]. SbE2F 4, 2021, 41(1):
0106004 .

Xu CJ, Guan] J, Bao M, et al. Pattern recognition
based on time-frequency analysis and convolutional
neural networks for vibrational events in ¢-OTDR

[J]. Optical Engineering, 2018, 57(1): 016103.

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

1306019-8

Che Q, Wen H Q, Li X Y, et al. Partial discharge
recognition based on optical fiber distributed acoustic
sensing and a convolutional neural network[]J]. IEEE
Access, 2019, 7: 101758-101764.

Sun QZ, LiuD M, Liu HR, etal. Distributed fiber-
optic sensor with a ring Mach-Zehnder interferometer
[J]. Proceedings of SPIE, 2007, 6781: 67814D.

Li P C. Research and modularization of polarization
Mach-Zehnder fiber
disturbance system[D]. Tianjin: Tianjin University,
2018.

2R . BUTh - ¥ T O 2 2 R G 0 i 4R 2 1 O
AR B AR AL S L [D] . Rt RHEREE, 2018,
Sun Z J, Xue L, Xu Y M, et al. Overview of deep
learning [ J].
2012, 29(8): 2806-2810.

INEZE, BEA, FIRD], L REEIUIRGRT].
THEEHLR BT, 2012, 29¢8): 2806-2810.

Bengio Y, Delalleau O. On the expressive power of
deep architectures [ C] // Proceedings of the 14th

control method for dual

Application Research of Computers,

International Conference on
October 5-7, 2011,
Springer, 2011: 18-36.
LiuJ M, Yang S, Huang H. Hyperspectral remote

Discovery Science,

Espoo, Finland. Berlin:

sensing image classification based on local
reconstruction Fisher analysis[J]. Chinese Journal of
Lasers, 2020, 47(7): 0710001.

X580, wAs, 2. BT R ERE M Fisher 4387 197
il i BOY R 2K LT I EOE, 2020, 47(7):
0710001.

Kong F Q, Zhou Y B, Shen Q, et al. End-to-end
multispectral image compression using convolutional
neural network[]J]. Chinese Journal of Lasers, 2019,
46(10): 1009001.

LB, JKk B, SRR, AF. BT B 2 N 45 1 i
B3 2 e ER R 45 O ik U], P E#OE, 2019, 46
(10): 1009001.

Chen H K, Chen Y. Speaker identification based on
multimodal long short-term memory with depth-gate
[J]. Laser & Optoelectronics Progress, 2019, 56
(3): 031007.

PRIELRE, Brag. BT HRAREN N ZESKEHIICK
o0 2 19 Bl 3 AR ] . Ot 5o6H 7oAk R, 20109,
56(3): 031007.

Ren K L, Wang Y, Chen X D,

dependent

et al. Speaker-
recognition  algorithm  for
laparoscopic control [J]. Laser &
Optoelectronics Progress, 2020, 57(18): 181702.
I, R, BRIBEA, 5. JH T8 s 4k fr A% 45 )
BORRE NS RO B (7). WOt 56 7o kR,
2020, 57(18): 181702.

speech

supporter



FHIE IR 3L

%41 % %13 /2021 £7 B/FER

[20]

[21]

[22]

[23]

[24]

Zhou J Y, Zhao Y M. Application of convolution
neural network in image classification and object
LJ1].
Applications, 2017, 53(13): 34-41.

JART, BAHE T . 5B 2 I 4% 7E R 43 2R H bRk
MR HZEAR ] AP TRS M, 2017, 53(13):
34-41.

Masci, J, Stacked

convolutional auto-encoders for hierarchical feature

detection Computer  Engineering  and

Meier U, Ciresan D, et al.

extraction[ C] //International Conference on Artificial
Neural Networks ICANN 2011: Artificial Neural
Networks and Machine Learning ICANN 2011, June
14-17, 2011, Espoo, Finland. Heidelberg: Springer,
2011: 52-59.

Hochreiter S, Schmidhuber J. Long short-term
memory [ J]. Neural Computation, 1997, 9 (8):
1735-1780.

Hou Y M, Zhou H Q, Wang Z Y.

speech recognition based on deep learning [ ] ].

Overview of

Application Research of Computers, 2017, 34 (8):
2241-2246.

E—R, ME, Tl—. WESIHEET NP
Mot ik (7). THRALR 5T, 2017, 34(8):
2241-2246.

Sainath T N, Peddinti V, Kingsbury B, et al. Deep
scattering spectra with deep neural networks for
LVCSR tasks[C]/INTERSPEECH 2014 15" Annual
Conference of the Speech

14-18,

International

Communication Association,  September

[25]

[26]

[27]

[28]

[29]

1306019-9

2014, Singapore. Sydney : International Speech and
Communication Association, 2014: 900-904.
Schwarz P, Matejka P, Cernocky J.

structures  of

Hierarchical

neural networks for phoneme
recognition[C] /2006 IEEE International Conference
on Acoustics Speech and Signal Processing
Proceedings, May 14-19, 2006, Toulouse, France.
New York: IEEE Press, 2006: 9209251.

Sainath T N, Vinyals O,

Convolutional,

Senior A, et al.
fully
connected deep neural networks [C] // 2015 IEEE

long short-term memory,
International Conference on Acoustics, Speech and
Signal Processing (ICASSP), April 19-24, 2015,
South Brisbane, QLD, Australia. New York: IEEE
Press, 2015: 4580-4584.

Monga R, Large scale
distributed deep networks [C] // Advances in Neural
Information Processing Systems 25 (NIPS 2012),
December 3-6, 2012, Lake Tahoe, Nevada, USA.
New York: Curran Associates, 2012: 1223-1231.

Sahraeian R,

Dean J, Corrado G, et al.

van Compernolle D. Cross-entropy
training of DNN ensemble acoustic models for low-
resource ASR [J]. IEEE/ACM Transactions on
Audio, Speech, and Language Processing, 2018, 26
(11): 1991-2001.

Glorot X, Bengio Y. Understanding the difficulty of
training deep feedforward neural networks [J].
Proceedings of Machine Learning Research, 2010, 9:

249-256.



