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Table 1 Hidden layer parameters

Hidden layer Number of neurons

Activation function

Optimization method Overfitting mitigation method

Hidden 1 256 ReLU
Hidden 2 128 RelLU
Hidden 3 64 RelLU
Hidden 4 64 RelLU
Hidden 5 64 RelLU

Adam L1 regularization
Adam Dropout
Adam Dropout
Adam Dropout
Adam Dropout
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Fig. 8 Time-frequency diagrams. (a) Knock; (b) trolleying; (c) walk; (d) shake
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Table 2 Cumulative contribution rates of features after

dimensionality reduction

Original PCA Cumulative
Sample feature feature contribution
dimension  dimension rate /%
Knock 110 33 92.6
Trolleying 110 33 92.5
Walk 110 33 90.1
Shake 110 33 96.0
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Table 3 Comparison of accuracies

Accuracy /%

Accuracy for similar

Dimensionality

Total accuracy /%

Knock Trolleying Walk Shake signal /%
110 99.5 96.5 97 100 98.2 96.8
33 100 98.5 98 100 99.1 98.3
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Fig. 12 Confusion matrix diagrams under different methods. (a) Extracting multi-features from original signal; (b) CNN; (¢) multi-scale

feature fusion

0606001-8



E515Fo6i

P extracting multi-features from original signal

XXX CNN

E== multi-scale feature fusion

1.00
095
0.90 1
;
085
:
< 0801
0.75 \
NREE"\ A\ N\
' Knock Trolleying Walk Shake Total  Similar signal
B3 = A0 7 ik i U HE R R0 L
Fig. 13 Comparison of recognition accuracies of three methods
" . 0422003.
5 él:l TE Zhang J N, Lou S Q, Liang S. Study of pattern recognition

P T — R T 2 REFRIERL A 1 o-OTDR &
GEAUE SR IR AT TR R UE . LR AE R
B, F H EMD 45 4 WPD B J7 ¥, 7 LAAS 2R 7] R
THFES, Z a5 AR5 05 5 JEAT i A 8 R
AT L0 4 I A $ B, T LA A R R A LA S R A
X 43 B o 3l a1 h B 10 A] LUAT R S iR 3h 5 5 19
FEARKCE 45 N ToREG S Bt R . FIH PCA Xt &
YE RS VEAT A BRA B T R AR I ZR R AE 00 4 BE 48 B
TP RAE R o 1S 8K 50 RIS S BRAE S DL R,
Wt BETE 6 25 A BP 48 W 45 AR T] AR 4 b iR
BT (5 28 . A EL T 3% R IR 15 5 T 4R URS
TR ik BT T i SR A I B R T 84
Oy 5 KU 5 R B HE R R T 13.5 4 s M
LT 45 A B LA CNIN 5 3 BT 4 5 9 (0 25 4 LU0 1
B4R S 1 9.0 @ 4 AL, A ARUE 5 09 TR oE B 3 A
T 143 5 o % TR AR AR UE FE R AE S TR o A R
MG LT A ROGE & T ARUE S M B R 6 T
& o-OTDR Z 45 14 13 FH 3 Pl HL AT 3 E A (.

& % X #t

[1] Yang G Y, Fan X Y, Wang S, et al. Long-range distributed
vibration sensing based on phase extraction from phase-sensitive
OTDR[J]. IEEE Photonics Journal, 2016, 8(3): 6802412.

[2] Mei X W, Pang F F, Liu H H, et al. Fast coarse-fine locating
method for ¢-OTDR[J]. Optics Express, 2018, 26(3): 2659-
2667.

[3]  Yue HM, Zhang B, Wu Y X, et al. Simultaneous and signal-to-
noise ratio enhancement extraction of vibration location and
frequency information in phase-sensitive optical time domain
reflectometry distributed sensing system[J]. Optical Engineering,
2015, 54(4): 047101.

[4] Duan N, Peng F, Rao Y J, et al. real-time position and speed
monitoring of trains using phase-sensitive OTDR) [J]. Photonics
Technology Letters, IEEE, 2014, 26(20): 2055-2057.

[5] Sk, 2, B4 BT SVM B KK o-OTDR 431 2L 47
3 1% R R G B AU IF R D], Z080 5 30 TR, 2017, 46(4):

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

0606001-9

based on SVM algorithm for ¢ -OTDR distributed optical fiber
disturbance sensing system[J]. Infrared and Laser Engineering,
2017, 46(4): 0422003.

Sheng Z'Y, Zhang X Y, Wang Y P, et al. An energy ratio feature
extraction method for optical fiber vibration signal[J]. Photonic
Sensors, 2018, 8(1): 48-55.

XM, S, LRNE, TR ERMCT A RLY REA
R RHORSII] JezE M, 2019, 39(11): 1106002.

Liu K, Weng L F, Jiang J F, et al. Zero-crossing rate based
efficient identification of intrusion events in fiber perimeter security
systems[J]. Acta Optica Sinica, 2019, 39(11): 1106002.

Chen X E, Xu C J. Disturbance pattern recognition based on an
ALSTM in a long-distance ¢-OTDR sensing system[J]. Microwave
and Optical Technology Letters, 2020, 62(1): 168-175.

NEAE, BT, AN, AF R T/ N SVM ) o-OTDR
ARG S WAII] LT 244, 2022, 51(11): 1106003,

BuZH, Mao BN, SiZ P, et al. Signal identification of ¢-OTDR
system based on wavelet packet decomposition and SVM[J]. Acta
Photonica Sinica, 2022, 51(11): 1106003.

ShiY, Wang Y Y, Wang L Y, et al. Multi-event classification for
¢-OTDR distributed optical fiber sensing system using deep
learning and support vector machine[J]. Optik, 2020, 221:
165373.

WG I, KRBT, MR, AR T 4R BUR 28 N 25 1Ol 2T A A
ABRBEAHIIT] 6541, 2021, 50(9): 0906003,

YuH D, MiQS, Zhao D, et al. Optical fiber perimeter intrusion
pattern recognition based on 1D-CNN[J]. Acta Photonica Sinica,
2021, 50(9): 0906003.

Fgyh, B % JE T LSTM-CNN 1 9-OTDR #5535 5]
] Je224 . 2023, 43(5): 0506001.

Wang M, Sha Z, Feng H, et al. Pattern Recognition for ¢-OTDR
Based on LSTM-CNN[J]. 2023, 43(5):
0506001.

PERE, XL, TTRIE, 45 . JET YOLOVSs BRI 6 4 4 5 1 i o
PERSHER I B 52 [T]. D224l 2023, 43(2): 0228001.

Xue K, Liu K, Jiang J F, et al. Optical fiber vibration sensing

Acta Optica Sinica,

detection with high accuracy based on YOLOv5s model[J]. Acta
Optica Sinica, 2023, 43(2): 0228001.

Liu C F, Zhu L D, Ni C B. The chatter identification in end
milling based on combining EMD and WPD[J]. The International
Journal of Advanced Manufacturing Technology, 2017, 91(9):
3339-3348.

SR, 2R, R, LT ZRES RN o-OTDR 4011 2%
214 3 8k F& ge B OR B E 5 (U], = O, 2015, 42(11):



it #5514 £ 6H1/2024 £ 3 B/ E#N

1105005. [19]  WAZE, XUMERE, FMBA, 45 . LT BP i 28 0 2% At R 2% I 30O 1%
Zhang Y, Lou S Q, Liang S, et al. Study of pattern recognition X TR TP R R I E A I BE 5 (). WOk 5ok gk
based on multi-characteristic parameters for ¢ -OTDR distributed 2020, 57(7): 302-308.

optical fiber sensing system[J]. Chinese Journal of Lasers, 2015, Hu J, Liu Y D, Sun X D, et al. Quantitative determination of
42(11): 1105005. benzoic acid in flour based on terahertz time-domain spectroscopy

[16] JiaH Z, Liang S, Lou S Q, et al. A k-nearest neighbor algorithm- and BPNN model[J]. Laser & Optoelectronics Progress, 2020, 57
based near category support vector machine method for event (7): 302-308.
identification of p-OTDR[J]. IEEE Sensors Journal, 2019, 19(10): [20]  BR{AE, B EF, Biss . ST AHCR B EEMD ¥ 7R3 5
3683-3689. Bie Ny 32 (7). B 8 - WK 512 W7, 2012, 32(4): 542-546, 685.

(17]  sklUE, PhE T, 2252, & B F LMD R U AT FCM 2 28 HL Chen R X, Tang B P, Liu Z L. Ensemble empirical mode
W B2 W 5 (0], AL SRR 2= 4], 2013, 34(3): 714-720. decomposition de-noising method based on correlation coefficients
Zhang S Q, Sun G X, Li L, et al. Study on mechanical fault for vibration signal of rotor system[J]. Journal of Vibration,
diagnosis method based on LMD approximate entropy and fuzzy C- Measurement & Diagnosis, 2012, 32(4): 542-546, 685.
means clustering[J]. Chinese Journal of Scientific Instrument, [21]  BEHEAE, FERE, R4, 25 . X B3k e s R fd g 8 7 [R5 307
2013, 34(3): 714-720. IR B RRYCH DGR [T]. 27 A5 % TA% , 2015, 23(6): 1800-1806.

[18] Uddin M P, Al Mamun M, Ali Hossain M. PCA-based feature Huang W H, Wang Q R, Xu W C, et al. Robust digital imaging
reduction for hyperspectral remote sensing image classification[J]. Spearman’s Rho correlation for pepper and salt noise[J]. Optics and
IETE Technical Review, 2021, 38(4): 377-396. Precision Engineering, 2015, 23(6): 1800-1806.

Similar-Signal Recognition Method for ¢-OTDR Systems Based on
Multiscale Feature Fusion

Song Wengqiang, Ding Zhewen, Mao Bangning, Xu Ben, Gong Huaping, Kang Juan,
Zhao Chunliu’
College of Optical and Electronic Technology, China Jiliang University, Hangzhou 310018, Zhejiang, China

Abstract

Objective A phase-sensitive optical time-domain reflectometer (¢ -OTDR) system is a front monitoring and early warning
technology that can acquire the location of disturbances in space and phase information of disturbances in time. With the advantages of
high resolution, wide monitoring range, and strong anti-interference capability, this technology has been widely used in pipeline safety
maintenance, intrusion warning, and large-equipment monitoring. However, due to the complex diversity of the application
environment, the system suffers from low recognition accuracy and insufficient stability in actual use, particularly when similar signals
are recognized in the system application. To solve these problems, this study proposes a similar-signal recognition method based on
multiscale feature fusion. This method can effectively improve the recognition accuracy of similar signals while maintaining the

recognition accuracy of the base signal.

Methods The original signal is first decomposed into sub-signals in different frequency ranges using empirical mode decomposition
(EMD) and wavelet packet decomposition (WPD). The original signal and individual sub-signals are then subjected to time-frequency
feature extraction and approximate entropy feature extraction. The time-frequency features are used to evaluate the details of the time
and frequency variations of the signal, the approximate entropy features are used to evaluate the complexity and regularity of the
signal, and the multiscale signal decomposition and multi-feature extraction are used to amplify the feature differences between similar
signals. Because the multiscale and multi-feature approach increases the dimensionality of the data, the proposed method utilizes
principal component analysis (PCA) to combine high-dimensional features and reduce the dimensionality of system features, thereby
improving system efficiency. Finally, the fused features are passed into a lightweight back-propagation (BP) neural network as input
variables for signal data processing. Compared to other traditional neural networks, BP neural networks have the advantages of

lightweight structures and high speed, enabling them to process signal data quickly.

Results and Discussions Sub-signals decomposed by EMD and WPD have multiscale characteristics ranging from low to high
frequencies. Each sub-signal contains a part of the signal domain within the main frequency-band range of the original data.
Decomposition helps to amplify the feature gaps between different signals and facilitates subsequent multidimensional feature
extraction (Fig. 10). Following feature extraction and fusion, the four signals show significant differences in the feature space. Thus,
even with a simple classifier, signal classification and recognition can be achieved (Fig. 11).

A comparison among extracting multi-features from original signal [Fig. 12(a)], the CNN model [Fig. 12(b)] , and the multi-scale
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feature fusion[Fig. 12(c)] reveals that the multi-scale feature fusion has higher recognition accuracy, where knocking and shaking-
signal recognition accuracies reach 100% and trolleying and walking-signal recognition accuracies reach 98.5% and 98.0%,
respectively. A comprehensive analysis reveals that the comprehensive recognition accuracy of the proposed method is increased by
8.4 and 9.0 percentage points over extracting multi-features from original signal and CNN model, respectively, and the similar-signal
recognition accuracy is increased by 13.5 and 12.4 percentage points (Fig. 13), respectively. These results verify that the method has

high recognition accuracy.

Conclusions Experimental results show that the decomposition method using EMD combined with WPD can obtain sub-signals at
different scales. The time-frequency domain and approximate entropy features can in turn be extracted from the original signal and sub-
signal to enhance the differentiation of similar-signal features more effectively. The PCA algorithm can then reduce the dimensionality
of high-dimensional data, thus effectively reducing the number of training features. A well-designed six-layer lightweight BP neural
network model can also effectively identify different types of signals when identifying signal features with significant differentiation.
Compared with the extraction of features directly from the original signal, the proposed method can improve the integrated and similar-
signal recognition accuracies by 8.4 and 13.5 percentage points, respectively. Compared to those of the CNN method, the overall
recognition accuracy is improved by 9.0 percentage points, and the similar-signal recognition accuracy is improved by 14.3 percentage
points. This method effectively improves similar-signal recognition while maintaining the recognition accuracy of underlying signals,
which is of great value for expanding the applications of ¢-OTDR systems.

Key words optical communications; phase-sensitive optical time-domain reflectometer; time-frequency features; approximate

entropy; multiscale feature fusion; back propagation neural network
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