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Abstract Integrated phase-based vibration sensing and communicati on faces challenges in achieving high-sensitivity detecti on under
cost-e ective commercial external-cavity lasers (ECLs), primarily limited by laser phase noise and frequency o set d rift. To address
this, we propose a machine-learning-enhanced phase-based vibration sensing scheme for coherent digital subcarrier m ultiplexing (DSCM)
systems. In this scheme, a generative adversarial network ( GAN)-based digital twin (DT) system is developed to synthes ize massive
forward-phase sensing datasets, overcoming experimental data scarcity. Principal component analysis (PCA) con rms high consistency
between generated and experimental noise characteristics . The generated datasets are used to train a multi-layer perc eptron (MLP) and
an attention-enhanced MLP (AMLP). The trained arti cial ne ural networks (ANNs) are deployed in receiver-side digital signal processing
(DSP) for vibration-induced phase extraction. In experime ntal validation under 10 kHz vibration, the MLP-based schem e achieves a
13 dB sensing signal-to-noise ratio (SSNR) enhancement ove r the traditional band-pass Iter (BPF) scheme. The AMLP-ba sed scheme
further delivers a 7 dB additional SSNR gain by leveraging at tention mechanisms to emphasize critical phase features. F urthermore,
the ANNs-based scheme successfully extracts multi-type vi brations without prior vibration information, demonstrat ing the exibility of
the ANNs-based schemes. This work establishes a machine-le arning-driven framework that enhances phase-based sensin g in commercial
ECLs-based DSCM systems, providing a viable pathway for int elligent optical network operation and maintenance.
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1 Introduction

In recent years, with the rapid development of large language mods, intelligent driving, and smart healthcare,
the bandwidth of optical networks has been growing at a high speedMeanwhile, requirements for communication
stability have also become more stringent 1, 2]. Integrating sensing into communication systems can increase the
stability of communication systems [2,3]. Optical bers possess the capability to perceive variations in the lirk
environment [4], while serving as the communication medium. Integrated sensing andommunication in optical
bers can fully leverage existing ber infrastructure to achieve real-time monitoring of link vibrations [ 5, 6] and
temperatures [7]. Integrated sensing and communication in optical bers holds greapotential as a crucial solution
for intelligent operation and maintenance (O&M) in future optical ne tworks [1, 2].

Currently, integrated communication and vibration sensing over ber primarily employs two technical schemes:
back-scattering-based sensing6f 10] and forward-information-based sensing 11{14]. The back-scattering-based
scheme mainly relies on detecting the Rayleigh back-scattering sigt&to achieve vibration sensing with high lo-
calization accuracy B, 8,9]. However, with limitations in both the sensing range and the ability to detect high-
frequency vibrations [15], this scheme requires special design of erbium-doped ber ampli es (EDFAS) for multi-
span sensing 10]. On the other hand, vibration sensing schemes based on forwardansmission depend on the
optical carrier information, which can be further divided into two categories: sensing based on forward state-of-
polarization (SOP) [11,12] and sensing based on forward phasd 3, 14]. Forward-SOP-based sensing mainly relies
on the birefringence e ect [16]. In SOP-based schemes, vibration-induced signals are extracteflom the taps of
the multi-input-multi-output (MIMO) Iter with high complexity in the p olarization demultiplexing module [12].
In contrast, forward-phase-based sensing depends on phaskanges caused by variations in optical path length,
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o ering higher sensitivity compared to forward-SOP-based sensig [5]. However, the phase-based scheme relies
on the use of expensive narrow-linewidth lasers (NLLs) to minimize lasrs' frequency o set (FO) drift and phase
noise p, 13,14, thereby suppressing background noise in the sensing signals.

Existing commercial coherent optical communication systems primaily use external-cavity lasers (ECLS) as light
sources, which are characterized by signi cant FO drift and phasenoise. For the FO drift, dynamic frequency o set
estimation (FOE) based on data-block segmentation can be employgeto suppress the sensing background noise
caused by the FO drift [2]. In our previous work, we implemented dynamic FOE using frequencydomain pilot
tones (FPTs) in digital subcarrier multiplexing (DSCM) systems, which improved the accuracy of dynamic FOE
and enhanced the signal-to-sensing noise ratio (SSNR]7]. Regarding the phase noise, we proposed in prior studies
the use of a Wiener lIter for high- delity and adaptive extraction of vibration-induced phases, further improving
the SSNR [L8]. On this basis, the extraction of vibration-induced phase using artcial neural networks (ANNS)
is expected to further enhance the SSNR. However, obtaining a geralizable and massive sensing dataset through
experimental data collection is challenging. The construction of intgrated communication and forward phase-
based digital twin (DT) systems for vibration sensing for data geneation and ANNSs training to enhance sensing
performance is an urgent research issue.

In this paper, we propose an enhanced forward-phase-based véiion sensing and DSCM communication integra-
tion scheme based on machine learning. A DT system is rst construted for forward-phase-based vibration sensing
data generation. Then, the massive DT-generated sensing data igsed to train the ANNs for vibration-induced
phase extraction. Finally, the ANNs are employed in the digital signal processing (DSP) module at the receiver
side for vibration-induced phase extraction and enhancing the SSR without prior information. In the above DT
system, we generated sensing background noise using a generatadversarial network (GAN), and digitally added
the vibration-induced phases to the background noise to generat sensing data. For the ANNs used to extract
the vibration, we designed two multi-layer perceptrons (MLPs) for vibration-induced phase extraction: MLP with
attention mechanism (named AMLP) and MLP only (hamed MLP). Both models were trained based on the same
dataset generated by the DT system. In experimental systemsfor a 10 kHz vibration, compared to the scheme
based on band-pass Iter (BPF), the MLP achieved an SSNR improvenent of 13 dB, while the AMLP achieved a
better SSNR improvement of 20 dB.

The structure of this paper is as follows. In Section2, we introduce the construction method of the DT system and
explain the principle of using the DT-trained ANNS for vibration-induc ed phase extraction. Furthermore, we present
the structures of MLP and AMLP designed for vibration-induced phase extraction. In Section3, we present the
experimental setup for the proposed integrated communication ad sensing scheme. In Sectiod, we rst compared
the similarity of the DT-generated sensing background noise with tle experimentally collected sensing background
noise using principal component analysis (PCA). Subsequently, weralyze and compare the performances of the
ANNSs and BPF in vibration-induced phase extraction.

2 Principles

In the carrier intervals of the DSCM systems, FPTs can be inserted At the frequency f1 of X polarization and at
the frequencyf, of Y polarization, FPTs are respectively inserted for simultaneous commnication and vibration
sensing, as proposed in our previous work. At the receiver side, @uto polarization rotation, the FPTs in X and
Y polarization states would crosstalk with each other and generatedur FPTs. Firstly, the four FPTs are down-
converted to baseband. Subsequently, low-pass lters are use extract the four FPTs. The FPTs are expressed
as follows [L7]:
" # " #" #
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Here, F1x and Fiy represent the FPTs atf; in X and Y polarizations, respectively, Fox and Fyy represent the
FPTs at f, in X and Y polarizations, respectively. A represents the amplitude of the FPTs at the transmitter
side. pn and i represent the phase induced by laser phase noise and external vithion respectively, FO( )
represents the time-varying FO, and represent the angle and phase parameters of SOP rotation. To &teve
vibration sensing, the key task is to extract i, from the total phase consisting of multiple terms.
After dynamic FOE based on FPTs [17], the four FPTs become
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Figure 1 (Color online) The principles of the forward-phase-based s ensing DT system. (a) The process diagram of sensing backgro und noise

collection phase; (b) the model of the GAN used for backgroun d noise generation; (c) the process diagram of the DT system.

Here, FO( ) represents the residual FO after FO compensation using the eshated dynamic FO:

FO( )=FO( ) FO(): (3)

FO( ) is the estimated FO by the dynamic FOE module. The four FPTs are canbined for carrier phase estimation
(CPE), the estimated carrier phase is expressed as follows:

Z

Fox F1v) _ FO(

— arg(le FZY
CPE —

N
vib ¥ pNn +2

2 0 )d

(4)

Among the estimated phase, the rst term is the vibration-induced phase, which serves as the sensing signal. The
sum of the second and third terms is the sensing background nois&hich has a signi cant impact on the SSNR.
Theoretically, the sensing background noise and the vibration signieare in an additive relationship. When there is
no vibration ( jp = 0), the phase estimated by the CPE module is the sensing backgrawd noise.

2.1 Forward-phase-based sensing dataset generated by DT sy stem

Considering that the vibration waveforms can be generated throgh numerical simulation, and the background noise
is di cult to simulate, the numerical simulation is used to generate the linear components, and a GAN is used to
generate the noise, which is di cult to numerically simulate [ 19]. The DT system is proposed for integrated phase-
based vibration sensing dataset generation, which is divided into thee stages: sensing background noise collection,
GAN training, and forward-phase-based sensing data generatioby the DT system.

The process diagram of the sensing background noise collection isastin in Figure 1(a). Firstly, in the absence
of vibration, experimental data is collected. Subsequently, FPTsbased carrier recovery is performed on the exper-
imental data, and the carrier phase is estimated. Finally, the estimaed phase is down-sampled to 1 MHz and is
formed the sensing background noise.
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Table 1 The inference latency and size of the models.

Model Inference latency Model size (MB)
Generator 0.808 ms @ NVIDIA RTX 4060 82.76
MLP 0.219 ms @ NVIDIA RTX 4060 0.677
AMLP 0.294 ms @ NVIDIA RTX 4060 0.993

After 2000 pieces of sensing background noise data have been cotkd, it is used for GAN training, as shown
in Figure 1(b). Each record contained 300 sample points acquired at a samplingate of 1 MHz. This setting is
mainly adopted because, in an integrated communication and sensingystem, the data must be captured by a
high-speed sampling oscilloscope that satis es the communication da rate, and the sensing information is then
down-sampled for sensing. The sensing data length is therefore lingtl by the memory depth of the high-speed
sampling oscilloscope. In practical applications, the sampling length an be adjusted according to the hardware
con guration. In addition, no temporal overlap exists among these background-noise segments. The GAN training
procedure consists of two components: generator training andibary classi er discriminator training. The learning
rate is set to 0.0002, the batch size is set to 64, and the Adam optimer is employed for training. The number of
training epochs is set to 100, with the two-stage training procedue performed in each epoch. During the generator
training stage, the generator takes a Gaussian random input vedr with a length of 100 and produces synthetic
sensing background noise data with a length of 300. The generatedita is assigned a true label, passed through
the discriminator, and binary cross-entropy (BCE) loss [20] is calculated to update the generator's parameters. In
the discriminator training phase, the generated data is labeled as fae, while the experimentally acquired data
is labeled as true. Both datasets are then used to train the discrimiator. The loss is calculated to update the
discriminator's parameters. This alternating training process between the generator and discriminator ensures high
consistency between the GAN-generated noise and the experimetly acquired noise.

After completing the GAN training, the generator within the GAN is ut ilized to generate sensing background
noise within the DT system. The numerically simulated vibration waveforms are combined with the background
noises generated by the GAN to produce forward-phase-base@issing data, as illustrated in Figure 1(c). Based on
the above steps, the forward-phase-based sensing DT systemsdaccessfully built.

2.2 Vibration-induced phase extraction based on arti cial neural networks

After constructing a forward-phase-based sensing dataset irgg the DT system, the generated sensing data is used
as input with numerically simulated random vibration waveforms serving as output ground truth to train the ANN
used for vibration-induced phase extraction, as shown in Figure(a). During the training phase, as indicated by
the blue path, the sensing data generated by the DT system is utilizd as inputs to the ANN. Both the ANN's
outputs and the numerically simulated waveforms are employed to cleulate the L; loss P1], which is subsequently
utilized to update the ANN parameters. The batch size is set to 64, ad the optimizer is set to Adam. First, the
learning rate is set to 0.001 and the model is trained for 50 epochs tachieve rapid convergence. Subsequently, the
learning rate is reduced to 0.0001, and training is continued for andter 50 epochs to enable ne-grained learning.
During practical applications, the ANN at the inference stage is emgoyed at the receiver side for vibration-induced
phase extraction, as illustrated by the red path. The vibration-containing experimental data is processed through
carrier recovery based on FPTs, with the estimated phase servings input to the ANN, and the ANN's output is
utilized as the vibration-induced phase.

In this work, two ANN structures are designed for vibration-induced phase extraction. The MLP structure is
illustrated in Figure 2(b). The network initially employs three fully-connected layers for feature extraction, followed
by three additional fully-connected layers dedicated to signal retration. RelLU activation layers are interleaved
between the fully-connected layers, and both the input and outpu data have a length of 300. The AMLP structure
is illustrated in Figure 2(c). A modied spatial attention mechanism module [22] is applied following the rst
layer to weight di erent parts of the data and thereby focus on e ective features, with the remaining components
following the same con guration as the MLP. The model size and infeence latency of the two models are reported
in Table 1. It can be seen that both models achieve an inference latency of leshan 0.3 ms on an NVIDIA RTX
4060 graphics processing unit (GPU), which is shorter than the duation of a single sensing data frame, thereby
con rming the feasibility of real-time vibration extraction in our prop osed system.
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Figure 2 (Color online) The principles of the vibration-induced pha se extraction based on ANNs. (a) The process diagram of the tr aining
and inference of the ANNs; (b) the model structure of the MLP; (c) the model structure of the AMLP.

3 Experimental setup

The experimental setup and DSP diagrams for the proposed integted sensing and communication scheme are shown
in Figure 3. At the transmitter side, a pseudo-random binary sequence (PRE) is mapped to dual-polarization
16-QAM symbols. The signal undergoes Nyquist shaping via a rootaised cosine (RRC) lter with a roll-o factor

of 0.1. Subsequently, the signal is up-sampled and converted to aarbitrary waveform generator (AWG, Keysight
8199A) sampling rate of 128 GSa/s after DSCM processing. FPTs wit center frequencies of 10 and 10 GHz are
inserted into X and Y polarization states, respectively. The four subcarriers operatat center frequencies of 15,

5, 5, and 15 GHz with 2 GHz subcarrier intervals. The symbol rate isetto 4 8 GBaud/s. An ECL (IDPhotonics
CoBrite, LW 6 100 kHz) with a 3 dB linewidth of 100 kHz is modulated using a dual-polariation in-phase and
quadrature (DP-1Q) modulator driven by the AWG. After transmis sion through a 40 km standard single-mode ber
(SSMF), the signal passes through a variable optical attenuatoiVOA) to adjust the received optical power (ROP)
and an EDFA for loss compensation. At the receiver side, the signak coherently detected with another ECL using
an integrated coherent receiver (ICR), and the captured signalsare sampled at 64 GSa/s by a real-time oscilloscope
(RTO, Keysight UXR0594AP). For vibration sensing, vibrations indu ced by a piezoelectric transducer (PZT) are
applied to the optical link.

In the receiver-side DSP, carrier recovery is rst performed basd on FPTs. For telecommunication signals,
polarization demultiplexing is carried out using the FPTs as proposed ly our previous work [23], followed by
subcarrier demultiplexing, and nally the single-input single-output ( SISO) lter is applied for equalization. With
the estimated carrier phase rst down-sampled to 1 MHz, the trained ANN is used for vibration-induced phase
extraction.
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of the generated sensing background noise and the experimen tal original sensing background noise; (c) the cumulative d istribution functions of
the original phase noise in the experimental system and the g enerated phase noise in the DT system.

4 Experimental results and discussions

Firstly, it is necessary to demonstrate the similarity between data poduced by the trained DT system and experi-
mental data. From Figure 4(a), it can be seen that the GAN-generated background noise (yiow) and experimental
background noise (green) exhibit similar waveform characteristics Then, PCA is used to verify the similarity be-
tween the sensing background noise generated by GAN and the s&ing background noise collected experimentally.
From the three features obtained by PCA dimensionality reduction in Figure 4(b), it is di cult to distinguish
between the yellow and green points. This indicates that the GAN is caable of e ectively generating sensing
background noise similar to experimental data, demonstrating theauthenticity of this DT system. The cumula-
tive distribution functions (CDFs) of 1000 pieces of experimentally ollected background noise and 1000 pieces
of DT-generated background noise samples are shown in Figur&(c). Each noise sample contains 300 sampling
points. The results demonstrate that the DT-generated noise ekRibits probability distribution characteristics highly
consistent with those of the experimentally measured noise, with oly slight tailing di erences at both ends of the
distribution. Given that, in practical applications, the dominant por tion of background noise plays the primary
role, the DT-generated noise remains suitable for e ective subsagent training of ANNSs.

Subsequently, the MLP trained with the data generated by the abase DT system is deployed into the DSP module
at the receiver side for vibration-induced phase extraction. Sinusidal vibrations with frequencies of 10, 20, 30, and
40 kHz are applied to the link using PZT, respectively. The original phaes estimated by the CPE module are shown
in Figure 5. It can be seen that although the vibration-induced phases can bebserved, they are corrupted by
phase noise and residual FO, resulting in waveform distortion. The ibration-induced phases extracted by the MLP
are shown in Figure6(a), and the corresponding spectra of the vibration-induced phaes are shown in Figures(b).

It is evident that the vibration-induced phase undergoes sinusoidavariation with the corresponding frequencies,
and the spectra exhibit peaks at the respective vibration frequenies. This indicates that the proposed scheme has
e ectively achieved vibration sensing in the range of 10 to 40 kHz. Tk MLP trained with the data generated by
the aforementioned DT system can achieve vibration-induced phas extraction based on the experimental data,
demonstrating the feasibility of utilizing the DT system to supply ample data for MLP pre-training.

An additional attention mechanism is further introduced in the MLP m odel to enhance the sensing capability.
The AMLP model is trained with the same dataset as the MLP model. Fa the same experimental data under 10 kHz
sinusoidal vibration, traditional BPF, MLP, and AMLP are used to ex tract the vibration-induced phase. The results
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are shown in Figures7(a) and (b). The 3 dB bandwidth of the BPF is set from 5 to 15 kHz. It can be seen that the
MLP-based scheme improves the frequency-domain SSNR (FD-S$ by 13 dB, while the AMLP-based scheme
achieves an improvement of 20 dB. This indicates that ANNs trained lased on the DT system can e ectively
enhance the FD-SSNR in forward-phase-based vibration sensingHere, FD-SSNR is de ned as the ratio of the
spectral power at the vibration frequency bin to the power of the second-highest peak. Furthermore, compared to
the BPF-based scheme, the vibration-induced phase extraction&sed on ANNs does not require vibration frequency
information and o ers greater exibility. Because the same oscillosope is used in the experiment to acquire both
communication and sensing signals, the limited record length (memorylepth) results in limited spectral resolution.
Since the FFT-bin-based FD-SSNR is sensitive to spectral resolutio, we further adopt a least-squares tting based
SSNR (named LS-SSNR) metric, which is computed purely in the time dmain and is thus insensitive to FFT
frequency resolution. We model the sensing signal ases;: (t) = acos(2 fot) + bsin(2 fot) + np(t), fo represents
the frequency of vibration and ny(t) is the sensing background noise. The coe cients can be estimatedy the

least-squares method. The average power of vibration-inducedhase isazg b* and the average power of background
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Figure 8 (Color online) The waveforms (a) and corresponding spectra (b) of vibration-induced phases extracted by MLP and AMLP un der

pulse vibration with a repetition frequency of 10 kHz.

P
noise is”ﬂ*”ﬁ[n], N is the length of data. When 10 kHz sine vibration is applied, the LS-SSIR of BPF-based
scheme is 13.34 dB, the LS-SSNR of MLP-based scheme is 28.37 dBdahe LS-SSNR of AMLP-based scheme is
35.91 dB. These improvements are similar to FD-SSNRs, indicating theANNs achieve a high signal-to-noise ratio
in phase extraction. The LS-SSNRs of three schemes are tested dbration frequencies of 10, 20, 30, and 40 kHz.
In the BPF scheme, the center frequencies are set to the vibratio frequencies, and the bandwidth is xed at 10 kHz.
The results are as shown in Figure7(c). The LS-SSNR of the BPF scheme is observed to increase with viltion
frequency, because the noise induced by laser phase noise andidaal FO is predominantly concentrated in the
low-frequency range. In contrast, no clear trend is observed fothe LS-SSNRs of the ANNs-based schemes, since
phase extraction is mainly achieved by exploiting the di erences betveen the characteristics of noise and vibration-
induced phase features. Under all tested conditions, the AMLP deeme is found to achieve the highest LS-SSNR.
In the ANNs-based scheme, the vibration-induced phase extraadn performance for 40 kHz vibrations is relatively
poor, mainly because the highest vibration frequency included in thetraining dataset is 40 kHz. As this frequency
lies at the upper boundary of the training distribution, the model has limited exposure to representative samples
around this edge, which may constrain its ability to learn and generaliz vibration features at 40 kHz. This suggests
that the training dataset should cover a broader frequency rang and more diverse vibration waveforms to improve
the model's extraction capability and robustness across di erent vbration conditions in practical applications.

Then, the abilities of MLP and AMLP to extract vibration-induced pha se beyond sinusoidal vibrations are
investigated. Pulse vibration with a repetition frequency of 10 kHz isapplied to the link, and the vibration-induced
phase extraction is performed using both MLP and AMLP. The results are shown in Figure8. From the waveforms,
pulses can be observed appearing at a repetition frequency of 1MHk. From the corresponding spectra, it can be
seen that the peaks appear at discrete frequency componentsasting at 10 kHz and incrementing by multiples of
10 kHz. Theoretically, the spectrum of a delta pulse signal with a reptition frequency of 10 kHz is characterized
by discrete components at multiples of the fundamental frequeng (10 kHz). The theoretical spectra align with
the experimental spectra, demonstrating that MLP and AMLP can e ectively extract the phase induced by pulse
vibrations.

Throughout the entire process above, the sensing backgroundaise data used for GAN training in the DT system
and the sensing data used to experimentally validate ANN's vibrationinduced phase extraction capability are
collected independently. This demonstrates the robustness and ectiveness of vibration-induced phase extraction
based on combining ANNs with DT systems. Although the above resuk verify that the proposed MLP and
AMLP can generalize beyond sinusoidal vibrations and successfullyxéract pulse-vibration-induced phases, the
generalization capability of ANNs may still be a ected by practical domain shifts, such as variations in laser phase
noise and residual FO statistics, link conditions, and digital signal piocessing con gurations. In eld deployments,
retraining from scratch is not always necessary. A lightweight ne-+tuning procedure can be adopted. A short period
of vibration-free data can be collected on the target link to charaderize the updated sensing background noise after
FPTs-based CPE and down-sampling. This newly collected noise can #n be used to update the DT system, for
example, by adapting the GAN generator or by directly using measued noise segments, and numerically simulated
vibration waveforms can be superimposed to form labeled training pias for supervised adaptation. Moreover, the
diversity of arti cially designed digital vibration waveforms is limited. T o address this, real vibration waveforms
can be acquired using ultra-narrow-linewidth lasers as light sourceén the system. Owing to its extremely low
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Figure 9 (Color online) (a) The attention intensities of dierent fe atures under sinusoidal vibrations with frequencies rangi ng from 10 to
40 kHz and pulse vibration; (b) the correlation coe cients b etween the attention intensities of di erent vibrations; ( c) the RMSEs between the
attention intensities of di erent vibrations.

Figure 10 (Color online) The BER under di erent ROPs with and without 3 0 kHz vibration. The voltage amplitude applied to the PZT is
set to 20 V. HD-FEC, hard decision forward error correction.

background noise, the system using ultra-narrow-linewidth lasergan provide high- delity vibration-induced phase

that can be treated as ground truth for training a new GAN for vibr ation-induced phase generation. The trained
GAN can be used to generate a wider variety of vibration waveformsthereby enriching the waveform diversity and
improving the generalization capability of the ANNSs.

The attention intensities of AMLP are extracted to analyze the additional SSNR gain. The attention intensities
are shown in Figure9(a). The inter-term correlation coe cients of attention intensity under di erent vibrations are
shown in Figure 9(b), and the root mean square errors (RMSESs) are shown in Figur@(c). Despite the variations
in vibration modes, including sinusoidal vibrations with frequencies raaging from 10 to 40 kHz and pulse vibration,
the attention mechanism consistently focuses on similar featuresThe correlation coe cients among all attention
intensities are greater than 0.9, and all RMSEs are less than 0.2. Thisonsistency indicates the robustness and
e ectiveness of the learned attention patterns in characterizingvibration-induced phases. Such capability is crucial
for achieving the additional 7 dB improvement in SSNR.

Finally, to evaluate the communication robustness under vibrationsin the proposed integrated sensing and
communication system, the bit error rate (BER) is measured as a faction of ROP in both vibrational and non-
vibrational conditions. Figure 10 demonstrates that the BER curves under vibrational and non-vibrational condi-
tions are nearly identical. At the threshold of 7% hard decision forwad error correction (HD-FEC), the external
vibrations only incur a negligible power penalty of 0.1 dB.

5 Conclusion

In conclusion, this paper presents an enhanced forward-phadeased vibration sensing scheme integrated into DSCM
systems, leveraging machine learning to overcome limitations in comnneial ECLs. In this scheme, we rst construct
a forward-phase-based sensing DT system for generating massigensing data. The DT-generated data is used for
MLP and AMLP training. Finally, the trained MLP and AMLP are employed in the DSP module at the receiver side
for vibration-induced phase extraction. In experiments, PCA shavs that GAN-generated sensing background noise
is highly similar to experimental sensing background noise. For 10 kHxzibration, the MLP-based scheme achieves a
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13 dB SSNR improvement compared to the traditional BPF-based sheme. Furthermore, the attention mechanism
is incorporated into the MLP to construct AMLP for emphasizing the learning of vibrational generalization features,
resulting in an additional 7 dB SSNR improvement. Additionally, the ANN -based scheme does not require additional

vibration frequency information, which o ers greater exibility. Th e ANN-based scheme can also achieve phase

extraction induced by multi-type vibrations, such as sinusoidal vibrations and pulse vibrations. This machine-
learning-driven framework provides an innovative solution for highsensitivity and exible vibration sensing in
intelligent optical network operation and maintenance.
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