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Abstract: Distributed acoustic sensing (DAS), based on phase-sensitive optical time-domain
reflectometry (@-OTDR), transforms optical fibers into distributed vibration sensors through
Rayleigh backscattering, enabling real-time industrial monitoring with extensive coverage and high
spatial resolution. This review systematically presents key advances and industrial applications made
by the optical fiber sensing (OFS) group at University of Electronic Science and Technology of
China (UESTC), which include a differential-frequency modulation scheme integrated with a
polarization-multifrequency diversity fusion algorithm and achieve pe-level strain sensitivity and
suppressed signal fading down to 0.1%, enabling high-fidelity and long-distance sensing using
low-cost commercial DAS units. Based on the advanced sensing capability, our developed adaptive
feature enhancement method combined with an incremental tree classifier achieves the remarkable
96.55% recognition accuracy for ten types of pipeline intrusion events while reducing retraining time
by 98.5% and further attains 99.96% accuracy for five major intrusion types in real field
deployments. For railway infrastructure monitoring, our RailFusion-DAS framework utilizes existing
fiber-optic cables along the railway to precisely identify three typical track defects with the 98.73%
accuracy. Furthermore, by implementing time-frequency analysis and a two-dimensional
convolutional neural network classifier on an artificial intelligence (AI) hardware accelerator, we
realize an on-chip AI-DAS system that achieves 98.7% accuracy in online fault detection for belt
conveyor idlers.
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1. Introduction repurposes  telecommunication  cables  into

Distributed acoustic sensing (DAS), based on large-scale acoustic sensing networks, delivering
phase-sensitive optical time-domain reflectometry exceptional advantages, such as long-distance
(@-OTDR), has revolutionized distributed sensing coverage, high spatial resolution, real-time passive
by converting conventional optical fibers into operation, and strong immunity to electromagnetic
spatially continuous vibration sensing through interference [1-3]. Consequently, DAS emerged as a
Rayleigh backscattering. This approach effectively critical perceptual layer in the industrial Internet of
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things (IIoT), enabling a broad range of industrial
monitoring applications [4-7].

Despite these advantages, the transition of DAS
from a specialized instrument to a robust,
industrial-grade solution faces several persistent
challenges. Beyond general issues such as the
massive data volume resulting from high-rate
sampling or long-range sensing, polarization- and
coherence-induced signal fading, and the reliable
real-time identification of weak or overlapping
acoustic events under noisy field conditions,
practical industrial deployments further impose
stringent requirements on

system scalability,

long-term  operational robustness, and cost-
effectiveness. Representative field-deployed DAS
systems for infrastructure monitoring, such as
pipeline monitoring and transportation safety [8—10],
have demonstrated technical feasibility and
sensing coverage; however, they often rely on
high-bandwidth data acquisition, complex hardware
architectures, or application-specific parameter
tuning, which limits their adaptability across
heterogeneous industrial scenarios and constrains
large-scale deployment.

To mitigate these limitations, extensive research
efforts from both academia and industry have been
reported in recent years, focusing on advanced
[11-13],

methods for signal enhancement [14, 15], event

signal denoising deep learning-based

detection, and classification [16], as well as
multi-parameter sensing and data fusion strategies
that combine acoustic, strain, and temperature
information [17, 18]. These representative advances
have substantially improved sensing performance
in specific dimensions or application contexts;
nevertheless, most existing approaches often incur
increased system complexity, high computational
overhead, or dependence on large-scale labeled
datasets. As

framework that jointly balances data efficiency,

a result, a unified system-level

sensing  robustness, and  application-driven

requirements remains an open challenge,
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particularly for long-distance and real-time
monitoring of critical industrial infrastructures.

In this context, this review systematically
presents the differential frequency DAS (DF-DAS)
system developed by our group, along with its
targeted solutions to these challenges. We first
introduce the core principles and technical
innovations of DF-DAS, including a differential-
frequency modulation scheme that significantly
reduces the data volume and a polarization-
multifrequency diversity fusion (PMDF) algorithm
that suppresses signal fading down to 0.1%, while
These

foundational advances enable high-fidelity acoustic

achieving pe-level strain  sensitivity.

sensing over long distances using low-cost
commercial hardware.
Building on this sensing platform, we
demonstrate a suite of industrial applications
tailored to domain-specific monitoring requirements:
1) intrusion detection along oil and gas pipelines,
integrating adaptive feature enhancement method
with an incremental tree classifier to recognize
ten types of intrusion events with 99.55% accuracy
and a 98.5% reduction while in retraining time;
2) integrated railway monitoring using a
RailFusion-DAS framework that identifies multiple
track defects with 98.73% accuracy by leveraging
existing trackside fiber cables; 3)
fault of belt conveyor
field-programmable gate array (FPGA)-accelerated
AI-DAS 98.7%

classification with low

real-time
diagnosis idlers via

system, achieving online

accuracy power
consumption.

This review not only outlines the architecture
and performance of these implementations but also
discusses the remaining challenges and emerging
research prospects. It is our expectation that this
work will provide a valuable reference for
researchers and engineers, promoting the broader
adoption of intelligent DAS-based monitoring across

industrial infrastructures.
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2. Principles and techniques of DF-DAS

2.1 DF-DAS for data under-sampling

Conventional @-OTDR based DAS systems,
stemming from early coherent detection schemes
[19], impose stringent demands on data acquisition
(DAQ) performance, resulting in high computation
load for demodulation, transmission, and storage. To
alleviate these issues, multiple strategies, including
wavelet-curvelet-based signal compression [20],
under-sampling [21], and reduced sampling
resolution [22], have been proposed. However, these
approaches offer only partial relief, as underlying
requirements for wide detection bandwidths and
high data throughput remain unaddressed [23].

To overcome these inherent limitations, we
propose a DF-DAS architecture that strategically
shifts the signal to an intermediate frequency by
applying secondary modulation to the local
oscillator (LO), as depicted in Fig. 1(a) [24].
Specifically, the detection pulse and the LO
are independently frequency-shifted by two
acousto-optic modulators (AOMs), and coherent
mixing at the balanced photodetector yields an
electrical beat signal determined by the difference
between the two frequency shifts. For the alternating
current (AC) component after balanced detection,
the beat signal can be expressed as

J(r):2E,E,,irirect[(t—q)/W]x
i=1 (1)
c0s[27r(|f1 —f2|) + ¢(t)]
where E| and E, denote the electric field amplitudes
of the LO and the Rayleigh backscattered signal,
respectively; r; and 7; are the amplitude coefficient
and relative delay of the i-th scattering center; M is
the total number of scattering centers within the
probe pulse width W; f; and f, represent the
frequency shifts induced by AOM; (probe pulse) and
AOM,; (LO), respectively; ¢(f) denotes the phase
variation induced by external perturbations.

Page 3 of 17

a
@ N/ —— P mmmmmmemmo - .
- 1
FUT 1
ocC ny ! CIR ~ PZT 1
90 ! © 1
NLL] <» AOM; i EDFA & x
LREL R R i
Optical path [ Apinlaalnial :
-———— 1 : I:
Electrical path LO : :AOMZ : PDR |- D
(b) 4 IF(@)

Fig. 1 DF-DAS systea;;: (a) DOF—DAS experimental setup and
(b) the principle of differential frequency modulation.

Equation (1) explicitly shows that, after coherent
mixing, the Rayleigh backscattered signal is
translated into the electrical domain and modulated
onto a carrier centered at the differential frequency
|fi=f), while the

preserved. This frequency-shifted LO generates a

disturbance-induced ¢(f) 1is

low-frequency beat signal, as shown in Fig. 1(b),
which substantially relaxes the requirements on the
sampling rate and system bandwidth without
compromising demodulation precision, thereby

paving the way for cost-effective and scalable DAS

implementation.
Experimental validation confirms that the
DF-DAS system retains the fidelity of the

conventional DAS demodulation, while reducing the
data volume and latency by approximately 75%. For
a 61 km FUT, the reduced frequency shift enables
the minimum acquisition rate to decrease from
160 MSa/s in the conventional DAS to 40 MSa/s
in the DF-DAS, resulting in a fourfold reduction in
the raw data volume per 1-s acquisition window.
Correspondingly, under identical hardware and
software conditions, the phase demodulation time is
reduced from 36.8 s to 8.34 s, confirming a fourfold
improvement in processing latency. Thus, the DAQ
bandwidth and storage constraints are effectively
relaxed, enabling a compact and scalable sensing
solution suited to long-distance applications.
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the DF-DAS establishes a
cost-effective and practical architecture for the

In conclusion,

coherent DAS, enabling large-scale, long-term, and
high-fidelity monitoring of critical infrastructures
such as pipelines and railways.

2.2 DF-DAS fading suppression with PMDF

Despite the reductions in the

bandwidth and data volume archived by the

significant

DF-DAS, the system remains susceptible to signal
fading — particularly polarization and coherence
fading [25-31] — which degrades phase stability and
strain sensitivity. To overcome these limitations, we
develop a polarization-multifrequency diversity
fusion (PMDF) algorithm [32], as illustrated in
Fig. 2. This method integrates polarization and
multi-frequency information to enhance signal
integrity, effectively suppressing fading during
phase demodulation. By dynamically selecting the
optimal polarization component and performing
diversity-based signal fusion, the PMDF algorithm
ensures stable and high-fidelity phase recovery

under varying sensing conditions.

R

Sliding window in
time and trace
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Sum of rotation vectors

Get phase and amplitude of signal

Fig.2 Flow chart of the polarization-multifrequency
diversity fusion algorithm.

detailed
implementation of the PMDF algorithm. Firstly, the

The following  describes the
acquired P- and S-polarization signals (obtained
from a polarization diversity receiver [33]) are used
to construct the signal intensity matrices P, and
Sun, respectively, forming an mxn matrix with
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dimensions of time (m) and distance (). Then, a
temporal-spatial window T, is selected. P,,, and
S, are divided into N equally sized segments based
on this window size. For each segment, the
of the P- and
evaluated as

minimum signal amplitudes

S-polarization components are
quantitative indicators of fading severity. The
polarization channel exhibiting the larger minimum
amplitude within the window is selected as the
optimal channel for subsequent phase demodulation,
and the selected polarization signals from different
probing frequencies are then coherently fused using
a rotated-vector-sum (RVS) methods [34-36] to
enhance robustness against frequency-dependent
fading while preserving disturbance-induced phase
variations. This selection-and-fusion strategy
ensures that phase extraction avoids polarization
states affected by deep fading, maintains the
sufficient signal-to-noise ratio (SNR), and enables
stable phase recovery, after which in-phase and
quadrature (IQ) demodulation, phase reconstruction,
and phase unwrapping are performed to monitor
external disturbance events.

Experimental results demonstrate that the PMDF
algorithm significantly mitigates both coherence and
polarization fading. Compared to the conventional
arctangent and RVS, the PMDF markedly reduces
phase noise and fading artifacts, achieving a noise
floor as low as —61dBrad’’/Hz and a strain
resolution of 30 pe/VHz. To quantitatively evaluate
fading suppression performance, statistical analysis
of amplitude distributions is performed over the
sensing fiber (61 km FUT) using 1s

acquisition windows. A fading event is defined when

entire

the instantaneous signal amplitude at a given
spatiotemporal sampling point falls below 20% of
the mean amplitude [35]. The fading probability is
then calculated as the ratio of fading occurrences to
the total number of spatiotemporal samples within
each acquisition window. Based on this definition,
the probability of fading events is reduced to below
0.1% using the PMDF. This result indicates a
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substantial improvement in robustness and
operational stability compared with the conventional
phase demodulation methods.

In summary, the PMDF technique provides a
highly effective solution for fading suppression,
substantially improving the sensitivity, reliability,
and stability of DF-DAS These

enhancements enable more accurate detection of

systems.

weak vibration and intrusion signals, support

high-fidelity feature extraction, and facilitate
early-stage fault diagnosis in long-range distributed

sensing applications.

3. DF-DAS for oil and gas pipelines
monitoring

The DAS technology has been extensively

deployed across the petroleum industry, with
established applications in seismic exploration and
pipeline integrity monitoring — spanning the full
lifecycle from energy extraction to transportation
[37-39].

Within pipeline operation, third-party intrusion
represents a critical risk factor with potentially
severe environmental and safety consequences.
Although DAS systems utilizing fiber-optic cables
along pipelines enable long-distance vibration
monitoring, the transformation of converting raw
DAS data into reliable threat identification still faces
fundamental challenges: 1) the critical need for
fine-grained classification to not only detect but also
identify the nature and source of diverse third-party
events; 2) the high

time-frequency signatures among different intrusion

security similarity of
types, often masked by complex ambient noise;
3) the demand for recognition models with strong
generalization across diverse environments and
evolving threats; 4) the stringent latency requirements
for real-time safety response.

The DF-DAS system operates with a pulse
repetition rate of 1kHz and a pulse width of
100 ns (corresponding to a spatial resolution of
approximately 10 m), together with a monitoring
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distance exceeding 50 km, which are widely adopted
in practical pipeline monitoring systems [55].

The following sections present our targeted
solutions to these challenges.

3.1 Noise suppression and feature enhancement
with AWTFE

DAS signals are frequently contaminated by
electronic noise, signal fading, and environmental
disturbances, which collectively degrade recognition
performance. To address these issues, we develop an
adaptive  weighted thresholding
enhancement (AWTFE) method that combines

median

and feature

filtering  for  high-frequency noise

suppression with adaptive thresholding and
histogram equalization for feature enhancement.
Subsequently, a fixed and monotonic pseudo-color
mapping is applied to convert the enhanced
grayscale images into discriminative red-green-blue
(RGB) representations, which increases channel
diversity for convolutional neural network
(CNN)-based feature extraction while preserving the
original intensity ordering, thereby avoiding the
introduction of artificial intensity inversions or
non-physical feature distortions that may arise from
non-monotonic color mappings.

As illustrated in Fig. 3, the AWTFE processing
markedly enhances the discriminability of five
typical intrusion events. By suppressing noise-
subtle but

physically meaningful signal structures, the AWTFE

induced artifacts and amplifying
effectively enlarges the feature margins among
highly similar intrusion categories. Evaluations
using three classifiers: a  two-dimensional
convolutional neural network (2D-CNN), a residual
network with 18 layers (ResNetl8), and VGG13
with batch normalization (VGG13_BN), a 13-layer
convolutional network developed by the Visual
Geometry Group (VGG). The results demonstrate
that the AWTFE increases recognition accuracy by

up to 13.45%, with the best model achieving the
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accuracy of 99.96% (Fig. 4). These results indicate
that the AWTFE directly addresses the challenge of
high inter-class similarity by enhancing intrinsic

Photonic Sensors

feature separability, thereby providing a robust

front-end representation for fine-grained and

noise-resilient intrusion recognition.
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Fig. 3 AWTFE image enhancement [Event (I): manual excavation; Event (II) mechanical excavation; Event (III) excavator idling;

Event (IV) tamping machine operation; Event (V) drilling machine operation, respectively]: (a) on-site construction scenes and
corresponding time-domain signals for Events (I)-(V), (b) RGB images of typical signals for each event, (c) RGB images after being
processed with the AWTFE method, and (d)—(h) histograms of images for Events (I)-(V) with (red curves) and without (green curves)

the AWTFE method.
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Fig. 4 Convergence curves: (a) loss entropy convergence curve and (b) accuracy convergence curve. Validation results are

indicated as “Val loss” and “Val accuracy”.
3.2 Incremental fine-grained tree classification

Most existing DAS signal recognition algorithms
face two major limitations in pipeline third-party
intrusion monitoring. First, achieving fine-grained
identification of diverse threat types, such as
distinguishing among various mechanical operation,

manual digging, and vehicle movements, remains
inherently challenging due to high inter-class
similarity and environmental variability. Second,
lack efficient adaptability to

newly emerging intrusion events, often requiring

existing models

computationally expensive full-model retraining.
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These limitations significantly hinder the operational
deployment of DAS systems for accurate and
continuously evolving threat identification.

To address these challenges, we propose a
cross-scene and multi-event recognition framework
based on a tree-structured classifier as illustrated in
Fig. 5. Our approach employs an encoder-based long
short-term memory (LSTM) network to extract
discriminative spatiotemporal features from raw
DAS
Subsequently, hierarchical spectral clustering is then

signals across varied environments.
applied to construct a feature-aware classification
tree, while multi-task learning jointly optimizes all
tree nodes to enhance feature separability and
the

learning

classification  robustness. Furthermore,

framework integrates an incremental
mechanism that dynamically assigns newly added
event types to optimal non-leaf nodes, enabling
efficient model adaptation without full retraining.
This
fine-grained recognition of complex intrusion events
but

changing field conditions,

integrated solution not only improves

also maintains high performance across
thereby offering a
scalable, adaptive, and computationally efficient
solution for real-time pipeline integrity monitoring.
As shown in Fig. 6, field tests across three
distinct scenarios demonstrate that our method
achieves the classification accuracy of 96.60% for
nine common events, validating its capability for

fine-grained categorization under complex and
(@ (b)
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variable field conditions. When incorporating an
additional event type, the incremental learning
model maintains the high accuracy of 96.55% across
all ten events, while the required training time
amounts to only 1.5% of that required for full model
satisfying  the
low-latency requirement for real-time deployment.

retraining,  thereby  directly
Moreover, the hierarchical structure and cross-scene
feature

generalization across diverse environments and

learning  strategy  enhance  model
evolving threat patterns. These results collectively
demonstrate that the proposed method effectively
the

recognition, strong generalization, and real-time

addresses key challenges of fine-grained

adaptability in pipeline intrusion monitoring.

DAS signal Encode-LSTM

|
i
i
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i
i
| >
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Fig. 5 Cross-scene multi-event recognition flowchart in the
fiber-optic DAS.
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Fig. 6 Recognition performance of the incremental tree classifier: (a) feature distribution of nine intrusion events,

(b) confusion

matrix for multi-class event identification, and (c) incremental learning result after introducing an additional event type.
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4. DF-DAS for railway infrastructures
monitoring

Modern railway operations require integrated
monitoring solutions capable of simultaneously
ensuring operational safety and infrastructure
[40-44]. The

technologies are not only highly susceptible to

integrity conventional sensing

electromagnetic  interference but also pose

significant  practical deployment challenges,
including the complexity of installing extensive
sensor arrays and providing a stable power supply
along the entire line [45-50]. In 2014, our group
pioneered the use of existing fiber-optic cables along
railway tracks for train-induced vibration sensing
[45]. This approach first demonstrated the feasibility
of real-time train positioning and speed monitoring
using pre-deployed telecommunication infrastructure.
However, a critical challenge remains in the reliable
extraction of weak vibration signals from complex
acoustic backgrounds, which is essential for
early-stage defect detection.

In railway monitoring scenarios, defect-related
vibrations are dominated by low-frequency
components, while higher-frequency components

suffer pronounced attenuation during structural
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propagation [51, 52]. Accordingly, the DF-DAS
system parameters are set to a pulse width of 100 ns
(~10 m spatial resolution) and a pulse repetition rate
of 1 kHz.

This section details our enhanced DAS
framework, designed to address these challenges and
advance the capabilities of railway monitoring, with
particular emphasis on weak-signal extraction,
robustness under complex acoustic backgrounds,
and reliable defect identification under constrained
fiber deployment conditions.

4.1 High-precision train positioning and speed
estimation

This study implements a dual-model imaging
approach to achieve real-time and high-precision
train positioning using the DAS. A U-net-based
[Fig. 7(a)]
extract train-induced vibration signals from the

network is employed to accurately

background noise, while the you only look

once (YOLO) concurrently performs multi-train
localization.  The

detection and integrated

algorithm  demonstrates  robust performance

across diverse operational scenarios, including weak

signal conditions and multi-train environments

[Fig. 7(b)].

Two-train Three-train

Weak-signal

Strong-signal

Fig. 7 Illustration of U-net-based DAS signal analysis: (a) the U-net architecture and schematic diagrams of its encoder and
decoder modules and (b) image segmentation and object detection on four typical DAS signal types.

The U-net segmentation achieves intersection
over union (IoU) and Dice coefficients of 0.87 and
0.92, respectively, substantially outperforming the
conventional approaches (Table 1). This precise
signal extraction enables reliable train tracking,

although inherent signal artifacts can initially cause
spurious jumps in localization traces. To address this,
a Kalman filter with backtracking suppression is
implemented, effectively smoothing positional data
and eliminating erroneous movements (Fig. 8).
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Comprehensive validation across multiple
operational scenarios demonstrates the system’s
accuracy and robustness (Fig.9). The integrated
method achieves an average localization error of
5.5 m and a velocity estimation error of 0.25 km/h,
satisfying practical engineering requirements for
railway monitoring. Furthermore, the approach
demonstrates consistent performance across varying
train speeds and configurations, providing a
reliable foundation for subsequent applications

in track condition monitoring. By ensuring accurate

train-induced vibration extraction and stable
(a)
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11900 e o
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kinematic estimation under weak-signal and

multi-train conditions, this framework directly
addresses the challenges of complex acoustic
backgrounds and establishes a prerequisite for
reliable downstream defect detection.

Table 1 Comparison of segmentation methods on typical
spatiotemporal signals.

Method IoU Dice Note

Threshold segmentation [53]  0.52 0.68 Not sensitive to weak signals
Canny edge detection [54] 0.65 0.76  Susceptible to interference

U-net (our method) 0.87 0.92 High robustness

(b) 4500 =

3500 § |

2500

Position (m)

1500

—— Yolo position

— Kalman position

500

0 50 100 150
Time (s)

Fig. 8 Comparison of YOLO-based detection and Kalman filtering for train position-time curves: (a) high-speed scenario;

(b) low-speed scenario.
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Fig. 9 Comparison of localization and velocity errors for
DAS-based trains under different data types (ALE: average
localization error; AVEE: average velocity estimation error).

4.2 Track defect identification and classification

4.2.1 Weak signal detection under challenging
deployment conditions

Different types of track defects generate distinct
vibration patterns: rail corrugation induces periodic
sleepers manifest as

vibrations, unsupported

irregular signal jumps, and rolling contact fatigue
(RCF) exhibits localized low-frequency steady-state
vibrations. While theoretically identifiable, detecting
these patterns under real-world operational
conditions remains challenging. DAS signals are
influenced by multiple factors, including signal
attenuation, environmental noise, and dynamic
variations. Crucially, the installation methodology of
optical cables — particularly air-filled trench
deployment as used in this study — significantly
affects

experimental

simulation and
air-filled
trenches provide the poorest signal reception due to

signal quality. Our

validation confirm that

acoustic impedance mismatch at the air-trench
interface, resulting in consistently lower amplitude
and SNRs compared to direct-buried configurations
[55].

This suboptimal installation scenario presents
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a considerable detection challenge: wheel-rail

vibrations must propagate through subgrade and soil

before reaching the air-filled trench, causing

substantial signal reflection and energy loss [56, 57].

The resulting signals suffer from significant

attenuation and frequency distortion, while

extraneous vibration sources further obscure defect

signatures. The conventional spectral analysis
proves inadequate under these conditions,
necessitating advanced signal processing
approaches.
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To address these limitations, we develop, for the
first time, a unified DAS-based defect recognition
framework combining multi-dimensional feature
extraction, wavelet-based energy enhancement, and
machine learning-driven classification [48] (Fig. 10).
The system constructs comprehensive vibration
representations by extracting frequency center (FC),
frequency variance (FV), and spectral entropy from
DAS-measured responses, effectively capturing the
distinctive vibration signatures associated with
different defect types.
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Fig. 10 Overview of the proposed track defect identification system: (a) workflow of the proposed track defect identification
system, (b) time-frequency signals of train passages over tracks with different defects, (c) extracted multi-dimensional feature vectors
for different defect types, and (d) defect recognition results and validation against field inspection.

Wavelet decomposition refines the energy
distribution, emphasizing low-frequency defect
components while suppressing high-frequency

interference, thereby amplifying subtle structural
anomalies in the vibration spectrum. The extracted
temporal-spectral features are fused into a unified
eigenvector and classified via a Bayesian-optimized
support vector machine (SVM), enabling efficient
and robust recognition across diverse track
conditions.

To verify the distinguishing accuracy of the

multi-dimensional eigenvector, a dataset containing

four types of characteristic track events is
constructed. Each event type includes 2 000 samples,
resulting in a total of 8 000 labeled samples. For
1500

randomly selected, while the remaining 500 samples

training, samples (75%) per event are
(25%) per event are reserved for testing. This dataset
division ensures balanced representation of all event
types and supports robust evaluation of the
classification framework. Evaluation on this dataset
demonstrates the average recognition accuracy of
94.0%, outperforming the one-dimensional CNN

(1D-CNN) and the artificial neural network (ANN)
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models. The predicted defect positions exhibit
strong agreement with field inspection benchmarks,
confirming the system’s reliability in detecting
further

extension using a ResNet34 configuration improves

early-stage degradation. Moreover, a
accuracy to 98.6%, highlighting the scalability and
adaptability of the approach under varying sensing
These results demonstrate that the
the

suboptimal

conditions.
proposed framework effectively mitigates
weak-signal challenge induced by
air-filled trench deployment,
defect
attenuated sensing conditions.
4.2.2 RailFusion-DAS:
representation with attentional fusion

Although the above framework achieves high

enabling reliable

early-stage detection under severely

multi-kinematic

recognition accuracy, its performance remains
constrained by the limited vibration perception
To
overcome this constraint and enhance weak-signal
[55],

a unified framework

associated with air-filled trench installations.
sensitivity, we develop RailFusion-DAS
as illustrated in Fig. 11,
that replaces manual feature engineering with
multi-kinematic representations and intelligent
multi-domain feature learning. The system employs
subtle defect

through three

a mnovel approach to amplify

characteristics in weak signals

Multi-kinematic
representation

Single channel signal (@)

400
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key innovations.

First, we construct multi-kinematic representations
by deriving velocity and acceleration signals from
raw displacement measurements via time-domain
This
enhances the discriminability of low-frequency

differentiation. representation  significantly
defect components that are typically obscured in the
The

velocity profile amplifies transient features of

conventional displacement-based analysis.

unsupported sleepers, while acceleration signals
emphasize periodic patterns characteristic of rail
corrugation. Second, parallel temporal and spectral
processing branches capture complementary defect
characteristics across domains. The temporal branch
extracts time-domain features, including variance
and sample entropy, while the spectral branch
analyzes frequency center and power spectrum
entropy. This dual-domain approach ensures
comprehensive characterization of defect signatures.
Third,

dynamically  weights

an attention-based fusion mechanism

and integrates multi-
dimensional features to enhance defect-related
patterns. The attention module selectively emphasizes
the most discriminative features from both domains,
effectively suppressing irrelevant noise components

and amplifying subtle defect indicators.

Cross-domain
attentional fusion

Parallel dual-domain
feature extraction
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Fig. 11 Multi-dimensional information extraction and fusion for railway defect identification.

Experimental validation on a dataset of 9 481
samples demonstrates exceptional performance. The
samples are obtained by segmenting vibration

signals into 5-s intervals and are categorized
(3269
corrugation (1 205 samples), unsupported sleepers

into four classes: normal samples),
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(1523 samples), and RCF (3 484 samples). The
dataset is divided into training and test sets with a
7:3 ratio (6 636 training samples and 2 845 test
samples). As shown in Fig. 12, the RailFusion-DAS
achieves the defect detection accuracy of 98.73%,
with precision, recall, and Fl-scores all exceeding
96% across all defect categories. The framework
significantly outperforms established benchmarks,
including SVM [39], CNN [58], and ResNet [59]
reveals  that
between
mechanistically similar defects, confirming the

approaches.  Error  analysis

misclassifications  primarily  occur
system’s logical consistency in distinguishing defect
types based on their physical characteristics. This
integrated approach demonstrates that sophisticated
feature extraction and fusion can overcome the
limitations of suboptimal fiber deployment and
weak vibration perception, thereby directly
addressing the challenges of weak defect signatures,
high inter-defect similarity, and complex operational
This study advances integrated railway
DAS-based  train

monitoring with track defect diagnosis.

noise.

surveillance by merging

|z Normal == Corrugation! mmm Unsupported sleepers == PCF |

100% ‘ 99:62% 99 405
98,519 98.83% .95% Accuracy
s 2 o p—-

98.73%

90%
Fl1-score

Precision Recall

Fig. 12 RailFusion-DAS performance test results.
5. DF-DAS for belt conveyor monitoring

Belt conveyors, as critical infrastructure for bulk
material handling, require continuous monitoring to
ensure operational safety and prevent costly failures,
such as belt misalignment and tearing. The
traditional methods relying on localized sensors and
periodic maintenance lack the distributed coverage
necessary for early fault detection. The distributed

sensing capability of the DAS, combined with

Photonic Sensors

embedded intelligence, offers a transformative
solution for predictive maintenance in industrial
environments [60, 61].

We implement a comprehensive monitoring
system using a vibration-sensitive armored sensing
cable deployed along a 500-m conveyor section
(Fig. 13). The

vibration data along the entire conveyor line,

system captures synchronized
enabling real-time condition monitoring of idlers
and other critical components. Considering the
characteristic vibration signatures of idler defects,
which are typically dominated by localized and
[62], the

DF-DAS system parameters are set to a pulse

relatively high-frequency components

repetition rate of 10 kHz and a spatial resolution

of 5m, allowing effective localization and
detection of idler-related anomalies along the

conveyor.

Sensing fiber

DAS system

e
Fig. 13 Schematic of the belt conveyor monitoring with the

DAS.

Figure 14  presents the  time-frequency
representations of three representative event types:
background noise (Type 0), mild idler fault (Type 1),
and severe idler fault (Type 2). Clear spectral
distinctions are observed among the categories,
where mild and severe faults exhibit progressively
enhanced broadband energy and richer harmonic
components relative to the stable background state.
These discriminative spectral features enable the
FPGA-deployed 2D-CNN to effectively extract and
classify fault signatures in real time.

Figure 15 illustrates the confusion matrix and
quantitative performance metrics of the trained
model. The

classification accuracy of approximately 98.7%,

system achieves the overall
with precision and recall exceeding 97% across all

fault categories. Notably, even under the strong
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background noise, the FPGA

implementation
maintains stable inference accuracy, demonstrating
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the robustness of the feature learning process and
the efficiency of on-chip parallel computing.
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Fig. 14 Time-domain and corresponding short-time Fourier transform (STFT) spectra for three representative event types:
(a) background noise (Type 0), (b) mild idler fault (Type 1), and (c) severe idler fault (Type 2). Each case presents a 4 s segment of
DAS data, which serves as the recognition window length for the trained model. The color bar indicates the STFT magnitude in dB
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Fig. 15 Evaluation of idler fault recognition accuracy: (a) confusion matrix for the real-field test, where rows indicate predicted

labels and columns indicate true labels (0: background noise; 1: mild idler fault; 2: severe idler fault) and (b) corresponding
performance metrics including average precision, recall, F1-score, and accuracy.

To overcome the high computational load and
latency associated with centralized processing, the
2D-CNN classifier is optimized and deployed on a
Zynq UltraScale+tMPSoC ZCU102 FPGA platform
using the Vitis-Al toolchain. As shown in Fig. 16,
in the FPGA-based AI-DAS processing pipeline
[63], the STFT preprocessing and deep learning
model are quantized to INTS8 precision, reducing
computational complexity while maintaining
classification accuracy comparable to that of
central processing unit (CPU)-based inference,
with negligible
degradation.

only quantization-induced

On the FPGA, the system achieves the average

inference time of only 0.398 ms per sensing node.
With a total fiber length of 500 m and a spatial
resolution of 2m, the entire line could be
processed in real time, whereas CPU-based host
processing typically suffers from higher latency
and data transfer overheads in long-range DAS
applications. As a result, the proposed FPGA
implementation significantly outperforms the
conventional CPU-based solutions in both speed
and power efficiency. The FPGA-based AI-DAS
system consumes only 25 W, demonstrating a 49%
improvement in energy efficiency over desktop
CPUs.

This integrated AI-DAS system exemplifies
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a successful transition from time-based to

condition-based  maintenance  in  industrial
environments. It reliably identifies early
mechanical  faults  through  high-frequency

vibration signatures, even under strong ambient
noise. By combining distributed fiber sensing with
FPGA-accelerated edge intelligence, the system

’
/
ARM cortex-A53
(host CPR)
DAS time-space matrix l T

S STET module

AXI bus

FIFO Multiplier
.

FIFO1

200MHz Output

SOMH Input fIF02

Fig. 16 FPGA-based AI-DAS processing pipeline.
6. Conclusions

Leveraging its unique capabilities, including
long-range coverage, high spatial resolution, and the
reuse of existing optical fiber infrastructures, the
DAS is transitioning from a specialized instrument
into a pervasive layer in the [IoT. This review has
presented a series of innovations developed by the
UESTC optical fiber sensing (OFS) group, spanning
multiple industrial monitoring scenarios: 1) the
DF-DAS system achieves pe-level strain sensitivity
and suppresses signal fading down to 0.1%,
providing a high-fidelity sensing foundation; 2) a
pipeline intrusion recognition framework combining
adaptive feature enhancement and incremental
fine-grained learning tree attains 96.55% accuracy
for ten event types while reducing retraining time by

98.5%; 3) the RailFusion-DAS system enables

Time-frequency spectrogram

Photonic Sensors

provides a scalable, low-power, and high-speed
monitoring solution suitable for long-distance
conveyors and other critical infrastructure. This
case serves as a reference implementation for
embedding lightweight AI models within edge
real-time, reliable, and

devices, enabling

energy-efficient fault diagnosis.
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accurate diagnosis of multiple track defects with
98.73% accuracy using existing trackside fibers;
4) an FPGA-accelerated AI-DAS system realizes
real-time fault detection for conveyor idlers with
98.7% accuracy and low power consumption.
Despite these advances, challenges persist in
environmental noise robustness, weak signal
identification under low SNR conditions, and
scalable  real-time processing in  practical
deployments. Future developments are expected to
focus on several key directions: frequency-comb-
enhanced DAS for ultra-sensitive sensing, integrated
sensing and communication architectures for
improved resource utilization, and embedded Al
chips for real-time massive data processing.
Additional distributed
amplification for extending the sensing range,

hybrid

priorities will include

multi-parameter sensing (acoustic,
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temperature, and strain), and standardization efforts
to ensure interoperability and deployment efficiency.
Through continued advances in new photonic

devices, Al edge processing, and system

optimization, the DAS is positioned to become

a core sensing technology for environmental

monitoring and industrial automation in smart cities,
driving a paradigm shift toward safer, more efficient,
and sustainable infrastructures worldwide.
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