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Fig. 2 Typical DAS system structure and vibration/sound sensing mechanism
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Fig. 3 Smart fiber-optic DAS and its signal processing architecture in smart city monitoring applications
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Fig. 14 Supervised recognition model combining convolutional neural network and bi-directional long short term memory™”
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Fig. 15 Supervised recognition model based on dual path network™”. (a) Dual path architecture; (b) equivalent block of RP;
(¢) equivalent block of DCP
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Fig. 16 Supervised recognition model based on attention-based long short-term memory network™"
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Fig. 17 DAS recognition model based on fusion of manual

features and deep features”™

3.2 NMEBZIJ3F/TUERIBFS]
3.2.1 DAS¥UHFIH%

FEF IR 23 1) DAS Wi B B B A 5 ARt il 45
BILAS 27 20 77 3 5 0 i 2, U o 1 St A A R R T L
HRBURR 10 B 75 2R R B9 N 1 W 0 R RN S ] A
A EF X SRR OB B R B AERE AR R R Y )
A, ] 3 D i A 28 FHE RN K & b A BOHE SE R
DAS 15 5 09 5 K #E R0 % R 37 09 Bk ik o It He
SRR T — g 2 W A BT 45 (1D-SSGAN)
el A R T 485 (G AN F A o 7 465 ) Ry 5 331) 5 A
RUHR AL A i R e £l OF AT U125, sl DAS W&
PR T A 25 A A RO B /0 i Y SR BR A o Yang 2510l

AT 25 I 2570 s HE & H S i 2% (SSAE) DL HL
DAS {55 R AE , i /0 i b 28 B0 11 25 4 3 12 W 2% F
HEAT B bR AL ARG 3% 7 VR A RHE T JC A A AR
B ) 23R R S AR g g v . BRI, 2 R AR R B I
SSGAN F1 SSAE #f nJ g 25 5 508 AU 4l [0] F b5 10 FE A
2 B 200 5 BUObR 10 R A D 18 28 BE 5 AR LA R
25, Wang %542 — Fh 3 F FixMatch 9 i 2k #1132
WEB 2 2 Tk 6/ AR A BOE EA T W B IR [
Bl Dh b B Az i 7 T 38 5 T X R e TE AR 2 R 1 TG W
2 >) . FixMatch F1| B — 2P 1 W £k BL ) f P b 25 152
], I A B 3 ) R A BB AR B 4 | -
B AR 1 FE AR 2 551 20 A1, DT 4 5SS ) 5 R 1
3.2.2 DASAMEHF3IF*k

We A 2 ) — g ST AE A B AR L DI 2%
P AL U X G0 BT A 3 A R AE 5 2) W BHE R AT A
S5 — 8. HEkR b, T DAS Wil i
T B 7 X U o i B3 G = R A I NIt I 1
L, A — 2R S A B AR 5 22 K, DAS
S0 R I SR AR A AT B RO B . Y T R ) R
2 R 22 R FH SR — ORI A A R A S B
HRIR BE 22 S BRI AR RE 1R L B B R A R R
o UL, T AR A2 e J, Wa 2 —
ol 30T B0 K G T A BIL I 1 ik e b 5 X 46 (SNIND T B
2] U5 WA 1S Bz o 12 M0 4 45 F g o, AT g A
JZ BT JE A R 32 S5 2% A% U 2 BT 2 A
)2, Hohg— 2 A7 028 0 R fih 2 4~ B R BT A Y
HIJG P48 00 22 8] 3 2 28 il 42 |, 3 42 09 28 A R/ &
K HI R 28 T il & Bk op A% T B 5 AT AR ES o
SCHR 2R 0 B H A A AR Ak BE BT M U R A i
(LIF) 2R | 28 fil A 1) 2 > 508 o 72 56 1 6 W B i)
25 M ] BB (STDP) HL A7 o 3 2o 33505 A i il 2
EETIRE N R 20 - QU] IS I =F oE/o5 3
Jk w0 B o A I DL HEAT A 2RI . S RET  HEAS
— BUCIRRE A B i A R R 4 A B 4 b AT, e

0106009-10



a4k E189/2024 £ 1 B/FER

Layer X Layer Y

DAS signal

s Sample Input
Time-frequency  Data vector Input layer = Forward propagation

spectrogram S ®
1

;7 xcitalory Inhibitory
\\ I

o —\I Backpropagation

synaptic connection

Data preprocessing SNN network

DAS recognition with SNN network

18 2T SNNAI DAS JE W2 5 p 4
Fig. 18 SNN-based DAS unsupervised learning network™”
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Fig. 19 DAS transfer learning network based on AlexNet-+SVM™”
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Table 1 Confusion matrix of binary classification
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(predicted label)
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Fig. 20 ROC curves for different models™
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Table 2 Comparison of key DAS signal recognition algorithms and their performance

o Information Model/ F../ M./ Application Ref.
Institution , A/% P/% R/% F . 15 L
extraction method % % scenario  No
University of
Electronic Science . o
Time 1-DCNN  98.19 97.95 97.16 0.9753 — — 27.0ms  Pipeline [58]
and Technology of
China
Huaz! University of
uaz 1on.g niversity o - 1-D CNN 4 ‘
Science and Time 98.40 — — — — — 2.00 ms Cable [62]
DenseNet
Technology
Beijing Jiaotong . . .
- i Time DBN-GRU 96.72 — — — — 1.83  79.0ms Cable [63]
University
. . . . Perimeter
Jinan University Time DRSN-NTF 92.82 — —  0.9167 — — — . [64]
security
. . . Time MS 1-D i Perimeter
Anhui University i . 96.59 — — — — — — ) 65]
(multi-scale) CNN security
o . . Time MSCNN-+ Perimeter A
Tianjin University ) . 84.67 — — — — — 17.0 ms ) [66]
(multi-sacle) CPL security

University of . )
Time (multi-

Electronic Science mCNN +
scale, long- 98.10 98.08 98.08 0.9805 — — 67.0 ms Cable [67]
and Technology of HMM
) short-term)
China
Time (multi- .
— . . LSTM+ Perimeter
Tianjin University scale, long- 94.60 — — — — — — . 68]
. CNN security
short-time )
University of Shanghai i
. . Perimeter
for Science and Time SSGAN  88.94 — — — — — — ) [84]
security
Technology
. Semi-
Beijing Jiaotong . . . .
; ) Time supervised  97.91 97.93 97.96 — — 2.04 — Railway [86]
University .
FixMatch
UGES of Tirkiye T-F 2DCNN  93.00 98.10 — — — — — Cable [70]
Beijing Institute of .
T-F 2DCNN  97.18 98.02 97.99 0.9798 — — — Cable [69]
Technology
Hubei University of Perimeter
T-F 2DCNN  97.22 93.66 91.90 0.9267 — 8.10 — . [71]
Technology security
.. L 2D CNN +
Zhejiang University T-F 93.30 — — — — — — Cable  [59]
SVM
University of
Electronic Science ResNet+
T-F . 98.89 98.58 98.68 0.9863 — — 3.30 ms Cable [72]
and Technology of CBAM
China
University of Cologne T-F ALSTM 94.30 — — — — — 0.910s Cable [81]
University of
Electronic Science Unsupervised
T-F 96.52 — — — — — 0.364 s Cable [87]
and Technology of SNN

China
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Inf ti Model/ Fu/ My / Application Ref.
Institution nmmémn oce A/% P/% R/% F, N x IDT [mmémn ¢
extraction method % % scenario  No
Russian Academy of Perimeter
. T-S 2DCNN  91.20 92.06 — 0.9138 — — — . [60]
Sciencesul security
University of Applied . o L
. ) T-S 2DCNN  99.91 — — — — — 34.3us  Pipeline [61]
Sciences, Austria
Tongji University T-S 2DCNN  98.00 — — — — — — Pipeline [ 73]
- . . 2D CNN-+ o
Tianjin University T-S - — 70.40 82.90 — — 17.1 — Pipeline [ 74]
YOLO
University of
Electronic Science 1D CNNs-
T-S i 97.00 97.06 96.90 0.9706 — 3.10  49.0ms Cable [75]
and Technology of BiLSTM
China
North China Electric _ Perimeter
. . T-S MATCN  98.50 — — — — — 0.530s . [79]
Power University security
. . . 2D CNN + .
Sichuan University T-S 85.60 — — 0.8870 8 — 1.24s Railway [82]
LSTM
Qilu University of Perimeter X
T-S 100G-Net  99.60  — — — — — 20.0 ms ) 76]
Technology security
Southern University of TS Faster = g6 39 0.160s  Cable  [77]
S oo . — - — - — . § Dy [
out er.n University o RCNN S able
Science and '
Perimeter
Technology T-S YOLO 96.14 — — — — — 43.8 ms . [78]
security
. ) Transfer 96.16 — — — — — — Cable [88]
Shantou University T-S )
learning  94.67 — — — — — 3.05ms  Cable [89]
Tsinghua University T-S SSAE 97.90 — 97.38 — — 2.62 1.73ms Pipeline [85]
Shanghai Institute of
Optics and Fine .
S-F DPN 99.28 99.28 99.28 0.9700 — 0.72 — Railway [80]

Mechanics, Chinese

Academy of Sciences

Notes: T-F represents time-frequemcy; T-S represents time-space; S-F represents space-frequency; IDT represents identification time.
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’ Multi-source aliasing/mixing is a common thing in urban. |
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Fig. 21 Multi-source aliasing phenomenon in complex urban environment™”
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Fig. 22 DAS multi-source separation method based on Fast ICA"™
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Abstract

Significance Optical fiber sensors play an increasingly important role in safety monitoring areas in the smart Internet of
Things (IoT). Particularly, a fiber-optic distributed acoustic sensor (fiber-optic DAS) based on the phase-sensitive optical
time-domain reflectometry (@-OTDR) technology provides a highly dense, cost-effective, and continuous environment
measurement way over a wide range. All kinds of vibration sources can be sensed and located with high sensitivity and
precision utilizing the widely laid ordinary telecommunication cables, and thus fiber-optic DAS has been applied in various
ground listening applications, such as natural disaster prediction of ocean-floor seismic activity, volcanic events, and
earthquake, energy exploration in oil and gas industry, and civil infrastructure monitoring in the pipelines, railways, and
perimeters. It leads to a new generation of large-scale fiber-optic IoT for ground and underwater listening technology.
From the current research status in China and abroad, DAS is becoming mature in its hardware performance, such as the
demodulation fidelity, sensing distance, detection bandwidth, and sensitivity, which are all approaching their perfection.
However, with the rapid advance of DAS applications, the complicated and ever-changing environments for large-scale
monitoring have brought about challenges of high false alarm rates due to its advantages of high sensitivity. It is difficult to
achieve high-precision detection, recognition, and positioning of perceived vibration and acoustic targets, which has
become the biggest technical bottleneck restricting the large-scale application of DAS technology. In recent years, driven
by the development of advanced signal processing and artificial intelligence (AI) technology, the signal processing methods
of fully intelligent DAS with high accuracy and real-time performance in practical complex environments have become a
research hotspot and focus in the field of fiber-optic sensing. The signal processing method in DAS plays a crucial and

decisive role in improving the intelligent perception ability of the entire system.

Progress We review the current research status of signal processing methods in smart fiber-optic DAS entering the deep
learning stage, from mainstream supervised learning to unsupervised, semi-supervised, and transfer learning, from single-
source detection to multi-source aliasing detection, and from single-task recognition or localization to simultaneous
implementation of recognition and localization tasks, and we predict possible research directions for further improving the
intelligent processing performance and perception ability of DAS in the future. Firstly, the typical fiber-optic DAS system
structure and its vibration/sound sensing mechanism (Fig. 2), and the smart DAS and its signal processing architecture in
smart city monitoring applications (Fig. 3) are introduced. Then, the signal processing methods based on deep learning are
explained in detail, which includes the main stream of supervised learning methods based on multi-dimensional information
extraction, and semi-supervised, unsupervised learning, and cross-scene transfer learning methods in DAS. For the
supervised learning method, it includes DAS signal recognition models based on temporal information extraction, such as
one-dimensional convolutional neural networks (1D-CNNs) (Fig. 4), multi-scale convolutional neural networks (MS-
CNNs) (Fig. 5), multi-scale and contextual temporal relationship mining methods (Figs. 6-7), and the two-dimensional
recognition models based on time-frequency (Figs. 8-11), time-space (Figs. 12-14), and space-frequency (Fig. 15)
information extraction technologies. Besides, some other supervised methods are also included, for example, recognition
models based on attention-based long short-term memory (Fig. 16) and the fusion of manual features and deep features. Tt
proves that the combination of traditional empirical rules and deep learning networks can further reduce the false alarm rate
of the system. In response to the problem of insufficient labeled samples in new scenarios in practical applications, several
semi-supervised recognition methods based on the 1D-SSGAN (one-dimensional semi-supervised generative adversarial
network), SSAE (sparse stacked autoencoder), and FixMatch models have been involved to achieve accurate recognition
of DAS signals with a small amount of labeled data and a large amount of unlabeled data. Furthermore, the SNN-based
DAS unsupervised learning network (Fig. 17) and the cross-scene transfer learning network based on AlexNet+SVM
(Fig. 18) also appear to improve the generalization ability of DAS signal recognition methods. In order to evaluate the
performance of these recognition models, we introduce seven indicators for evaluating the recognition accuracy and four

indicators for the processing time of the algorithms. The above key DAS recognition methods and their performance are
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statistically compared in Table 2. At last, the new challenges of smart DAS sensing, from single-source detection to multi-

source aliasing detection, from target recognition to localization, and from a single task to multi-task processing, as well as

other methods to enhance its intelligent perception capabilities, have also been introduced.

Conclusions and Prospects Further improvement of signal processing and its sensing capabilities still faces new
challenges and opportunities and will open a new chapter in fully intelligent DAS. Stable, accurate, real-time, and
efficient signal recognition in DAS in new complicated application scenarios remains a research hotspot in the field of
distributed fiber-optic sensing in the future, including: 1) improving the generalization ability of DAS recognition models in
cross scenarios; 2) significant improvement in real-time processing capabilities in DAS; 3) improvement of multi-task

processing ability in DAS; 4) implementation of high-performance on-chip DAS.

Key words fiber-optic Internet of Things; phase-sensitive optical time domain reflectometry; fiber-optic distributed

acoustic sensor; smart sensing; signal processing
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