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Abstract With the rapid development of communication networks and ar ti cial intelligence, large-scale deployment of optical ber
undersea has become essential to meet growing data demands. Recent advances have explored integrating environmental s ensing capa-
bilities with existing optical ber infrastructure, lever aging both its extensive coverage and high sensitivity. Thi s paper presents the
principles and methods of distributed acoustic sensing (DA S), highlighting technical innovations that address chall enges such as limited
dynamic range, phase fading, and environmental noise. We de monstrate integrated sensing and communication (ISAC) sys tems using
both wavelength-division multiplexing (WDM) and space-di vision multiplexing (SDM) techniques, enabling simultane ous high-capacity
data transmission and distributed sensing. The applicatio ns of such system to achieve ocean wave analysis, seismic mon itoring and ship
detection with submarine optical ber cables are discussed to illustrate the practical application of ber-optic ISAC systems. In the end,
the paper outlines future prospects for smart environment m onitoring enabled by these integrated technologies.
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1 Introduction

The submarine optic ber cables are an essential part of internatimal telecommunication and carries more than
95% of global data trac. Over the past decade, the rapid growth of global internet tra ¢ has accelerated the
deployment of submarine optical infrastructure. Apart from their primary role in data communication, these
networks have emerged as promising platforms for environment ntatoring, enabled by the integration of advanced
photonic technologies 1{4].

The emerging technology of photonic integrated sensing and commmication (ISAC) enhances the utility of
submarine cable networks. It combines communication and sensingufctions on the same ber, which helps use
resources more e ciently. This approach enables simultaneous trasmission of telecommunication data and sensing
signals-such as temperature, strain, and vibration-through matire wavelength-division multiplexing and advanced
backscattering analysis techniques, including Rayleigh, Brillouin, andRaman scattering. Distributed optical ber
sensing (DOFS) enables the ber to act both as the transmission méium and sensor, transforming optical bers
into a vast distributed array of sensing elements. Distributed acouwtic sensing (DAS) technology enables the existing
submarine ber optic cables to provide real-time, long-range, and #-weather monitoring capabilities [5{7]. Unlike
point-based sensors, DOFS can continuously monitor tens of thagands of spatial points along the optical ber,
providing temperature, strain, and vibration information. Among t hese schemes, DAS using phase-sensitive optical
time-domain re ectometry (-OTDR) based on coherent detectio n of Rayleigh backscattering (RBS) light is widely
used for dynamic strain measurement due to its high sensitivity and &st response 8, 9]. As its rapid development,
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DAS has been successfully applied in oceanic geological applicatiod®{12], tra ¢ monitoring [ 13{15], classi cation
of geological structure [L6{20], and structural health monitoring [ 4,21{27] for civil and mechanical engineering.

This paper starts with a brief introduction in Section 1, followed by detailed description of the working principle
of DAS based on -OTDR and the demodulation approaches we develped for intelligent environmental monitoring
in Section 2. The key technical challenges in conventional DAS systems, includigy dynamic range limitations,
phase fading, and environmental noise, are then discussed, alongth proposed solutions such as dynamic range
enlargement algorithms, fading suppression techniques, and dedparning-based denoising. Sectio3 describes the
integration of distributed ber-optic sensing and high-capacity data transmission, in an architecture of WDM-based
and SDM-based sensing and communication system. Section 4 prege practical applications, including ocean wave
analysis, seismic event monitoring, submarine cable repositioning, ahship detection using the homemade DAS
prototype. Finally, the paper concludes by outlining the main challenges for real-world deployment of ber-optic
ISAC systems and discusses future research prospects.

2 The principle of distributed acoustic sensing and innovat ive demodulation algo-
rithms

2.1 The principle of distributed acoustic sensing

Currently, there are two main methods for distributed ber optic s ensing: optical frequency domain re ectometry

(OFDR) [28{32] and optical time domain re ectometry (OTDR) [ 7,8]. Among them, distributed acoustic sensing

based on coherent Rayleigh backscattering is widely used for dynaim strain measurement because of its high
sensitivity and fast response. Compared with OTDR, OFDR o ers higher spatial resolution and a better signal-to-

noise ratio. However, OFDR systems are very sensitive to laser plsg noise, which limits their sensing range and
bandwidth. Therefore, for long-distance vibration monitoring, OT DR is usually preferred.

Basically, distributed -OTDR technology utilizes RBS light to detect e xternal vibration along the ber. This
RBS light in optical bers arises from photon scattering e ects, which are elastic, meaning that the photon energy
remains unchanged while the direction of light propagation changes.This property makes RBS highly sensitive
to phase variations. Owing to its higher intensity among scattering nmechanisms, Rayleigh-based distributed ber
sensing is particularly suitable for detecting vibration signals along tte ber [33].

Traditional OTDR technology monitored typical events in optical b er links by analyzing the power of the
returned RBS light signals. As shown in Figure 1, the probe pulse modulated by an acousto-optic modulator
(AOM) propagates through the optical ber. The RBS light from ea ch scattering point along the ber returns to
the input end and is detected by a receiver. The location of each poinis determined based on the arrival time
di erence of the backscattered signals and the speed of light in theber core. Due to limitations in light source
technology at the time, early OTDR systems were unable to capturephase information at any given points along
the ber, and thus could not retrieve vibration-related informatio n from these locations.

In contrast, -OTDR system employs a highly coherent narrow-line width laser as the light source, whose gener-
ated RBS light also exhibits high coherence. When external vibrationis induced on the sensing ber, the phase of
the RBS light from the disturbed region varies with the vibration inten sity. According to the photoelastic e ect,
a linear relationship exists between applied strain and the resulting plase change in the RBS light. Figure2 [34]
illustrates a schematic -OTDR based DAS system using coherent déection scheme. In principle, the incident light
emitted from the narrow-linewidth laser is split by a ber coupler into t wo beams. One beam is modulated into
pulsed light by an AOM, ampli ed by an ampli er (EDFA), and injected int o the single-mode ber via an optical
circulator. When the ber is subjected to external disturbances, the RBS light carries information about the vibra-
tion. The other beam serves as a local reference and is combined Wwithe RBS light through a coupler. The mixed
optical signal is then converted into an electrical signal by a balaned photodetector (BPD). Subsequently, this
electrical signal is processed by a band-pass lter, data acquisitio (DAQ) unit, and a computer (PC) for ltering,
acquisition, and demodulation, respectively. With customized algorihms, the phase change linearly proportional
to external vibration could be retrieved accurately from the RBS light [35{37].

2.2 Dynamic range enlargement of distributed acoustic sens ing

Traditional demodulation algorithms in -OTDR face several limitation s, including restricted signal demodulation
range, phase fading issues, and susceptible to environmental neisTo overcome these challenges, we have demon-
strated demodulation algorithms that successfully improve the dyramic range in prior research presented in34].
The key challenge in traditional -OTDR DAS systems comes from the inherent limitation of phase unwrapping
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Figure 1 (Color online) The basic principle scheme of OTDR.
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Figure 2 (Color online) The basic principle scheme of -OTDR [ 34] Copyright 2022 IEEE.
algorithms. The phase di erential retrieved from RBS light is restricted to the range ( , ] due to the inverse

triangle function used. This makes the system unable to detect s&in events when phase jumps are larger than

. Consequently, for large strain variations or high amplitude vibrations, phase retrieval becomes invalid. In our
proposed scheme, the demodulated phase sequence can be espeel as a combination of the actual external per-
turbation signal and a wrapped term of integral multiples of 2 . By adopting inverse discrete Fourier transform
(IDFT), the signal is decomposed into sinusoidal components. To ddress the need for large amplitude and low-
frequency vibration measurement, we proposed and experimeniig demonstrated a novel demodulating scheme
incorporating temporal di erential (TD) and Weighted-Gauge app roaches, facilitating dynamic range enlargement
on standard single-mode ber without additional hardware complexity.

The TD method operates by calculating the di erential between consecutive phase points, e ectively shrinking
the amplitude of large variations. The amplitude scaling factor introduced through TD ensures signal shrinkage
under conditions where the e ective signal bandwidth is less than oe-sixth of the sampling rate. This treatment
allows the unwrapping algorithm to process signals with reduced amplitde, erasing the wrapped term and rendering
previously undetectable large vibrations measurable. When large pdise variations occur, the rst-order TD method
may fail due to residual phase jumps exceeding. In this regard, a second-order TD approach was implemented,
which further compressed the signal amplitude, enabling reliable demdulation of stronger variations. The second-
order TD operation provides additional amplitude reduction while preserving the original signal characteristics,
e ectively extending the system's dynamic range for large-phaseenarios.

Basically, random phase deviations and low-frequency drift noise sig cantly deteriorate the accuracy of small
vibration sensing in DAS systems. Thus, a weighted-gauge appro&avas introduced to provide an e cient method
to suppress such noise. By calculating phase di erentials more présely between spatial positions, this method
minimizes random deviation-induced errors. Experimental results eveal that the conventional di erential method
su ers from phase drift and low-frequency noise, especially at freuencies lower than 100 Hz. In contrast, the
weighted-gauge approach e ectively stabilizes the detected sigis, suppressing noise oor in the low-frequency
region and enhancing SNR by over 20 dB for signals under 100 Hz.

The proposed TD and weighted-gauge methods were validated thrggh laboratory experiments on a 10 km
single-mode ber system and the schematic owchart of the demodlation process is illustrated in Figure 3.

In experiment, large vibration-induced strain was performed on tte test ber, and the system could successfully
measure ber strains of 2.367 " at a vibration frequency of 200 Hz. The maximum measurable result ging the
TD method was found to be 100.1 times larger than that of the convational unwrapping algorithm, representing a
signi cant improvement in dynamic range without the need for specidized ber treatments or increased hardware
complexity. To evaluate the applicability of TD for arbitrary vibration detection, multi-frequency signals (com-
prising 75, 100, and 200 Hz components) were generated and anagd. The demodulated output closely matched
the original waveform with R2 of 0.9957, and the power spectrum ekibited clear separation of the constituent fre-
quencies. The SNR for single frequency component reached 45.8 d&n rming the high accuracy and robustness
of the TD approach in practical scenarios. The weighted-gauge gmoach's e cacy was highlighted through small
vibration tests, where a phase variation of 0.56 rad (correspondig to ber strain of 4.73 n") induced by a 100 Hz
signal was distinctly detected. Compared to the traditional di ere ntial method, which was heavily impacted by
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Figure 3 (Color online) Flowchart of the demodulation method [ 34] Copyright 2022 |IEEE.

phase noise, the weighted-gauge approach demonstrated supmrsuppression with an SNR of 36.7 dB. The noise
oor for frequencies above 30 Hz became nearly at, indicating sighcant noise reduction.

2.3 A novel approach for mitigating fading e ects

In addition to measurable dynamic range mentioned in the previous setion, phase fading is also a critical issue that
hinders phase retrieval in the -OTDR DAS systems, which causes lecal amplitude attenuation in the backscattered
signal, resulting in phase instability and distortion. To mitigate fading e ects, we proposed a novel three-layer
structure multiplexing (TLSM) approach to suppress Rayleigh fading, signi cantly enhancing performance in long-
haul -OTDR-based DAS [ 38]. Unlike existing multiplexing schemes and phase compensation algoriths that
often struggle with hardware complexity or induce non-uniform spaial resolution and residual phase uncertainty,
the TLSM method is able to achieve robust, fading-free interrogaton across a 40-km sensing range.

The theoretical model of the TLSM method was established upon aigorous analysis of fading occurrence in
frequency-dependent RBS traces. In -OTDR systems, narrowlinewidth lasers produce jagged intensity traces
along the ber due to the constructive and destructive interference of a multitude of randomly distributed scatterers.
The nature of Rayleigh scattering ensures the amplitude of the comosite signal follows a Rayleigh distribution,
while its phase is uniformly random in [0, 2 ). When the local intensity of the RBS trace approaches zero dued
the inherent statistical variations, the system is subjected to phase-reversal and substantial uncertainty. Moreover,
the location of fading events depends on factors such as the motied frequency of the probe pulses and the local
e ective refractive index, reinforcing the idea that altering these parameters can disrupt the spatial distribution of
fading locations.

As shown in Figure 4, the core strategy of TLSM includes three layers. The rst layer enploys multiple-
pulse interrogation by utilizing dual probe pulses at di erent frequencies generated via acoustic-optical modulators
(AOMs), enabling the system to achieve multiple independent detedbns [39]. To further enhance local signal
intensity, the second layer introduces a decomposition algorithm in he frequency domain. For each probe pulse,
the RBS trace is split into a main lobe and two sidelobes using nite impulseresponse (FIR) Itering. Each
resulting component covers distinct frequency regions, distribuing the vibration-induced phase information evenly
and further disturbing the statistical overlap of fading points. Th e third layer focuses on spatial multiplexing. Given
that fading tends to occur locally, the TLSM technique leverages tle spatial rotated-vector-sum (SRVS) algorithm,
which reconstructs the phase signal by combining adjacent samplip points within a de ned gauge length. This
approach e ectively suppresses fading, as adjacent points rahg experience fading simultaneously.

An additional enhancement was realized by employing Kalman Itering prior to RVS recombination. The inherent
frequency drift of lasers and the various central frequencies gfrobe pulses can introduce slow-varying phase drift
in each sub-component. The Kalman Iter dynamically tracks this drif t, predicts and corrects phase mismatches,
and then ensures accurate phase alignment across all channelsxgerimental validation showed a notable reduction
in the standard deviation (STD) of phase along the ber, with the mean phase STD dropping from 0.10 rad to 0.04
rad in the rst 20 km when the Kalman Iter was employed. This conrm s that phase uncertainty is signi cantly
reduced.

The experimental setup of the TLSM method is illustrated in Figure 5. Experiment results show that the
three-layer TLSM scheme demonstrates signi cant performanceenhancement, achieving a 35.2 dB improvement in
normalized amplitude trough over 40 km ber compared to conventianal single-layer implementations. This sub-
stantial improvement e ectively eliminates signal fading e ects, as con rmed by comprehensive large-scale testing.
The system successfully recovers vibration signals with high qualityeven under previously distorted conditions.
Notably, the proposed method preserves all essential -OTDR functions, maintaining both precise vibration event
localization without spatial crosstalk and uncompromised spatial resolution throughout the measurement range.
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; (b) second layer; (c) third layer [ 38] Copyright 2024 IEEE.

Figure 5 (Color online) Experimental setup of the TLSM [ 38] Copyright 2024 IEEE.

2.4 Denoising algorithm based on deep learning

While the modi ed algorithm theoretically addresses key challenges in [AS applications, its practical application
still faces several interference factors. A fundamental challege that persists in DAS signal acquisition, especially
in complex marine environments, is the mixing of useful seismic signals ith various forms of noise, including
instrument system noise, environmental noise, and additive white Gussian noise. While classical denoising methods,
such as dictionary learning (DL) [40,41] and principal component analysis (PCA) [42], have shown e ectiveness in
some contexts, their ability to handle the high-variability characteristics of DAS data is limited. DL suppresses
incoherent noise by representing signals with a constructed dictioary, yet often yielding suboptimal results when
the underlying statistics of seismic signals shift considerably. PCA rduces the dimensionality of data and retains
principal components, but may inadvertently discard key information, especially for weak or emerging seismic
events, due to the inherent dimensionality reduction.

In response to these limitations, we demonstrated an innovative, apid, and robust DAS denoising approach
based on deep learning in the work presented indB]. Assisted by the self-supervised learning and transfer learning,
the proposed algorithm achieves remarkable denoising performardn both accuracy and computational speed. In
contrast to the conventional, label-dependent supervised deep &ning models, or the methods such as generative
adversarial networks (GAN) [44,45], multistage denoising networks (MSDN) 6], and attention mechanisms §7,49],
whose output quality can be strongly dependent on the represemitiveness of the training data, our approach
combines the self-supervised learning with the transfer learning thnique.

Figure 6 presents the overall architecture of the proposed denoising mhbd, including two cascaded modules. In
the rst pre-processing module, the raw DAS data is processed bpand-pass Itering, zero-mean normalization, and
down-sampling in the time domain. After pre-processing, a U-net daoising network is used as the second module
to remove in-band noise.

The proposed approach is implemented via two-phase training proas. Firstly, the network is pre-trained on
a simulation dataset created using a physically accurate seismic pr@mation model. This step builds a basic
understanding of fundamental seismic signal features and their iteraction with noise within a well-controlled,
realistic framework. The pre-training ensures the model appreheds the essential characteristics of DAS-recorded
seismic signals, including their statistical structures and propagaion signatures. Following this, transfer learning
is carried out using real-world DAS data gathered through a 16.3-kmn-service submarine optical ber cable. This
crucial step ne-tunes the model to accommodate the speci ¢ nise properties and signal anomalies present in actual
eld measurements, making the model better suitable to the real dta. In addition to self-supervised and transfer
learning, the training process incorporates supervised learning focomparative assessment, ensuring the selected
approach o ers optimal performance.
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Creative Commons Attribution 4.0 License. (a) Overview of t he denoising methods; (b) schematic structure of the denois ing network; (c) basic

structure of the residual module.

The results demonstrate that the proposed denoising network dueves exceptional results with a windowed
signal-to-noise ratio (WSNR) of approximately 26 dB, which is the highest among all tested denoising algorithms
under identical operating conditions. Furthermore, the processg time is optimized to 0.32 s per data segment. In
comparison, the processing time is faster than traditional metho@ such as dictionary learning (1.10 s), robust-PCA
(0.63 s), JDAS (0.34 s). This rapid computation is very important for real-time DAS monitoring, early warning
systems, and scenarios requiring swift data analysis. The denoisingetwork is further validated on eld data
corresponding to nine distinct earthquake events recorded by th deployed DAS system. The algorithm achieves
SNR improvements exceeding 11 dB even for weak seismic occurr@s¢ such as an event with a surface wave
magnitude (M) = 1.7 at an epicentral distance of 213.61 km.

3 Fiber-optic integrated sensing and communication system

At present, the submarine optic ber cable system is the key infragructure of international telecommunication,
carrying over 95% of the world's cross-border data trac. Besides communication, submarine ber cables also
bring new opportunities for environmental monitoring. Integrate d sensing and communication (ISAC), an emerging
technology originating from wireless applications, enables e cient staring of hardware and signal resources for dual
sensing and communication capabilities49,50]. The same concept could be adopted on ber-optic communication
system to realize photonic ISAC systems. Based on the existing sabarine ber networks, photonic ISAC is able
to achieve e ective monitoring of various marine activities [51]. In this regard, we demonstrate two kinds of ber-
optic ISAC systems based on wavelength division multiplexing (WDM) ard space division multiplexing (SDM)
technologies.

3.1 Integrated sensing and communication system based on WD M

Basically, the DAS system uses a single optical ber for both transnission and sensing. In this scheme, the existing
monitoring channel of the commercial optical communication systen supports the sensing function. As shown in
Figure 7, by adopting mature WDM technology, there is su cient isolation bet ween communication and sensing
channels. This allows both functions to operate independently on tle same submarine ber without occupying
ongoing data channels. A main advantage of the photonic DAS systa is that the sensing probes do not interfere
with communication signals, unlike wireless ISAC system where interfeence is a critical concern. Because both
sensing and monitoring signals use limited bandwidths (typically below 10 MHz) and di erent wavelengths, they
can coexist within the monitoring channel. Although this integration slightly increases system complexity by



Cao X L, etal. Sci China Inf Sci June 2026, Vol. 69, Iss. 6, 160303:7

o o EDFA CIR  Fiber
WDM channel for data communication Ao H
A : i :
sesssssssssasannsansnsnnnnnniiannnannsnsunnnnnnnnnnnnnnnnn, ! f |
I 1 } i I
1 1 i c I I ( —Optical signal }
1 1 : : omputer DAQ e —Electrical signal}
I 1 j .
1 1 - - Il
1 1 = ] DAS Pulse
| 1 :
| 1 : Fiber
1 1 i
1 1 |
1 1 | ¢ . . . .
| I i Noise source Signal source
| (F , Ao
1 i ' & T T - -
1 ] ‘ g i
I n N : i
L L |-
Wavelength WI‘L\“
Monitoring channel for sensing Backward Rayleigh scattering
Figure 7 (Color online) Distributed optical ber sensing system bas ed on WDM [ 52] Copyright 2022 |IEEE.

requiring additional Iters to separate sensing and monitoring signds, the communication part remains compatible
with commercial optical ber networks.

The distributed sensing in DAS system is based on -OTDR technology which works like a 1D radar in an
optical ber [ 53{56]. The optical communication and sensing modules share the same fabut operate in separate
wavelength channels, avoiding interference. For marine informatia monitoring applications, distributed ber sens-
ing must o er long range and high sensitivity. Recently, advanced opical communication techniques and machine
learning have been applied to ber sensing, improving signal-to-noiseatio and pattern recognition. Signal enhance-
ment and direction cognition techniques also support underwater aoustic source localization. These developments
con rm the suitability of the photonic ISAC system for coastal and marine sensing applications.

The WDM-based DAS system o ers a distinct advantage by utilizing already-deployed submarine communica-
tion optical bers as sensing elements, resulting in signi cantly reduced implementation costs. Meanwhile, the
WDM-based ISAC technology bene ts from a mature industry chain, low-cost components, and high integration
compatibility. However, such systems need precise selection of s&ng wavelength to avoid interference with com-
munication bands, which in turn causes relatively high loss and shortes the sensing distance if the wavelength is
out of C band.

3.2 Integrated sensing and communication system based on SD M

Apart from the WDM-based ISAC system analyzed above, we also desloped an SDM-based system using seven-core
optical ber [ 57]. This architecture supports large-capacity communication while integrating distributed sensing
capabilities within a single ber. Based on the deployed seven-core ler, a distributed sensing system can be
realized to detect vibration information along the optical cable. By employing independent spatial path of the
seven-core optical ber through SDM, distributed sensing is achiged using one of the cores. Figuré depicts the
simultaneous realization of sensing and communication. For distribuéd vibration sensing, a narrow linewidth laser
at 1550.92 nm was modulated into 50 ns pulses at a 1 kHz rate using artausto-optic modulator (AOM), ampli ed

by an EDFA, and injected into a single core. Phase changes due to &tnal vibrations were retrieved from the
backscattered signals via coherent detection. Meanwhile, SDM comunication with a capacity of over 200 Tb/s
operates on the remaining six cores. The inset gure of Figur8 shows the measured optical spectra for both sensing
and communication in each core.

Due to the low crosstalk between cores, sensing and communicatiaiannels do not interfere with each other. At
the communication wavelength of 1550.92 nm, the average bit errorate (BER) in the six communication cores is
8:55 10 2 with the sensing system on, and &0 10 2 without sensing system, showing only a 0.58% uctuation.
This con rms that the sensing operation has negligible impact on comnanication performance.

In SDM-based DAS systems, sensing signals are transmitted thrah independent spatial channel, avoiding
competition with communication signals for bandwidth resources andimposing no restrictions on the selection of
light source wavelengths. Additionally, using multiple ber cores to jointly transmit sensing signals can enhance
spatial sampling density. In contrast to the widespread deploymeh of conventional single-mode bers, multicore
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Figure 8 (Color online) The con guration of sensing system for simul taneous sensing and communication [ 57] Copyright 2023 |EEE.

bers remain minimally adopted in submarine communication infrastructure. As the submarine multi-core ber
is approaching reality [58], this SDM technology has the great potential to step further into next generation of
submarine optical communication systems. In this regard, the SDMbased ISAC shows extendable capability as
more spatial channels could be accommodated, although it necesates the installation of dedicated specialty bers.

We have demonstrated two kinds of ISAC systems by employing WDM ad SDM techniques, but DAS applications
based on telecommunication bers still face certain challenges. Filtyy, the huge amount of sensing data from DAS
system requires more advanced signal processing methods and Algorithms. These approaches help to analyze
and identify di erent ocean signals more accurately and automaticdly. Secondly, it is di cult to distinguish the
vectorial directions of the acoustic vibration merely based on the gisting single-core optical ber DAS signals while
the geological structure imaging basically requires multi-dimensionalacoustic wave signal for better modelling.
In this regard, one possible solution to enhance such capability is to inoduce more spatial channels such as
multiple cores in one ber. For example, by measuring DAS signals simulhneously from three cores arranged 120
apart in the ber, we managed to detect vibration direction. Finally, integrating DAS system with the submarine
telecommunication optical ber still has the issue of longer sensing ttance with multiple ampli cation spans,
although the detection ber length of DAS could reach 100 km. The airrent advancements are mostly focused on
the submarine ber cable around tens of kilometers o shore. Thus sensing over longer distance and wider ocean
area requires better repeater schemes to amplify DAS signal andllaw it to be propagated, which however is still
a challenge in our demonstrated ISAC systems.

4 Marine information monitoring via the submarine ber-opi tc ISAC system

4.1 Ocean wave analysis using submarine optical ber cables

Basically, most coastal areas are subject to geological activitiessuch as earthquakes, tsunamis, and typhoons.
Conventional monitoring technologies such as buoys and ocean hoim seismograph, rely on xed-point sensors
with limited coverage and challenging maintenance. Owing to the propgies of long-distance coverage, low loss,
immunity to electromagnetic interference, submarine optical ber cable can be developed as distributed sensing
platform without a ecting their communication function. Pre-exist ing submarine telecommunication ber cables,
when combined with distributed sensing technology, allow for detailedstudy of ocean wave phenomena including
surface gravity waves and underwater seismic waved2,59].

As a veri cation of the submarine ber-optic ISAC system, we employed the existing monitoring channel of a
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Figure 9 (Color online) Frequency-wavenumber spectrum obtained by the raw data of DAS [ 52] Copyright 2022 IEEE.

commercial ber-optic communication system for sensing, enablingzarious ocean sensing and monitoring functions
without disrupting optical communications. The testbed was deployed outside the Pearl River Estuary in China,
utilizing a submarine optical ber cable between Sanijiao Island and Gushan Island. The single-end sensing facility
was located in the telecontrol room on Sanjiao Island. Throughoutthe whole experiment, optical communication
services between the two islands remained operational. Based onithtestbed, we achieved long-term sensing and
monitoring over 10 months without power supply issues, along with ral-time data acquisition. Using the massive
sensing data continuously collected by the system, the ocean wawanalysis was achievedd2].

Frequency-wavenumber { -k) domain analysis is commonly used to study ocean dynamics. To obtairthe f -k
spectrum, a two-dimensional fast Fourier transform was perfomed on raw data collected by the submarine ber
sensing module, which records acoustic and vibration signals. Figur@ presents the calculatedf -k spectrum based
on 14 min of data acquired by the optical ber cable positions at 2 to 11 km away from Sanjiao Island. From
the f -k spectrum, phase velocity can be calculated as a ratio of frequenctp wavenumber for di erent acoustic
signals, which helps to describe ocean wave propagation. In the speum, Quadrants 1 and 3 show waves with
positive phase velocities (eastward), while Quadrants 2 and 4 showeagative phase velocities (westward). The sign
of phase velocity indicates the direction of wave propagation alonghe cable. Most ocean surface gravity waves
have frequencies below 0.3 Hz, and more energy with negative phaselocity appears at low frequencies, meaning
westward-propagating waves are stronger during the observain period. This matches actual observations. The
white dashed line in Figure 9 indicates the dispersion relation of ocean surface gravity waves,oo rming energy
propagation in both directions along the cable.

To further analyze the energy distribution, white dashed lines for phase velocities of 10, 100, and 1000 m/s
are shown. The strongest energy is around the 10 m/s line at freqgncies below 0.3 Hz, which re ects natural
ocean waves with small wavenumber and low speed. Another area lidsetween the 100 m/s and 1000 m/s lines,
corresponding to waves with higher frequencies and larger phaseshocities, most likely representing transoceanic
seismic waves. This demonstrates that photonic ISAC technology ealized directly based on existing submarine
telecommunication ber cables shows great potential for seismic moitoring and ocean observation.

4.2 Earthquake detection using submarine optical ber cabl es

DAS has been demonstrated as a powerful tool for large-scaleismic monitoring, especially when integrated with
submarine optical ber cables. The submarine cables originally deplogd for telecommunication can also function
as dense seismic sensor arrays via DAS-based ISAC system, prawigl exceptional spatial coverage in underwater
environments [11, 12, 60{62]. Compared to traditional ocean-bottom seismometers §3, 64], DAS on submarine
optical ber cables o ers the advantages of massive data strears, real-time monitoring, and lower maintenance
costs. However, the raw data from underwater DAS contains sigincant background noise and massive volume,
which poses challenges for e cient and accurate seismic analysis. Ithe work presented in B5], we established a
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complete and practical signal processing procedure for seismic @t analysis to achieve earthquake detection and
location based on submarine optical ber cable.

The proposed DAS signal processing architecture for seismologyglications is illustrated in Figure 10, comprising
three parts. In the preprocessing stage, raw DAS data underges initial Itering and normalization [ 66{68] before
advanced denoising to remove noise across multiple domaindq, 69{71]. The processed data then enters the
wavefront alignment module, which calibrates arrival time di erences of seismic waves between adjacent DAS
channels along the ber. For seismic recognition, feature extradbn and classi cation algorithms are implemented
to rapidly identify seismic signals within large DAS datasets, utilizing unsupervised learning based on frequency-
wavenumber feature clustering of the denoised data. After an eghquake is detected, the system analyzes the seismic
waves. It uses the arrival times of the waves to estimate how fartie epicenter is. To determine the earthquake's
magnitude, the system combines this distance with past DAS meas@ment data.

Field tests were conducted using our underwater DAS-based ISA@stbed with a 16.3 km submarine telecommu-
nication cable in the Pearl River Estuary. The system includes a custmized software interface displaying real-time
seismic monitoring information, including location map, waterfall plots, and earthquake parameters (i.e., time,
location, magnitude). The DAS system operates on the monitoring bannel, ensuring uninterrupted data communi-
cation services by wavelength separation from data channels. To atch the large scale and low frequency of marine
events, the DAS system was set with a 50 km sensing range, 4 m spat resolution, and a minimum frequency
response of 1 mHz.

The cable comprises three segments: (i) a 2.3 km land section on S&w Island, (i) a 10.7 km undersea section
(primary sensing region), and (iii) a 3.3 km land section on Guishan Islad. The DAS interrogator, located in the
telecom control room (22138 N, 11370 E) on Sanijiao Island, monitors the cable terminating at Guishan Islard
(22:13 N, 11382 E). These actual endpoint coordinates help to locate epicenter ofarthquakes through the methods
described previously.

Based on the proposed preprocessing algorithms, the raw DAS datacquired for the Huizhou earthquake swarm
(2022.03.14) was processed. The time-distance plots in Figurkel show the results for the seven continuous earth-
quakes within 12 min. After ltering and normalization Figure 11(a), residual noise remained, as seen in Fig-
ure 11(b). Using the denoising algorithm, spikes were e ectively removed kgure 11(c), improving the data quality.
For wavefront alignment, we used the data from the blue box in Figue 11(c). The original wavefront (Figure 11(d),
blue dotted line) shows a slope due to time delays between various chaels. After applying the wavefront alignment
algorithm, the compensated wavefront (Figure 11(e), blue dotted line) is successfully aligned. This alignment is
crucial for accurate epicenter location and magnitude estimation. For the preprocessed data, we employed three
classical clustering algorithms for subsequent analysis, including sztral clustering, DB-scan, and hierarchical
clustering. As shown in Figure 11, compared with the o cial GSB earthquake reports, hierarchical clustering Fig-
ure 11(h) demonstrated the highest earthquake detection rate. It was the only algorithm capable of identifying the
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smallestM | 2.0 earthquake. Both DB-scan Figurel1(g) and spectral clustering Figure 11(i) successfully detected
6 out of 7 seismic events. DB-scan showed the fastest computatial performance, completing the task in just
0.02 s.

To evaluate the denoising e ect, we calculated the SNR for each edinquake using the high-SNR ber section
(from 11761 to 12251 m). Taking half of the maximum signal of the Ribiter magnitude (M) 2.0 earthquake as the
threshold, above which the signals were considered as seismic evgiaind those below it were treated as noise. The
SNR results show improvements from 3.02 to 8.42 dB for all seismic emts, con rming that the denoising operation
e ectively enhances seismic signals. For the closely occurrinlyl. 3.5 andM | 4.6 earthquakes, they were regarded
as one event for SNR calculation.

In this work, we demonstrate a standard signal processing procire for earthquake detection and measurement
using submarine ber-optic DAS. Although typical earthquakes close to the optical ber cable were monitored and
analyzed in a proper way, several issues still remained to be solvenhcluding: (i) automated parameter adjustment
during signal preprocessing; (ii) precise epicenter localization usingnultiple sensing bers; (iii) estimation of ab-
solute magnitude by establishing the relationship between DAS ber $rain rate and earthquake magnitude; and
(iv) automatic identi cation of seismic events and other signals assited by Al algorithms. Furthermore, leverag-
ing global telecommunication ber networks based on ber-optic ISAC technology, it is anticipated that broader
implementation of DAS for seismology is possible on a worldwide scale.
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Figure 12 (Color online) AlS-based vessels' trajectories and corres ponding wave patterns in DAS data [ 73] Copyright 2025 IEEE.

4.3 Repositioning of submarine communication optical ber cables

Submarine telecommunication cables form a critical component of gloal communication infrastructure, making
their security particularly important. However, post-deployment cable positions may shift due to ship anchor
drags, submarine landslides, and ocean currents, posing signi cauli culty of locating the optical ber cable during
maintenance and repair R2]. Existing cable localization methods face practical limitations in eld applications [72].
To address this issue, we propose a DAS-based collaborative fusianethod combining ship-wave and automatic
identi cation system (AIS) data for submarine cable path repositioning [73]. By transforming communication cables
into an ISAC network, this approach o ers a practical repositioning solution, especially for buried cables, enabling
continuous remote vibration monitoring and all-weather calibration capabilities.

At the deployment site near Gulangyu Island, Xiamen, China, the setion of the submarine communication cable
calibrated using the DAS system spans from approximately 2.31 to 4.0 km along the cable's length. The DAS
system provides a spatial resolution of 4 m over a maximum range of4B25.328 m. For cable route calibration,
initial endpoint coordinates were manually extracted from nautical charts. These coordinates and the cable path
will be precisely recalibrated using the proposed repositioning metha.

When a vessel moves on the water, it creates ship waves that spd out behind it and induce corresponding
vibrations on the submarine cable. The DAS device captures theseibrations as a projection of the ship waves,
rather than directly imaging the surface wave pattern. The DAS-measured ship wave pro le mainly depends on
the crossing angle () and the speed (V) of the vessel as it passesver the cable, since the device measures the
pore-elastic strain along the cable.

Di erent from top-down images from synthetic aperture radar (SAR) or optical cameras, DAS data provide a
spatiotemporal pro le, forming a two-dimensional grid of cable distance and time. The shape of the ship wave in
DAS data is also in uenced by the Froude number [/4], as well as environmental and vessel factors. To simplify
the analysis, we used the simpli ed Kelvin ship wave theory 5, 76], which gives a closed-form solution for the
surface wave pattern. Based on this, the projection of ship wavgonto a linear cable segment can be simulated by
considering the vessel's crossing angle and speed. As a result, theslated DAS-based ship wave matched closely
with measured data for an event with water depth 10 m, speed 13.9&/s, and angle 7711 , validating the proposed
model to trace ship wave accurately.

The repositioning method includes three main steps. Firstly, ship wae images are generated for cable reposition-
ing. The initial deployment of the submarine communication cable is esimated, and AlS data from nearby vessels
are used to approximate the time and location of ship passages. DABased ship wave images are then produced
based on this information. The time window is typically set to one minute to capture the ship wave, though the
estimated cable position may introduce some inaccuracy in aligning theship wave peak. Secondly, the ship wave
peak in each image is manually identi ed to determine the crossing time ad the crossing position on the cable. The
AIS data at the crossing time provide the crossing geolocation. Fohigher precision, only images with clear wave
peaks are selected, and the diverging wave pattern is analyzed to fier the linear segment of the cable. Thirdly,
the geographic location of the cable's linear segment is calculated by lear tting. This step uses all the crossing
geolocations and corresponding positions from multiple ship passingvents to re ne the cable route.

As for the eld test near Gulangyu Island, Xiamen, the tested cablespanned from about 2.31 to 4.07 km relative
to the DAS readout, as shown in Figure12. During the test period, multiple vessel passages were identi ed ath
analyzed. Cross-validation between DAS ship wave peaks and AlIS gkcation data of ship crossings allowed for
precise repositioning. The results showed that the geographic cedinates of the cable's endpoints were highly
consistent with those marked in the construction drawings, with maximum errors of only 14.36 and 30.28 m. The
method proved particularly e ective in o shore linear segments, though challenges remained for coastal segments
due to deformation and breaking of waveforms near the shore.
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4.4 Ship detection based on annotated dataset

As a secure transportation, it is vital to realize real-time detection of the movement and identi cation of vessels on sea
water surface [/7,78]. Traditional technologies such as coastal video surveillance, sdti#ée imagery, and synthetic
aperture radar (SAR) have been employed extensively for these ysposes ¥9{82]. However, these conventional
approaches still show certain limitations, such as sensitivity to envionmental conditions and inability to detect
vessels that intentionally disable or tamper with their AlS signal, which are commonly referred to as \dark ships".
Alternatively, DAS based on submarine optical ber cables gives a pomising means to realize real-time, long-range,
and all-weather monitoring.

In this regard, we demonstrated a model to analyze the ship wakesathe key feature according to DAS recording
data [83]. In principle, the way a ship crosses the submarine optical cable detmines the ship passage signal
pattern detected by the DAS device. As shown in Figurel3(a), when ships travel at high speeds, they generate
strong ship wakes on the water surface. According to ship wake #ory, the wake pattern mainly depends on ship
speed and water depth. However, the submarine optical ber cale perceives only the cross-section of the ship
wake, not the entire pattern, as illustrated in Figure 13(b). As a result, the ship wake pattern observed via DAS
system is a ected by the ship speed, local water depth at the crosing, and the crossing angle (). To address these
challenges, we propose an adaptive annotation approach to esthbéh DAShip, which is a large-scale, high-quality
dataset containing 55875 vessel transit samples based on AIS dat In addition, a Waveset is created to provide
abundant negative samples, containing 93633 images devoid of shimgsage events. Waveset helps the detection
models learn to di erentiate between background (wave) signals ad real ship passage signals, thereby reducing
false positives.

Using DAShip and Waveset, an online ship detection and identi cation framework is proposed, capable of pro-
cessing massive, real-time DAS data and detecting actual ship paages. The framework consists of several key
modules: (i) model-based ship passage detection; (ii) extraction ofhip event information; (iii) overlapped ship
detection; (iv) dark ship detection; (v) ship feature classi cation. The proposed DAShip provides annotated ship
passage events with corresponding ship speed, cross-angle, dieg, and type. In the experiments, DAShip and
Waveset were rst evaluated for ship detection and coarse ship ideti cation using object detection models such as
YOLO and Faster R-CNN. An ablation study was also conducted to asess the adaptive annotation method. The
proposed framework is then applied for dark ship detection, and tle joint detection ratio is introduced to analyze
detection coverage between DAS and AIS data.

Consequently, the models trained based on DAShip and Waveset casuccessfully identify the passage events of
low-speed ships, addressing the challenge of manual identi cationuk to the lack of signi cance in DAS data. The
results shown in Figure 14 represent that (a) a ship passed at a speed of 7.17 m/s at 16:00:5824/3/26, (b) a
ship passed at a speed of 14.18 m/s at 16:02:30 2024/3/26, (c) a shjgassed at a speed of 4.94 m/s at 16:50:41
2024/3/26, and (d) a ship passed at a speed of 3.68 m/s at 16:52:21024/3/26. Furthermore, the trained model
is able to identify ship passage events not reported in AlS recordsAs shown in Figures14(e){(h), a ship passage
was detected by the model at 11.08 km of the optical ber cable at 156:15 on February 26, 2024, which was not
matched with any AIS ship passage records during the same periodlhis demonstrates that DAS-based detection
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Figure 14 (Color online) Ship detection and dark ship passage event de tection results [ 83] Copyright 2025 Author(s), published by IEEE

under a Creative Commons Attribution 4.0 License. (a) The sh ip passed at a speed of 7.17 m/s at 16:00:58 2024/3/26; (b) the ship passed at a
speed of 14.18 m/s at 16:02:30 2024/3/26; (c) the ship passed at a speed of 4.94 m/s at 16:50:41 2024/3/26; (d) the ship pass ed at a speed of
3.68 m/s at 16:52:21 2024/3/26; (e), (f) samples of dark ship detection events; (g), (h) AIS records for nearby time perio d.

can e ectively identify dark ship passage events, providing a usefumeans to monitor the vessels with AIS signal
turned o intentionally.

DAShip marks an important development in DAS-based maritime monitoring, providing the rst large-scale
annotated dataset and a robust online ship detection and identi caion framework. Through innovations in au-
tomated annotation, adaptive signal handling, and real-time analytics, the proposed approach demonstrates that
DAS is a promising technology for ship detection, classi cation, and érk ship monitoring. Besides, integrating this
DAS-based ship detection method with other remote sensing techigues such as SAR and satellite imaging could
improve vessel identi cation accuracy and warrant further in-depth research.

5 Conclusion and outlook

In summary, this paper presents our recent studies on ber-opic integrated sensing and communication (ISAC)
system based on the self-developed DAS technology for intelligenngironmental monitoring. The proposed system
addresses key limitations in traditional DAS applications, including dynamic range enlargement, phase fading
suppression, and robust denoising using advanced algorithms andedp learning techniques. Both WDM-based
and SDM-based ISAC architectures were demonstrated, showinthe feasibility of simultaneous high-capacity data
transmission and distributed sensing. In the end, several applicadbn cases were highlighted, including seismic, ocean
wave monitoring and ship detection with submarine optical ber cables, illustrating the practical advantages of this
approach. The promising results indicate that ISAC can e ectively support large-scale, real-time environmental
monitoring. These advances provide a foundation for future smarenvironment monitoring and improve network
reliability.

As a prospect, further improvements in hardware integration, sighal processing, and application-speci c algo-
rithms are expected and under investigations. The advancement these realms could expand the coverage and
reliability of sensing networks and unlock new opportunities for smat infrastructure and real-time monitoring.
Along with the rapid development and upgrade of the ber-optic network, the photonic ISAC system is expected
to have a key role in intelligent network environments in the near future.
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