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Abstract 

Distributed acoustic sensing (DAS) technology is a fiber-optic based distributed sens-
ing technology. It achieves real-time monitoring of acoustic signals by detecting weak 
disturbances along the fiber. It has advantages such as long measurement distance, 
high spatial resolution and large dynamic range. Artificial intelligence (AI) has great 
application potential in DAS technology, including data augmentation, preprocessing 
and classification and recognition of acoustic events. By introducing AI algorithms, DAS 
system can process massive data more automatically and intelligently. Through data 
analysis and prediction, AI-enabled DAS technology has wide applications in fields 
such as transportation, energy and security due to its accuracy of monitoring data 
and reliability of intelligent decision-making. In the future, the continuous advance-
ment of AI technology will bring greater breakthroughs and innovations for the engi-
neering application of DAS technology, play a more important role in various fields, 
and promote the innovation and development of the industry.
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Introduction
Distributed acoustic sensing (DAS) is an emerging sensing technology that has received 
widespread attention and research in recent years. Unlike traditional point sensors, DAS 
uses optical fibers as sensors to sense and analyze sound signals in the environment in 
real-time and with high precision, thereby obtaining information on the propagation of 
sound waves and events in the environment.

In recent years, the rapid development of artificial intelligence (AI) technology has 
attracted widespread attention and research. AI has shown remarkable potential and 
application prospects in various fields, especially in natural language processing and 
computer vision, achieving significant breakthroughs. The combination of traditional 
DAS technology and AI technology can achieve fast and accurate processing and analy-
sis of sound signals through intelligent algorithms and system design. AI-driven DAS 
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technology mainly includes four stages: data acquisition, preprocessing, feature extrac-
tion, and machine learning model construction. Data is the foundation of machine 
learning, and the DAS field faces problems such as difficulty in data acquisition and 
large data volume, which to some extent limits the development of machine learning. 
To overcome these problems, establishing public DAS datasets for various scenarios can 
effectively reduce the difficulty of data acquisition and provide a fair comparison and 
evaluation platform for different models [1–4]. In addition, research on data augmen-
tation methods [1, 5] can improve the robustness and generalization ability of models, 
providing new solutions for the recognition of small-sample events. Furthermore, data 
compression algorithms [6] can significantly reduce data volume while retaining effec-
tive information, reducing the cost of data collection and storage. Data preprocessing 
usually includes two steps: denoising and feature extraction. Denoising algorithms can 
effectively reduce the impact of Gaussian noise, phase noise, and fading on signals. Com-
mon denoising algorithms include filtering [7–9], decomposition [10–13], image-based 
denoising algorithms [14–18], and deep learning methods [19, 20]. For feature extrac-
tion, appropriate feature selection can improve the accuracy of classification models. 
Time–frequency images [21], Mel cepstrum [1], and wavelet transforms [22] are com-
monly used statistical features in traditional machine learning. At the same time, map-
ping methods from time series to two-dimensional images, such as short-time Fourier 
transform [23, 24] and Gramian Angular Field (GAF) [25, 26], provide feature images 
for deep learning. In terms of machine learning model construction, traditional machine 
learning methods include support vector machines (SVM) [7, 21, 27], hidden Markov 
models (HMM) [28–30], etc. Deep learning models based on convolutional neural net-
works (CNN) [25, 26, 31] have gradually become the mainstream algorithm for DAS pat-
tern recognition due to their advantages in computer vision.

DAS technology has a wide range of applications and has shown unique advantages in 
various fields such as transportation [32–34], energy [35–42], and security [43–47] by 
monitoring and analyzing sound signals in the environment in real-time. In the trans-
portation field, DAS technology can be used for road monitoring and intelligent trans-
portation systems. By using distributed optical fiber sensors, it can monitor the vibration 
and deformation of roads in real-time, detect the health status of road structures in a 
timely manner, and warn of potential problems such as cracks and subsidence. Addition-
ally, DAS technology can also be used in intelligent transportation systems to help opti-
mize traffic signal control, traffic flow management, and congestion prediction, thereby 
improving traffic efficiency and safety. In the energy field, DAS technology can be used 
for oil and gas pipeline monitoring and power system monitoring. Oil and gas pipelines 
are important channels for energy transportation. Through DAS technology, pipeline 
vibration, temperature, and leakage can be monitored in real-time, and potential prob-
lems can be detected and handled in a timely manner to ensure the safety and stable 
operation of pipelines. In the power system, DAS technology can be used to monitor 
the status of transmission lines and substations, identify the health status of lines, power 
loads, and short-circuit faults in real-time, and help improve the reliability and safety of 
the power grid. In the perimeter security field, DAS technology is widely used in bound-
ary and fence monitoring. By installing optical fiber sensors in the fence, DAS technol-
ogy can detect whether the fence is damaged or whether intruders are approaching in 
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real-time, and issue timely alarms and take measures. Additionally, DAS technology 
can also be used to monitor the vibration and sound signals of the perimeter, provid-
ing early warning and protection for important facilities and places. With the further 
development of technology, the application prospects of DAS technology will continue 
to expand.

In this paper, we will comprehensively introduce the latest progress of AI-driven DAS 
technology and its applications, as shown in Fig. 1. First, we will describe in detail the 
working principle of the DAS system, including the intensity demodulation and phase 
demodulation schemes. In AI-driven DAS technology, we review and discussed the 
dataset, data preprocessing, and classification model in the AI process. Then, we review 
the application of DAS technology in engineering fields such as traffic monitoring, geo-
logical energy exploration, and security. Finally, we propose conclusions on AI-driven 
DAS technology research and prospects for its future development.

Principles of the DAS system
Theoretical model of Φ‑OTDR

The DAS system utilizes the Rayleigh backscattered (RBS) [48–50], which has the high-
est scattering power in optical fibers, for real-time monitoring of individual physical 
quantities on the fiber. Compared to the traditional optical time-domain reflectometry 
(OTDR), the DAS system is based on a phase-sensitive optical time-domain reflectom-
etry (Φ-OTDR), which utilizes a low-frequency-drift, narrow-linewidth laser as a high-
coherence light source. During the propagation of a probe pulse, the scattered light 
within the pulse interferes, and the detected signal is a coherent superposition of the 
RBS signals within the pulse width.

To facilitate the explanation of the working principle of the DAS system, researchers have 
established a one-dimensional RBS signal model [51], as shown in Fig.  2. In this model, 
the optical fiber can be regarded as composed of countless cylindrical thin slices, and each 

Fig. 1  AI-driven DAS technology and engineering application
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cylindrical thin slice consists of a number of scattering points, assuming that there are a 
total of K cylindrical thin slices in the optical fiber of length L, and therefore the length of 
each cylindrical thin slice is �L = L/K  . The scattering signals generated by all the scatter-
ing points in each cylindrical thin slice are superimposed to form the scattering signal gen-
erated by the cylindrical thin slice.

Assuming that there are n scattering points within the kth cylindrical thin slice, the RBS 
signal generated by this cylindrical thin slice can be expressed by:

where θi and ai denote the phase and intensity of a single scattering point, respectively. 
ϕk and |rk | denote the synthesized phase and synthesized intensity of the kth cylindrical 
thin slice, respectively. Since the length of each cylindrical thin slice is very small, the 
formula ignores the attenuation between different scattering points, and according to 
the knowledge of probability theory, it can be obtained that the intensity and the phase 
of each cylindrical thin slice obeys the Rayleigh distribution and the uniform distribu-
tion, respectively.

The expression for the RBS light generated at position z in the fiber is given by:

where E0 is the amplitude of the probe pulse, α is the fiber attenuation coefficient, f (x) 
is the optical transmission function, and M is the number of cylindrical thin slices con-
tained within the pulse width. From Eq. (2), the amplitude and transmission phase of the 
Rayleigh-scattered synthesized light can be respectively expressed as

(1)rk =

n

i=1

ai exp(jθi) = |rk | exp(jϕk)

(2)ERBS(z) = E0 exp(−αz) exp(j2

∫ z

0

f (x)dx)

M
∑

k=1

rk exp(j2

∫ z+M�L

z
f (x)dx)

(3)AR(z) exp[jφR(z)] =

M
∑
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rk exp(j2
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∫ z

0

f (x)dx

Fig. 2  One dimensional RBS signal model
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where φR(z) is the phase of Rayleigh scattering synthesized light. From Eq.  (4), the 
transmitted phase is linearly related to the external perturbation. Then Eq.  (2) can be 
expressed as

where As(z) and φs(z) are the amplitude and phase of the received signal, respectively. 
From Eq. (5), if the perturbation occurs only at position z, the intensity and phase of the 
scattering signal generated at position z change, the scattering signal generated before 
position z do not change in intensity and phase because it occurs before the perturba-
tion. The intensity of the scattered signal generated after position z remains unchanged 
and the synthesized phase φR(z) also remains unchanged. However, the transmission 
phase φT (z) is linearly correlated with the perturbation, and the optical phase at z and all 
positions thereafter is affected by the external perturbation.

Detection and demodulation scheme for DAS systems

From the principle of the DAS system, both the intensity and the phase of the scat-
tered light can be modulated by perturbations. Therefore, the detection scheme aims at 
obtaining these two parameters.

Direct detection

The direct detection DAS system structure is shown in Fig. 3(a) [52]. The system uses an 
electro-optical modulator (EOM) to generate the probe pulse, and the intensity informa-
tion of the scattered light can be obtained after the RBS light signal enters the photode-
tector (PD). The output electrical signal of the PD can be expressed as

where ξ is the response coefficient of the PD. From Eq. (6), the higher the scattered light 
power the larger the value of the PD output electrical signal. After obtaining the PD 

(5)
ERBS(z) = E0AR(z) exp(−αz) exp[j2φT (z)+ jφR(z)]

= As(z) exp[jφs(z)]

(6)IRBS(t) = ξ
∣

∣ERBS(t) · ERBS(t)
∗
∣

∣ = ξAs(t)
2 = ξPs(t)

Fig. 3  a The setup of DAS system based on direct detection. b The setup of DAS system based on homodyne 
detection. c The setup of DAS system based on heterodyne detection (NLL: Narrow Linewidth Laser; AFG: 
Arbitrary Function Generator; EOM: Electrical Optical Modulator; AOM: Acoustic Optical Modulator; EDFA: 
Erbium Doped Fiber Amplifier; PD: Photo-Detector; PC: Polarization Controller; BPD: Balanced photodetector; 
FUT: Fiber Under Test; OC: Optical Coupler)
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output signal strength, the exact perturbation position can be obtained by making a dif-
ference between neighboring RBS curves.

Coherence detection

Since there is no correspondence between the signal strength and the external perturba-
tion, accurate perturbation information cannot be obtained from the direct detection 
DAS system. On the contrary, because the coherent detection DAS system can phase 
demodulate the scattered signal, the quantitative analysis of the perturbation can be real-
ized. There are two main types of coherent detection: zero-difference coherent detection 
as well as out-of-phase coherent detection.

Homodyne detection  The structure of the homodyne detection DAS system is shown in 
Fig. 3(b) [53]. The system uses the EOM to generate the probe pulse, and the 90° optical 
mixer (Hybrid) is used at the receiving end to generate a 90° phase shift for one of the 
RBS light signals, which then enters the balanced photodetector (BPD) for photoelectric 
conversion to generate the isochronous signal I and the quadrature signal Q. The sys-
tem also uses a 90° optical mixer (Hybrid) to generate a 90° phase shift for the RBS light 
signals.

The electrical signal expression of the BPD output is given by

where ξ1 and ξ2 are the response coefficients of the two BPDs, respectively. θ(t) and φ(t) 
are the relative polarization angle and relative phase angle between the scattered light 
and the reference light, respectively. If the response coefficients are the same, the final 
signal amplitude and phase obtained can be respectively expressed as

Heterodyne detection  The structure of the outlier detection DAS system is shown in 
Fig. 3(c) [54]. The system uses an acousto-optic modulator (AOM) to generate the probe 
pulse. The AOM has the function of frequency shifting. The expression for the AC com-
ponent of the output electrical signal of the BPD is given by

where ωA is the frequency shift introduced by the AOM. θ(t) and φ(t) are the relative 
polarization angle and the relative phase angle between the scattered light and the local 
reference light, respectively. The complex signal of the original signal can be obtained by 

(7)IRBS(t) = ξ1As(t)ALO cos θ(t) cos[φ(t)]

(8)QRBS(t) = ξ2As(t)ALO cos θ(t) sin[φ(t)]

(9)A(t) =
√

IRBS(t)2 + QRBS(t)2 = ξAs(t)ALO cos θ(t)

(10)φ(t) = arctan(
QRBS(t)

IRBS(t)
)

(11)IAC(t) ∝ 2ξALOAs(t) cos θ(t) cos[ωAt + φ(t)]
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the Hilbert transform, where IH = Hilbert(IAC(t)),and then the amplitude and phase of 
the signal can be obtained by I/Q demodulation as

AI‑driven DAS technology
Machine learning is a branch of AI that studies how to improve performance by allowing 
computers to learn from experience, which is widely used in various fields. Due to the 
uncertainty of the sound source location and the complex noise environment, accurate 
pattern recognition of DAS data has always been a challenge. Machine learning is an 
effective method to solve this problem. By analyzing and modeling a large amount of 
DAS data, machine learning algorithms can automatically learn patterns and rules from 
the data, thereby achieving automatic classification and recognition of various sound 
patterns. Compared with traditional rule-based methods, Machine learning methods do 
not require prior knowledge of the field and can learn implicit relationships and pat-
terns from data as judgment criteria. Machine learning methods can also improve the 
performance and robustness of DAS pattern recognition through feature selection and 
model optimization. However, machine learning methods still face some challenges in 
DAS pattern recognition, such as data imbalance and noise interference, which require 
further research. The workflow of AI-driven DAS technology includes data acquisition, 
preprocessing, feature extraction, and machine learning model.

Data acquisition

The core of machine learning is the use of large amounts of training data, and the quan-
tity and quality of data directly affect the performance of the model. Compared with AI 
fields such as computer vision and audio recognition, DAS pattern recognition faces 
enormous challenges in terms of data. Obtaining DAS data requires complete experi-
mental equipment, and in some scenarios, the deployment of optical fibers requires rele-
vant permits. Additionally, equipment and server operation and maintenance costs may 
be required. Due to the lack of public DAS datasets, obtaining high-quality DAS data is 
still one of the problems faced by many researchers. Table 1 lists some open-source DAS 
datasets:

High-quality large-scale open-source datasets such as ImageNet can effectively pro-
mote the development of the machine learning field, enabling the comparison and 
evaluation of different models on a fair basis, and accurately assessing the value of these 
works. With the continuous development of DAS pattern recognition, the construction 
of open-source datasets applicable to different scenarios has become one of the urgent 
problems to be solved.

Data augmentation is another method to solve the difficulty of obtaining DAS data. 
Data augmentation is a method of expanding data. It can increase the number of sam-
ples in the training sets, effectively alleviate the problem of model overfitting, and bring 

(12)A(t) =

√

real[IH (t)]2 + imag[IH (t)]2

(13)φ(t) = arctan(
imag[IH (t)]

real[IH (t)]
)
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stronger generalization ability to the model. Currently, research on DAS data augmenta-
tion is limited, mainly based on basic data augmentation. Researchers shift images to 
simulate changes in the location of events [5]; time stretching can change the frequency 
distribution of the original signal, which can provide more changes for each sample in a 
specific category [1]; image flipping, translation, brightness enhancement, cropping, and 
adding Gaussian noise are also commonly used data augmentation methods.

Generative adversarial networks (GANs) as a generative model have been attempted 
for DAS data generation. Researchers use GANs to refine computer-simulated data 
and train ANN classifiers. Compared with classifiers trained only with simulation data 
or experimental data, the network trained with GAN-generated data has significantly 
improved performance [57]. In 2022, researchers used data augmentation based on 
time-series transfer (TST) and cycle generative adversarial networks (CycleGAN) [58], 
which not only increased the amount of data but also improved the diversity of small-
class data, as shown in Fig. 4. In the case where each of the two small classes contains 
only two samples, the average accuracy of the validation set of five classification tasks 

Table 1  Open-source DAS datasets

Project [Ref.] Events Year

Monitoring of hot spring geothermal Wells by DAS 
and DTS [3]

Acoustic, temperature changes and a seismic signal 2018

Submarine cable condition monitoring with DVS 
[55]

Abrupt impact and cyclical loading 2019

Railway track behavior analysis based on DAS [56] Track deflection and load 2020

Different types of vibration events built using 
loudspeakers [1]

Mechanical activities, human activities and natural 
events

2021

Large open source DAS database from multiple 
experiments, mainly in the fields of seismology and 
geophysics [2]

It includes a variety of environments such as urban 
centers, underground mines and the seabed

2023

Simulation of DAS events in a laboratory environ-
ment [4]

Background noise, digging, knocking, shaking, 
watering and walking

2023

Fig. 4  Few-shot learning for DAS event recognition based on data augmentation (MSLS: Mel spectrum with 
log scale) [58]



Page 9 of 51Shao et al. PhotoniX             (2025) 6:4 	

can still reach 90.84%, and the classification accuracy of small classes can reach 79.28%, 
which is 44.45% higher than the basic augmentation method. However, the GAN model 
relies on a large amount of data for training. DAS data augmentation techniques based 
on deep learning still need further research. Shang et  al. [59] proposed an innovative 
method combining k-SMOTE and deep convolutional generative adversarial network 
(DCGAN) for dual data augmentation, called kS-DCGAN. This method solves the prob-
lem of insufficient data samples of some types and increases the diversity of data. In 
addition, this paper uses the CycleGAN network to combine the normal sample char-
acteristics collected by DAS with the fault sample characteristics collected by ordinary 
sensors to generate fault data that conform to the sample characteristics collected by 
DAS. This method can extend the number of fault samples from 0 to 1000.

DAS systems typically generate large amounts of data due to their high sampling rate, 
long distributed sensing distance, and small spatial resolution [60]. For example, in the 
field of geophysics, a DAS system with a sampling rate of 2000 Hz and a spatial resolu-
tion of 1 m for a sensing range of 2 km can produce approximately 650 GB of data per 
day [61]. High-density sampling generates massive amounts of data, which challenges 
existing data storage, management, and real-time processing systems. There is still con-
siderable potential for improving computational efficiency. Data compression algorithms 
for DAS can significantly reduce data volume while retaining important information.

Currently, some data compression methods directly process demodulated signals [62, 
63], effectively reducing data volume. Compression algorithms tailored to the character-
istics of DAS systems [6, 64, 65] can fundamentally decrease data volume, further eas-
ing storage issues. However, these methods inevitably reduce the signal-to-noise ratio 
(SNR), necessitating a balance between data volume and system SNR. Our research team 
has proposed a hybrid compression method to reduce the data volume of heterodyne 
Φ-OTDR systems [66]. This method stores encoded spectral samples, which we refer to 
as the Spectral Extraction, Encoding, and Reconstruction (SEER) method, as illustrated 
in Fig. 5. Although this approach slightly increases computational load, it achieves a high 
compression ratio. Compared to storing time-domain waveforms, retaining encoded 

Fig. 5  Simplified data storage and results presentation process under (a) conventional approach and (b) 
SEER method [66]
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spectral samples significantly reduces data volume. Additionally, this method preserves 
the dense sensing channel characteristics of the DAS system with minimal impact on 
other key system parameters. Furthermore, it allows simultaneous acquisition of phase 
and amplitude information, facilitating the extraction of multidimensional features in 
pattern recognition.

Data preprocessing

Data denoising and feature extraction are essential steps in building pattern recogni-
tion systems. The purpose of denoising is to reduce measurement noise and improve 
SNR. This task is crucial for long-distance DAS technology because as the sensing length 
increases, the sensing capability usually degrades to some extent. Denoising algorithms 
operate on raw data and output denoised data of the same dimension. Feature extraction 
algorithms use domain transformation combined with statistical regularities to reduce 
data dimensionality and establish robust prediction or classification models. With the 
development of deep learning, neural networks such as CNN have also been widely used 
in DAS feature extraction.

Data denoising

The noise sources in the DAS system mainly include Gaussian noise caused by devices 
and the environment, phase noise introduced by the laser source, and two types of fad-
ing phenomena, namely, intensity fading and polarization fading [67]. Intensity fading is 
due to the interference between the backscattered signals of different scattering points 
within a single pulse. In Φ-OTDR systems based on heterodyne detection, the polari-
zation mismatch between the local oscillator and the backscattered signal leads to the 
occurrence of polarization fading. When this fading occurs, the phase extracted at these 
fading points is destroyed by noise, making it difficult to locate vibration events and 
reducing the effectiveness of Φ-OTDR. Intensity fading can be mitigated by using multi-
wavelength lasers, frequency scanning, or wavelength grading techniques simultane-
ously. The polarization fading effect can be reduced by polarization diversity technology.

Noise reduction algorithms are usually designed based on appropriate assumptions 
about the distribution of noise in time, space, and frequency domains. Common noise 
reduction algorithms include filtering, decomposition, image-based noise reduction 
algorithms, and deep learning methods. The advanced work in noise reduction in recent 
years is listed in Table 2. It is worth noting that the SNR in the table is not calculated in 
exactly the same way.

Filtering can filter out specific frequency ranges in the DAS signal, which is an effec-
tive way to suppress noise. Due to its simple operation and significant effect, it is often 
used in the noise reductio. For digital filtering of data, there are mainly FIR high-pass 
filters [7], which can suppress low-frequency noise, and band-pass filters [8, 9], which 
extract effective frequency components. In 2014, Li et al. [68] proposed a method based 
on power spectral analysis, which used the frequency characteristics of RBS light at the 
perturbation position to locate the vibration event and increased the SNR to 19.4 dB; in 
2019, Zhang et al. [69] proposed a multi-dimensional matching filtering method, which 
can achieve a 5.76 dB SNR enhancement even for strong noise interference under suit-
able filter sizes.
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Signal decomposition is to decompose the original signal into a series of sub-signals 
according to a specific method, and then obtain the denoised estimated signal through 
threshold or weighted superposition methods. The wavelet-transform [10] and empirical 
mode decomposition (EMD) algorithm has also been applied to DAS denoising due to 
its excellent signal processing performance and the characteristics of not requiring pre-
set basic functions. In 2017, researchers used EMD to decompose the original RBS sig-
nal into a series of intrinsic mode functions (IMF) and residual components, achieving 
a 2.74 dB SNR improvement [11]. Denoising work based on empirical mode decompo-
sition and Pearson correlation coefficient fusion (EMD-PCC) [12] and empirical mode 
decomposition and time–frequency peak filtering (EMD-TFPF) [13] algorithms were 
proposed in 2021. EMD-PCC can effectively recover the signal in different frequency 
interference and increase the SNR from 7.32 dB to 13.68 dB. The EMD-TFPF algorithm 
can increase the SNR to 37.6 dB under low-frequency vibration of 0.1 Hz.

Since DAS signals can form two-dimensional signals according to their spatial and 
temporal distributions, many image denoising methods can also be applied to this field. 
In 2013, Zhu et al. [14] proposed a Φ-OTDR SNR enhancement method based on two-
dimensional edge detection (2D-ED), which uses the Sobel operator convolution to cal-
culate the pixel value of the gray image and improves the SNR to 8.4 dB; in 2017, He et al. 
[15] proposed an image reconstruction algorithm based on adaptive two-dimensional 
bilateral filtering, which can smooth noise while retaining more details of the image. It 
can adaptively select parameters for different signals with faster and stronger robustness 
and improve the SNR by 14 dB in experiments; as a classic image denoising algorithm, 
non-local means (NLM) has also been proposed for parameter optimization in Φ-OTDR 
[16], which effectively improves the accuracy of measurement and positioning. In 2023, 
Li et  al. [17] proposed a NLM image processing method to improve the SNR of the 

Table 2  Recent Advancements in algorithm noise reduction

Ref Method Year Initial SNR/dB Improved SNR/dB Data source

 [14] 2D-ED 2013 6.56 8.4 Laboratory

 [68] Power spectrum analysis 2014 5.7 19.4 Laboratory

 [10] Curvelet 2017 3.0 7.8 Laboratory

 [11] EMD 2017 15.56 18.30 Laboratory

 [15] 2D-ABLF 2017 6.43 20.83 Laboratory

 [69] MMF 2019 8.69 14.45 Laboratory

 [12] EMD-PCC 2021 7.32 13.68 Laboratory

 [13] EMD-TFPF 2021 7.6 37.6 Laboratory

 [18] NLMS 2022 8.4 22.31 Laboratory

 [17] NLM 2023 13.92 23.39 Laboratory

 [19] DL-TSD 2020 7.5 53.98 Laboratory

 [20] Supervised CNN for phase noise 2021 13.4 42.8 Laboratory

 [70] Semantic image segmentation 2022 7.76 37.84 Laboratory

 [71] DnCNN 2022 7.13 26.02 Laboratory

 [72] DAS-N2N 2023 1.89 26.29 Glacier microseismic

 [73] MSI-Net 2023  − 0.5132 19.0062 Synthetic DAS-VSP

 [74] CSANet 2024 5.94 30.80 Synthetic DAS-VSP

 [75] SDT 2024 -0.0394 12.0818 Synthetic seismic data

 [76] ABM3D 2024 1.77 40.6 Laboratory



Page 12 of 51Shao et al. PhotoniX             (2025) 6:4 

Φ-OTDR system, and the SNR reached 23.39 dB. In 2022, Yu et al. [18] used an adaptive 
prediction denoising method based on normalized least mean square (NLMS) to reduce 
non-stationary noise, and the SNR increased from 8.14 dB to 22.31 dB.

In the past decade, machine learning and deep learning have played an increasingly 
important role in signal and image processing. Therefore, they have gradually been used 
in DAS data denoising. In 2020, Wang et  al. [19] proposed an adaptive deep learning 
temporal-spatial detection (DL-TSD) method to extract vibration. They manually pro-
cessed the waterfall chart, extracted the vibration, constructed a dataset, and trained 
CNN. In the best case, a super-high SNR of 53.98 dB can be obtained. In 2021, Jiang et al. 
[20] proposed a supervised learning-based method to suppress multiple phase noises. 
They constructed a dataset through numerical simulation and increased the SNR of the 
PZT vibration signal from 13.4 dB to 42.8 dB. In 2022, Li et al. [70] proposed a method 
based on semantic image segmentation. They annotated the vibration in the waterfall 
chart and trained it. The SNR can reach 37.84 dB. In the same year, the classic machine 
learning denoising algorithm Denoising CNN (DnCNN) was used in Φ-OTDR denois-
ing [71]. The pure striped image is considered an ideal vibration image. By constructing 
a noise-clean image pair by superimposing real RBS noise on the striped image, the SNR 
was improved by about 20 dB.

DAS represents a novel technology for seismic data acquisition. Noise suppression is 
a crucial step in seismic data processing. The denoising process of DAS seismic signals 
encounters two primary challenges. Firstly, DAS seismic data contains certain back-
ground noises, such as optical low-frequency noise and fading noise, which are absent 
in conventional seismic data. Secondly, the SNR of DAS seismic data is relatively low. In 
recent years, neural networks have demonstrated superior denoising performance com-
pared to traditional methods. Lapins et al. [72] introduced a weakly supervised machine 
learning method named "DAS-N2N" to suppress strong random noise in DAS signals. 
This method does not require paired clean and noisy signals for training. Instead, it uti-
lizes two fibers within the same cable to record two noisy copies of the same underlying 
signal. Since random noise is independent, the deep learning model can be trained using 
only these two noisy data copies. The goal is to map the random noise process to selected 
summary statistics, such as the mean, median, or mode of the distribution, while pre-
serving the true underlying signal. Once the model is trained, only noisy data from a 
single fiber is needed. Sui et al. [74] proposed a Cosine Spectrum Association Network 
(CSANet) for denoising DAS Vertical Seismic Profile (VSP) data. This algorithm consid-
ers both time shift and frequency information, achieving better recognition and recovery 
of weak DAS signals. Additionally, a feature fusion module was designed to ensure the 
entire network better utilizes composite information. CNNs have limitations in captur-
ing long-range dependencies and maintaining global consistency, which restricts their 
effectiveness in DAS seismic data denoising. To address this, Wang et al. [75] proposed a 
transformer-based model called Seismic Data Denoising Transformer (SDT) for seismic 
signal processing. Utilizing the self-attention mechanism, the SDT model overcomes the 
limitations of CNNs, effectively capturing long-range features for seismic signal recon-
struction. This approach also introduces a new self-supervised pre-training strategy 
using large-scale datasets to further enhance performance. Experimental results indi-
cate that SDT excels in suppressing complex seismic noise and preserving weak signal 
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amplitudes. Wang et al. [73] proposed a Multi-Scale Interaction Convolutional Neural 
Network (MSI-Net) for the challenging task of DAS seismic data denoising. Unlike most 
existing CNN architectures for seismic data denoising, MSI-Net considers both coarse-
scale and fine-scale features. It improves inherent serial convolutions to multi-scale par-
allel convolutions, which is beneficial for detail recovery. This approach uses specific 
connections to facilitate information interaction between different scales, promoting 
information flow and enabling the network to extract more information-rich multi-scale 
features from DAS seismic data.

Currently, traditional algorithms have poor denoising effects in low SNR environ-
ments. Compared with traditional image processing algorithms, machine learning 
usually performs better, but there are still problems such as complex training set con-
struction and difficulty in model transfer in different scenarios in practical applications. 
To solve these problems, our research group proposed a Block-matching and 3D filtering 
(BM3D) method for distributed optical fiber sensing [45, 76, 77]. As shown in Fig. 6, the 
method is divided into two stages, each stage consists of grouping, collaborative filtering, 
and aggregation. First, find the matching block M similar to the reference block R in the 
image and integrate them into a three-dimensional array. Then, perform a three-dimen-
sional transformation on the array, and use hard threshold filtering (or Wiener filtering) 
and inverse transformation operation in the second stage. After processing, return the 
block to the corresponding position in the original image. Finally, the estimated results 
of all overlapping blocks are weighted and averaged to obtain the estimated result of the 
real image (the estimated result of the first stage and the original noise image are used as 
the input of the second stage). This method can significantly reduce noise while retain-
ing the details of the image by utilizing the correlation between data in the time and 
space domains. Without changing the original system structure, we achieved distributed 
vibration sensing with a spatial resolution of 20 m within a range of 50 km. The SNR at 
the end of the fiber increased from nearly 0 dB to 37.2 dB. Compared with traditional 
image denoising algorithms, the BM3D method has better denoising performance, and 
its processing process is more concise than that of deep learning-based methods. Based 
on these advantages, we believe that this method can be widely used to improve the SNR 
performance of Φ-OTDR, thereby achieving the goal of detecting small vibrations or 
extending the sensing distance.

Feature extraction

Using DAS data to identify and distinguish vibration events requires the extraction of 
relevant features from the data, which is often combined with domain transformation 

Fig. 6  Flowchart of the proposed BM3D denoising for Φ-OTDR [77]
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techniques. The commonly extracted features can be roughly divided into statistical 
features, one-dimensional signal features, and image features. Statistical features are 
mainly used for traditional machine learning algorithms, such as SVM and XGBoost, 
etc. According to the different characteristics of time-domain and frequency-domain 
signals, corresponding features are selected. Time-domain features include peak-to-peak 
value, variance, mean, root-mean-square value, kurtosis, etc., which are similar in most 
work [21]. In addition to analyzing the spectral parameters, there are also some differ-
ent extraction methods for frequency-domain features, such as dividing the spectrum 
into different frequency range intervals and calculating the energy of these intervals [21]. 
SVD decomposition of the spectrum is also used to select the largest few singular val-
ues [22]. In addition, statistical features such as wavelet entropy [21, 22], wavelet infor-
mation quantum [21, 22], Hilbert transform and EMD [7, 46], Mel frequency cepstrum, 
Synchrosqueezing Transform [78], short-time Fourier transform [23, 24, 79], and Spear-
man correlation coefficient [80] can all be used for classification.

On the basis of single feature extraction methods, researchers have proposed many 
different ways to combine multiple features [81–83]. Du et al. [84] proposed a feature 
correction algorithm based on sample feature weighting method to effectively improve 
the performance of Ф-OTDR in complex environments. Huang et  al. [85] proposes a 
pattern recognition method based on self-reference feature extraction. The proposed 
method constructs self-reference features from two dimensions of vibration and refer-
ence position, which improves the effectiveness of the features. At the same time, the 
abnormal data points are effectively filtered to further improve recognition accuracy.

Manual feature extraction can effectively improve the accuracy of classification, but it 
relies heavily on professional knowledge and has weak scene generalization ability. With 
the development of AI, deep learning models can extract features from one-dimensional 
signals or two-dimensional images by themselves and complete the tasks of classification 
and recognition. Machine learning techniques such as Principal Component Analysis 
(PCA) [86], 1D Residual Neural Network (1D-ResNet) [87], CNN [88–90], Long Short-
Term Memory (LSTM) [91, 92] have been applied to feature extraction. The process 
of converting one-dimensional time series into two-dimensional images is essentially 
a dimensional increase, which means an increase in information content. At the same 
time, some features of the data can be better highlighted in the conversion process, and 
feature extraction and pattern recognition can be completed with the help of mature 
computer vision technology. Therefore, researchers are paying more attention to the 
construction of DAS two-dimensional images. Due to the spatiotemporal characteristics 
of DAS signals themselves, the common two-dimensional images are formed by stacking 
one-dimensional data after intensity demodulation according to the order of pulse emis-
sion [5, 8, 93, 94], and the envelope of the two-dimensional image can also be extracted 
on this basis to highlight the characteristics of the image [95]. Since the time–frequency 
characteristics of different vibration events will have significant differences, short-time 
Fourier transform [23, 24, 91], gammatone filter cepstrum coefficient envelope [96], Mel 
frequency cepstrum [1], and wavelet transform [91, 97] have also been used to construct 
two-dimensional images. Hu et al. [98] systematically evaluated the performance of vari-
ous image encoding techniques, including GAF, Markov Transition Field (MTF), Recur-
rence Plot (RP), and Recurrence Plot Matrix (RPM), when integrated with deep learning 
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models. Their study provides a detailed comparison of these techniques in terms of their 
effectiveness and compatibility with deep learning frameworks.

MTF is a visualization technique used for dynamic system modeling and analysis. By 
converting time series data into two-dimensional images, it reveals the state transition 
rules and dynamic features in the system. Given a time series data, we can calculate 
the state transition probability between adjacent time points and represent these prob-
ability values as pixel values in the image [31, 99]. By using MTF, we can analyze time 
series data in an intuitive way and reveal important dynamic features in the sequence, 
as shown on Fig. 7. The image contains information about each sampling point and can 
be recognized by deep learning methods. Wei et al. [100] proposed a method that con-
verts phase time series into MTF matrices, which are then combined with Non-negative 
Matrix Factorization (NMF) to generate RGB images. By leveraging 2D CNNs for clas-
sification, their approach demonstrated superior training efficiency and achieved over a 
13% improvement in recognition accuracy compared to traditional 1D CNN methods.

GAF is a visualization technique used for time series analysis. GAF converts time 
series into two-dimensional images to capture potential patterns and relationships 
in the time series. Specifically, GAF uses the Gramian matrix of the time series to 
calculate the angle information at each time point, and then represents these angle 
information as pixel values in the image [25, 26], as shown in Fig. 8. This allows us to 

Fig. 7  The flow chart of transforming time series into MTF [31]
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observe patterns and structures and to assist us in understanding the hidden dynamic 
features in the sequence. Wang et  al. [101] utilized the Gramian Angular and Sum-
mation Field (GASF) algorithm to encode signals into two-dimensional image fea-
tures. Combined with the ConvNeXt network and a cosine annealing optimization 
algorithm, their method achieved recognition accuracies of 99.3% for single-point 
disturbances and 98.3% for multi-point disturbances, with an average response time 
of 0.103  s. Hua et  al. [102] developed the TFF-CNN framework, which integrates 
Gramian Angular Difference Field (GADF) encoding with FFT-based Co-occurrence 
Matrices (FFTT) to generate time–frequency feature images. This dual-channel 
model achieved a recognition accuracy of 99.30% with a response time of just 0.6 s, 
showcasing notable advantages in terms of low false alarm rates and minimal latency.

RP, also known as recurrence graphs, have important applications in time series 
analysis and nonlinear dynamics. RP visualizes repetitive patterns and similarities in 
time series by transforming them into two-dimensional matrices. Specifically, given 
a time series, we can calculate the similarity measure between different moments in 
time according to a certain algorithm, and then visualize the similarity matrix as a 
graph, which is the RP. The generation of RP first selects an appropriate similarity 
measure method and calculates the similarity between different moments in time 
on the time series. Then, the similarity matrix is transformed into a graph, usually 
in the form of a black-and-white block matrix, where black blocks represent pairs of 
moments with high similarity, and white blocks represent pairs of moments with low 
similarity, as shown in Fig. 9 [103]. RP can be used to discover important information 
such as periodic patterns, similarity patterns, and chaotic dynamics in time series. By 
observing the structure and features of RP, important dynamic characteristics of time 
series can be revealed, which can help better understand and analyze complex time 
series data and extract useful information.

Fig. 8  DAS image construction based on GAF [25]
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Classification / recognition models

Traditional machine learning

Traditional machine learning refers to the use of mathematical methods such as statis-
tics, linear algebra, and optimization algorithms to learn from existing data and con-
struct predictive models for predicting and classifying unknown data. SVM [7, 21, 
27], HMM [28–30], the ELM classifier with the fisher score feature selection method 
(F-ELM) [22], Dendrite Net [104], and XGBoost [105] are all used for DAS signal recog-
nition and classification. A summary of machine learning pattern recognition is shown 
in Table 3.

SVM are a commonly used machine learning method that is widely used in pattern 
recognition, data classification, and regression. Its basic idea is to achieve classifica-
tion by finding an optimal hyperplane that can separate samples of different categories 
and has the maximum margin, so that the generalization performance of the classifier 
is optimal. In SVM, samples are viewed as points in feature space and labeled accord-
ing to their categories. By mapping samples to a high-dimensional feature space, SVM 
is essentially looking for an optimal hyperplane that maximizes the margin separation 
of samples on the hyperplane. These sample points with the maximum margin on the 
hyperplane are called support vectors, and they play a key role in determining the deci-
sion boundary. The core of SVM is to map input samples to a high-dimensional feature 
space through a kernel function, which can handle nonlinear problems.

Commonly used kernel functions include linear kernel, polynomial kernel, and 
radial basis function (RBF) kernel, etc. These kernel functions can map samples from 
low-dimensional space to high-dimensional space and perform classification in 

Fig. 9  DAS image construction based on RP [103]
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high-dimensional space. By selecting the kernel function and adjusting the hyperparam-
eters reasonably, SVM can fit various complex nonlinear patterns. SVM has a solid theo-
retical foundation and strong generalization ability and can handle classification tasks in 
high-dimensional data and small samples. In addition, by introducing soft margin and 
kernel tricks, SVM can also handle some linearly inseparable problems. Jia et  al. [21] 
proposed near category support vector machines (NC-SVM) by combining K-nearest 
neighbor (KNN) to extend binary SVM to multi-class problems. Compared with other 
multi-class SVMs, it effectively improves the classification accuracy. Fouda et  al. [7] 
combined time–frequency domain features with SVM classifiers to identify malicious 
attacks on multiple submarine cables, as shown in Fig. 10. The classification accuracy of 
three typical events reached more than 96%. However, there is still room for improve-
ment in the classification accuracy of another event. Wu et al. [27] proposed a method 
of feature extraction based on 1D-CNN combined with SVM classification. Use efficient 
1-D CNN to replace 2-D CNN for feature extraction; then use SVM classifier to replace 
the softmax layer in the CNN network to further optimize the classification. The recog-
nition accuracy in the oil pipeline monitoring application reaches more than 98%, which 
is better than the typical fixed-feature machine learning method and the deep learning 
method related to 2-D CNN.

HMM is a commonly used probabilistic graphical model, which is widely used in 
speech recognition, natural language processing, image processing, and other fields. 
HMM models are based on the hidden states of Markov processes and predict hidden 
states based on observed output sequences. An HMM contains two basic parts: hidden 

Table 3  Summary of machine learning DAS pattern recognition

T represents the time domain signal, F represents the frequency spectrum, T-F represents the time–frequency spectrum

Field represents data from real-world scenarios, while Lab represents data from laboratory settings

“---” indicates not available

Ref Year Preprocessing Input Network Training dataset Application 
scenario (Number 
of events)

 [27] 2019 WPD denoising T 1D CNN + SVM Field: 7762 Buried pipeline 
safety monitoring(5)

 [28] 2019 --- F GMM-HMM Field: 35680 Buried pipeline 
safety monitoring(4)

 [29] 2019 Feature extraction Features from T, F 
and T-F

HMMs Field: 267 Buried pipeline 
safety monitoring(5)

 [22] 2020 Feature extraction Features from T 
and F

F-ELM Field: 525 Airport perimeter 
intrusion monitor-
ing(5)

 [7] 2020 High-pass filter T-F TFDC-SVM Field: 255 Submarine cable 
shock events of dif-
ferent magnitude(3)

 [105] 2020 EMD-CIIT denois-
ing
Feature extraction

Features from T, F 
and T-F

XGBoost Field: 900 Railway intrusion 
monitoring(5)

 [21] 2021 Feature extraction Features from T 
and F

NC-SVM Field: 450 Vibration events(5)

 [30] 2021 Feature extraction Features from T mCNN-HMM Field: 11916 Underground com-
munication cables 
monitoring(4)

 [104] 2023 Feature extraction Features from T VTTCG-DD Lab: 12478 Vibration events(6)
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states and observation sequences. Hidden states are invisible states in the time series, 
while observation sequences are visible outputs associated with hidden states. HMM 
assumes that the current state is only related to the previous state, that is, it satisfies 
the Markov property. This means that for the state at any time, its transition probability 
is only related to the previous state and is independent of other states or observations. 
The application of HMM models mainly include evaluation problems (calculating the 
probability of the observation sequence) and decoding problems (solving the most likely 
hidden state sequence). Based on these problems, we can perform signal recognition, 
sequence labeling, and other tasks. Tejedor et al. [28] introduced feature-level contex-
tual information in the Gaussian Mixture Model-Hidden Markov Model (GMM-HMM) 
based pattern classification system and used a system combination strategy for decision-
making, as shown in Fig. 11. System combination depends on the majority of decisions 
given by a single contextual information source and the number of states used for HMM 
modeling. The system runs in two different modes: the first is the machine + activity 
recognition mode, which recognizes the activity being performed by a machine; the 
second is the threat detection mode, which detects threats regardless of the actual activ-
ity being performed. Compared with the systems previously based on the same strict 

Fig. 10  The architecture of SVM [7]

Fig. 11  GMM-HMM pattern recognition model (HMMs EB: Hidden Markov Models Empirical Bayes) [28]
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experimental settings, the system combination based on contextual feature information 
and GMM-HMM method improved the results of machine + activity recognition and 
threat detection. Tejedor et  al. [106] proposed a hybrid model for threat recognition, 
which integrates a random forest-based feature extraction method, a multi-layer percep-
tron (MLP) classifier, and a parallel GMM-HMM for pattern classification. To enhance 
decision-making, the system employs a majority voting strategy that combines outputs 
from various feature extraction methods and GMM-HMM classifiers configured with 
different state numbers. Experimental results demonstrate that the proposed system 
outperforms previous methods, achieving a 5% relative improvement in machine and 
activity recognition, a 1% increase in pipeline threat detection rate, and a 15% reduction 
in false alarm rate.

Supervised deep learning

Deep learning is a machine learning method based on artificial neural networks. It can 
perform feature learning and pattern recognition in an unsupervised or supervised man-
ner by connecting multiple layers of neurons and adjusting their weights. Traditional 
acoustic pattern recognition methods usually rely on manually extracted features, which 
are limited by the need for a lot of domain knowledge and professional experience and 
are not suitable for complex and diverse datasets. The advantage of deep learning is that 
it can automatically learn features from raw data and perform efficient pattern recog-
nition. Neural networks such as artificial neural networks (ANN) [57], Spiking Neural 
Networks (SNN) [23], multi-layer perceptron neural networks (MLPNN) [107], PNN 
[86], and CNN [25, 26, 31] have been used for DAS signal pattern recognition. A sum-
mary of deep learning pattern recognition is shown in Table 4.

CNNs are a widely adopted deep learning model in computer vision and pattern recog-
nition, characterized by their ability to extract features through convolution operations 
and represent complex patterns using multi-layer neural networks. The fundamental 
principle of CNNs lies in constructing hierarchical features through multiple convolu-
tional and pooling layers. In convolutional layers, a set of learnable convolutional kernels 
performs convolutions on the input data, capturing local features from images or other 
input patterns. By leveraging weight sharing and local connections, convolutional ker-
nels significantly reduce the number of parameters, improve computational efficiency, 
and enhance the model’s generalization capabilities. Pooling layers, on the other hand, 
perform down-sampling and feature compression by applying operations such as max 
pooling or average pooling. These layers reduce the spatial dimensions of feature maps 
while preserving essential features, thereby lowering computational costs and improv-
ing the model’s robustness to spatial translations. In addition to convolutional and pool-
ing layers, CNNs also include fully connected layers and activation function layers. Fully 
connected layers link the extracted features to output categories, enabling tasks such as 
classification or regression. Activation function layers introduce nonlinearity into the 
model, allowing it to learn more complex patterns. A typical CNN architecture for DAS 
event classification [26] is illustrated in Fig. 12. In this approach, phase signals are con-
verted into two-dimensional images using GAF, labeled to construct a dataset, and sub-
sequently fed into the convolutional neural network for pattern recognition. Wu et al. [1] 
proposed an intensity and phase superimposed CNN (IP-CNN) to use the intensity and 
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Table 4  Summary of deep learning DAS pattern recognition

Task Ref Year Preprocessing Input Network Training 
dataset

Application 
scenario 
(Number of 
events)

Classification [25] 2020 Wavelet denois-
ing
Image coding

GAF CNN Field: 4800 Intrusion events 
(6)

[108] 2020 --- S-T CNN-LSTM Field: 123 Intrusion 
event under 
strong noise 
interference 
of high-speed 
railway (3)

[109] 2020 --- T CPL-MSCNN Field:
4800 (known)
0 (unknown)

Intrusion events 
(6 known, 4 
unknown)

[93] 2021 Image coding GSIs 2DCNN-LSTM Field: 2624 Perimeter secu-
rity events (7)

[110] 2021 Band-pass filter S-T CNN Field: –- Seismic; Noise

[107] 2021 --- Power spec-
trum

MLPNN Field: 12,640 Road intrusion 
events (6)

[86] 2021 Feature extrac-
tion

Features 
from T

PCA-PNN Lab: 525 Disturbance 
event (5)

[31] 2022 Image coding MTF CNN Lab: 1373 Disturbance 
event (5)

[26] 2022 Image coding GAF CNN Field: 4390 Intrusion events 
(6)

[111] 2022 --- T ATCN-SA-
BiLSTM

Field: 1120 Perimeter secu-
rity events (4)

[112] 2023 Band-pass Filter 
Feature extrac-
tion

Features 
from T

1D-RL-CNN 
with Open-
Max

Field:
1188 (known)
0 (unknown)

Road intru-
sion events 
(3 known, 3 
unknown)

[88] 2023 Denoising T-F CNN
Bi-LSTM-CLC

Lab: 6850 Vibration events 
of different 
frequencies (5)

[113] 2023 High-pass filter T CDIL-CBAM-
BiLSTM

Lab: 5040 Perimeter secu-
rity events (6)

[114] 2024 Sliding average 
method

T APL-1D 
ResNet

Field: 4230 Pavement dam-
age events (6)

[102] 2024 Denoising
Image coding

GADF FFTT TFF-CNN Field: 600 Intrusion detec-
tion (5)

[101] 2024 Wavelet denois-
ing
Image coding

GASF GASF-Con-
vNeXt-TF

Lab: 6480 Intrusion events 
(6)

[98] 2024 Wavelet denois-
ing
Image coding

GAF, MTF
RP, RPM

NAM-HorNet Lab: 11,540 Intrusion events 
(6)

Object detec-
tion

[115] 2022 Moving average 
method

S-T YOLO Lab: 4050 Perimeter secu-
rity events (5)

[116] 2022 Median Filtering
Pseudo-Color 
Processing

S-T YOLO-A30 Lab:8069 Perimeter secu-
rity events (5)

[97] 2023 syn-
chrosqueezed 
wavelet trans-
form

T-F YOLOXs Lab: --- Steel Wire break 
detection in 
prestressed 
concrete cylin-
der pipes
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phase information of DAS with coherent detection. The enhanced training dataset can 
greatly improve the classification accuracy.

Deep learning methods improve the accuracy of event recognition and can auto-
matically extract features based on sample distribution. However, almost all these 
methods focus on closed-set recognition and cannot recognize signals of unknown 
categories that are not involved in model training. In practical applications, due to the 
complexity of the environment around the sensing fiber, the types of signals are more 
than those that can be used in training. Therefore, when the closed-set recognition 
model is applied to an open-set environment, unknown events will be misclassified 
as known categories, thereby reducing the recognition accuracy of the sensing sys-
tem. To overcome this defect, Zhou et al. [112] proposed an open-set event classifica-
tion model for distributed fiber-optic vibration sensing system based on 1D residual 

Table 4  (continued)

Task Ref Year Preprocessing Input Network Training 
dataset

Application 
scenario 
(Number of 
events)

[117] 2023 Band-pass filter
Image Aug-
mentation

S-T Double-YOLO Field: 2051 Footsteps 
detection

[118] 2023 Band-pass filter S-T YOLOv5 Field: 10,000 Traffic detec-
tion (2)

[119] 2024 Moving average 
method

S-T CBAM- 
YOLOv8

Field: 32,432 TPerimeter 
security events 
(6)

[120] 2024 --- S-T ResNet50
Faster R-CNN

Field:
71 (set 1)
455 (set 2)

Intrusion detec-
tion (4)

T represents the time domain signal, F represents the frequency spectrum, T-F represents the time–frequency spectrum, 
and S-T represents the Spatio-temporal image

Field represents data from real-world scenarios, while Lab represents data from laboratory settings

“---” indicates not available

Fig. 12  Structure diagram of CNN [26]
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learning convolutional neural network (1D RL-CNN) and OpenMax algorithm, which 
can handle signals of known and unknown categories. Cars, excavators, road break-
ers and other events with high threats are used as known samples for model train-
ing and closed-set recognition, while walking, running, environment and other events 
with low threats are used as unknown samples for open-set recognition. The experi-
mental results show that compared with the traditional one-dimensional CNN signal 
classification method, the classification accuracy of the recognition model has been 
greatly improved. Jiao et  al. [114] proposed a convolutional neural network-based 
deep learning model, termed Anchor Point Learning (APL), designed to enhance the 
robustness of open-set recognition and minimize the overlap between known and 
unknown categories. APL assigns categories to distinct regions in the output space 
using anchor points and incorporates an adversarial regularization term to improve 
the compactness of intraclass features. In experiments on pavement intrusion signal 
recognition, APL demonstrated superior performance compared to the traditional 
Softmax method and state-of-the-art open-set recognition approaches, achieving 
effective intrusion recognition with a low false alarm rate in open-set environments.

Multi-Scale Convolutional Neural Network (MSCNN) can capture microscopic and 
macroscopic features in images by performing multi-scale convolution and feature 
extraction, thereby improving the recognition and segmentation capabilities of the 
model in complex scenes. Lyu et  al. [109] proposed a robust intrusion event recogni-
tion scheme based on the convolutional prototype network (CPL), which integrates the 
relevant variables learned by the prototype into the training process of the MSCNN as 
trainable parameters. This scheme realizes end-to-end feature extraction and recog-
nition based on the similarity of intrusion signals and has the ability to recognize and 
reject unknown interference events. In field experiments, the average recognition accu-
racy of known intrusion events can reach 84.67%, and the rejection rate of unknown 
interference events is about 83.75%, ensuring the accuracy of intrusion event monitoring 
in complex field environments. Wu et al. [30] designed an improved multi-scale convo-
lutional neural network (mCNN) to automatically extract the local structural features of 
DAS signals from multiple perspectives. Then, the HMM is used to mine the sequence 
information of the previously extracted features of the entire sample. Based on the test 
results of actual field data, this method is superior to HMM models with comprehensive 
manual features, CNN-HMM models, and MS-CNN-HMM models in terms of feature 
extraction. In addition, the Euclidean distance between the posterior probabilities of 
correct classification and error classification was proposed to evaluate the feature dis-
tinguishability of test samples under different recognition models. Then, an objective 
parameter was used to measure the feature extraction ability of the model.

LSTM is a widely used recursive neural network model in the field of sequence data 
analysis and natural language processing. LSTM can adaptively control the flow and 
retention of information by introducing three gating units (input gate, forget gate, and 
output gate). The gating mechanism can learn the weights and biases of the gating 
units based on the content and context of the input data, thereby realizing the mod-
eling of long-term and short-term memory, as shown in Fig.  13. To address the issue 
of low recognition accuracy in high-sampling-rate long-sequence signal data collected 
by the DAS system, Wang et  al. [113] proposed a circular dilated-convolutional block 
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attention module- Bi-LSTM (CDIL-CBAM-BiLSTM) network model that leverages fea-
ture fusion. This model employs an improved circular dilated convolutional neural net-
work to extract detailed temporal structure information from each signal node. It then 
integrates this information with a bidirectional LSTM network to perform deep data 
mining through feature fusion. Additionally, to enhance the model’s performance, a con-
volutional block attention module is incorporated. Experimental results, based on 5040 
training samples and 2160 test samples, demonstrate that the model achieves an aver-
age recognition accuracy of over 99% for six real interference events in perimeter secu-
rity scenarios, with a recognition time of less than 2 ms. The combination of CNN and 
LSTM is widely used in DAS pattern recognition [88, 111, 113, 121], including pipeline 
safety monitoring [91], earthquake [110] intrusion events [93, 108, 122], etc.

Deep learning algorithms have been extensively applied to DAS event classification 
tasks. However, practical DAS applications often demand not only accurate event clas-
sification but also precise event localization. For instance, in scenarios such as pipeline 
leakage monitoring or perimeter security, localization information is critical for enabling 
rapid responses. Consequently, object detection algorithms, which integrate event rec-
ognition and localization, have emerged as a key research focus in the DAS field.

Faster R-CNN, a classic algorithm in object detection, utilizes a Region Proposal 
Network (RPN) to generate candidate regions and combines CNNs to jointly optimize 
object classification and localization. This approach significantly enhances detection 
accuracy and efficiency. In DAS systems, Faster R-CNN has been widely adopted for 
anomaly detection in complex environments due to its precise localization capabili-
ties. For example, Li et al. [120] proposed a Faster R-CNN-based monitoring frame-
work that employs two collaborative Faster R-CNN models, along with max-pooling 
layers and monitoring strategies, to effectively identify and locate construction activi-
ties. Within a 5.25-km fiber range, the framework achieved a recognition rate of 
98.85% for construction activities while reducing processing time to 6.6  min, dem-
onstrating improved real-time performance. Compared to traditional classification 
algorithms, Faster R-CNN exhibits superior capabilities in event detection and locali-
zation, particularly when handling large-scale spatiotemporal data.

YOLO (You Only Look Once) is a highly efficient real-time object detection algo-
rithm that excels in both speed and accuracy. By framing object detection as an 
end-to-end regression task, YOLO employs a grid-based prediction mechanism and 

Fig. 13  Long short term memory network architecture [93]
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multi-scale feature extraction to achieve real-time and accurate detection. Variants 
such as YOLO-v3 [123], YOLO-v5 [118], YOLO-v8 [119, 124], YOLO-A30 [116], 
YOLO-X [97], and double-YOLO [117] have been successfully applied to DAS object 
detection tasks.

In this study, we propose a real-time multi-class interference detection algorithm 
based on YOLO, which is shown in Fig. 14[ 115]. Using the Φ-OTDR system, 5,787 
samples covering five types of perimeter security events were collected and preproc-
essed into images, which were manually labeled to create a dataset. The proposed 
method adopts the Darknet53 network structure, simplifying the traditional two-
step object detection process into a single-step approach that enables simultaneous 
event localization and classification. Additionally, the algorithm incorporates a Fea-
ture Pyramid Network (FPN) to enhance detection performance through multi-scale 
feature representation. Experimental results demonstrate that the proposed method 
achieves an accuracy of 96.14% at a detection speed of 22.83 frames per second, mak-
ing it 44.90 times faster than Fast-RCNN and 3.79 times faster than Faster-RCNN. 
Furthermore, the method excels in detecting small objects, making it well-suited for 
real-time monitoring in complex environments. This approach provides an efficient 
solution for industrial Φ-OTDR online monitoring systems.

Advanced learning paradigms for DAS

Supervised learning methods depend on large volumes of labeled data to achieve high 
recognition accuracy. However, the lack of high-quality datasets in the DAS field com-
plicates model training and validation. The substantial data volume resulting from DAS’s 
high spatiotemporal sampling rate leads to high labeling costs and time-consuming pro-
cesses, while the complex and variable application scenarios hinder the model’s gener-
alization ability. Consequently, supervised learning often faces low recognition accuracy 
in practical applications. To address these issues, advanced learning paradigms such as 

Fig. 14  YOLO architecture (DBL: Darknetconv2d_BN_Leaky) [115]
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semi-supervised, unsupervised, incremental learning (IL), zero-shot learning (ZSL), few-
shot learning (FSL) and transfer learning have been increasingly applied to DAS event 
recognition, aiming to achieve high-accuracy recognition of DAS events and robust gen-
eralization in complex scenarios using large amounts of unlabeled data and minimal or 
no labeled data.

Semi-supervised learning aims to enhance the model’s generalization ability by lev-
eraging large amounts of unlabeled data alongside a small amount of labeled data. This 
approach combines the strengths of supervised and unsupervised learning, significantly 
improving model performance when labeled data is scarce. The basic principles of semi-
supervised learning are shown in Fig.  15. He et  al. [125] proposed a semi-supervised 
model based on GAN. This method uses the GAN generator to provide a large volume of 
unlabeled data for the discriminator model, thereby overcoming the limitations of DAS 
supervised models with few labeled samples. Yang et al. [126] trained a Sparse Stacked 
Autoencoder (SSAE) using unlabeled data to extract robust DAS signal features and 
employed a small amount of labeled data to train a fully connected network for target 
localization and recognition. This method significantly enhances the utilization of unla-
beled data and the model’s adaptability across different scenarios. However, when the 
sample distribution is imbalanced, these semi-supervised learning methods may cause 
the model to favor categories with more labeled samples, resulting in poor performance 
for categories with fewer labeled samples. Wang et al. [127] proposed a semi-supervised 
learning method based on FixMatch. This method employs a consistency regularization 
mechanism to address label noise and uses data augmentation to expand the minority 
class sample dataset, thereby balancing the dataset’s sample category distribution and 
enhancing the model’s robustness. Li et al. [128] proposed a semi-supervised learning-
based model that achieves significant improvements in event classification performance. 
The model integrates temporal feature extraction, bidirectional spatial feature represen-
tation, and a dual-attention mechanism. Under the condition of using only 1230 labeled 
samples, the model achieved a classification accuracy of 96.9%. Furthermore, it retained 
strong performance even as the number of labeled samples decreased, demonstrating 
its robustness in low-resource scenarios. Shi et  al. [129] introduced a data selection 

Fig. 15  The decision boundary reinforcement by semi-supervised learning [127]
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approach driven by uncertainty estimation. This method identifies and selects the most 
informative samples from an unlabeled dataset, labels only these selected samples, and 
incorporates them into the training process. By doing so, it effectively reduces labeling 
costs while preserving classification accuracy, providing a cost-efficient solution for 
training high-performing models.

Unsupervised learning does not rely on pre-labeled data for model training but instead 
learns from the intrinsic characteristics of the data, automatically uncovering the under-
lying structure to classify specific events. Additionally, unsupervised learning can uti-
lize all available data, unrestricted by the quantity and quality of labeled data, making 
it particularly advantageous for handling large-scale DAS data. Almudévar et al. [130] 
used an unsupervised autoencoder to detect DAS abnormal events, treating potential 
vibration events as anomalies and using only non-event signals for unsupervised deep 
learning. The main advantage of this method is that it does not require manual labeling, 
expanding its applicability for event detection in real environments without prior knowl-
edge of potential events. However, this method currently can only identify the presence 
of abnormal vibration events and cannot further classify these events. Peng et al. [131] 
used unsupervised Self-Organizing Maps (SOM) and autoencoders to identify seven 
types of events. SOM is an effective unsupervised learning technique that uses neuro-
morphic principles to make adjacent neurons sensitive to similar inputs, with fast train-
ing speed. During training, SOM selects the neuron whose weight is closest to the input 
data, known as the Best Matching Unit (BMU), and updates the weights of each neu-
ron to approximate the input data, with neurons closer to the BMU undergoing more 
significant weight updates. Experiments show that this method can achieve a recogni-
tion accuracy of 71%, likely due to underfitting in the absence of actual label feedback, 
making it difficult for the algorithm to distinguish between highly similar events. Zhang 
et al. [132] used PCA to reduce the dimensionality of DAS vibration event time-domain 
waveforms and then used the k-means algorithm to cluster five types of vibration events. 
Compared with the actual categories of vibration events, an equivalent classification 
accuracy of 99.4% was obtained. The Calinski-Harabaz index (CH) and Silhouette coef-
ficient were also used to evaluate clustering performance. This clustering method has 
been shown to effectively perform unsupervised self-classification of DAS events. By 
simply observing or calibrating different clustering results, self-recognition in practical 
application scenarios can be achieved. Wu et al. [23] proposed an unsupervised learn-
ing method of SNN that approximates the brain’s working mechanism to improve the 
model’s generalization ability in different scenarios. The network structure is simple, 
including an input layer, an activation layer, and an inhibition layer. Each layer in the 
activation and inhibition layers consists of two basic units: neurons and synapses. The 
synapses connecting the neurons express the conductivity strength of the pulse trans-
mission from the front neuron to the rear neuron. The input signal is converted into a 
pulse sequence through the control of the activation and inhibition layers, and finally 
classified according to the distribution of the pulse sequence. On inconsistent bad sam-
ple datasets and unbalanced datasets, unsupervised SNN is more stable than supervised 
CNN, with significantly improved generalization ability. Duthé et al. [133] proposed a 
new unsupervised machine learning method. This method uses a Transformer neural 
network adapted to time series to extract high-frequency information in DAS signals 
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and employs a contrastive learning scheme for training to learn coherent data repre-
sentations. This latent representation can be used for unsupervised anomaly detection, 
reducing the need for expensive labeled offshore anomaly data.

ZSL and FSL are designed to mitigate the reliance of deep learning on large-scale 
labeled datasets. ZSL leverages prior knowledge to recognize unseen classes, making it 
particularly suitable for scenarios characterized by frequent emergence of novel events 
or high labeling costs. However, its performance is highly dependent on the quality of 
the semantic space. In contrast, FSL enables rapid adaptation to new classes with only a 
few labeled samples, offering significant flexibility. Nevertheless, it is prone to overfitting 
in scenarios involving a large number of classes or complex signal patterns. In the con-
text of DAS, both methods effectively address the challenges posed by the diversity of 
event signals and the difficulty of obtaining labeled data. However, there remains a need 
to develop efficient models capable of handling high-dimensional signals and mitigat-
ing noise interference. To address the challenge of limited training samples in Φ-OTDR 
event recognition, Shi et al. [134] proposed a feature synthesis approach that integrates 
hybrid class strategies with reinforcement learning. In an eight-class event classification 
task involving unknown classes, their method achieved an average classification accu-
racy of 42% for unknown classes and an overall accuracy of 74%, representing improve-
ments of 29% and 7%, respectively, compared to conventional methods. Notably, this 
approach was the first to enable recognition of specific events without requiring pre-col-
lected samples. Hu et al. [135] introduced an Attribute Point Loss-based ZSL 1D Resid-
ual Network (APL-ZSL-1DResNet). Experimental results on both custom and public 
datasets demonstrated that this method achieved average recall rates of 75% and 66% for 
zero-shot events, and 94.6% and 83.5% for common events, respectively. These results 
highlight the superior performance of the proposed method in scenarios with limited 
labeled samples. Furthermore, Luong et  al. [136] developed a few-shot classification 
framework tailored for urban infrastructure monitoring. This framework employs an 
embedding network to extract features and utilizes a classifier to perform few-shot clas-
sification tasks. The study also investigated three different data preprocessing techniques 
as input methods. Experimental results demonstrated that the framework achieved out-
standing few-shot classification performance across multiple event categories, under-
scoring its potential for applications in urban monitoring.

IL has attracted increasing attention in DAS applications. Its primary goal is to 
enhance the training efficiency and adaptability of traditional deep learning models 
when encountering new events or shifts in data distribution, while simultaneously pre-
venting the forgetting of previously acquired knowledge. In DAS systems, event cate-
gories are often dynamic and imbalanced. The frequent occurrence of new events and 
environmental changes poses significant challenges to the generalization capabilities of 
models. IL offers an effective approach to address these issues. Wu et al. [137] proposed 
an intelligent distributed acoustic sensing system (sDAS) based on multi-task learning 
(MTL) to tackle the challenges of event category imbalance and new event recogni-
tion. Their approach categorizes events into core events (requiring both recognition and 
localization) and non-core or new events (requiring only recognition). By freezing the 
shared and localization networks while fine-tuning only the recognition network, the 
method significantly enhances the recognition performance for new events. At the same 
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time, it maintains high-accuracy recognition (99.46%) and localization (error ± 1 m) for 
core events. Furthermore, the method is computationally efficient, making it suitable for 
real-time processing. For energy pipeline threat detection, Zhu et  al. [138] developed 
a model based on Multi-dimensional Information Fusion and Broad Learning System 
(MIFBLS). This model integrates signal preprocessing, feature dimensionality reduc-
tion, and time–frequency map fusion, and employs a BLS IL strategy to alleviate the 
computational burden associated with data increments. Experimental results on real 
pipeline datasets demonstrated that the proposed method significantly improves recog-
nition efficiency and accuracy, reduces false alarm rates, and satisfies the requirements 
for real-time monitoring. Liu et al. [139] introduced an IL framework for φ-OTDR sys-
tems, which combines an optimized "Learning without Memorization" (LwM) algorithm 
with an improved ConvNeXt network. The framework incorporates a High-Efficiency 
Channel Attention (HECA) mechanism to extract spatiotemporal features and lever-
ages knowledge distillation and Gradient-weighted Class Activation Mapping (Grad-
CAM) to mitigate the forgetting of previously learned information. Experimental results 
showed that the framework achieved a recognition rate exceeding 93% for 10 types of 
intrusion signals, reduced the forgetting rate from 41.44% to 5.25%, and enabled real-
time IL on edge devices. These results highlight its potential for deployment in resource-
constrained environments.

Supervised and unsupervised learning often require training models from scratch 
when applied to new fields or different scenarios, leading to time and resource ineffi-
ciencies in data collection and labeling. Transfer learning can significantly reduce the 
need for labeled data in the target domain and accelerate the model training process 
by transferring pre-trained models or features from the source domain to the target 
domain, achieving faster convergence and higher accuracy in the target task. Gan et al. 
[140] utilized transfer learning within the VGGish framework to extract high-dimen-
sional frequency-domain features from signals. To enhance the representation of these 
features, the spatial distribution characteristics of multiple acquisition points were inte-
grated, enabling the fusion of spatiotemporal features. These fused features were further 
refined using a sample feature correction algorithm. Finally, a SVM classifier was applied 
to perform event recognition. With only 960 training samples, this method achieved a 
recognition accuracy of 95.0% across six types of intrusion events, demonstrating its 
effectiveness as a solution for optical fiber sensing event recognition under small-sample 
conditions. Shi et al. [8] proposed a DAS transfer learning method based on pre-trained 
AlexNet. The AlexNet network is pre-trained using a large-scale image dataset, and then 
the model is retrained and fine-tuned using DAS signal samples to achieve rapid learn-
ing and classification on small-scale datasets in new scenarios. To further reduce the 
training time for model deployment, Li et  al. [141] used SVM for event classification 
based on the feature extraction of DAS signals using the pre-trained AlexNet model. 
Without using a graphics processing unit (GPU), the new recognition model is obtained 
by retraining only the SVM classifier, reducing the training time of the new model to 
meet the real-time monitoring needs of small embedded devices, thereby further lower-
ing the threshold for the use of deep learning. Additionally, some lightweight deep learn-
ing models [24, 99, 142] can significantly reduce the demand for computing and storage 
resources, improve inference speed, reduce energy consumption, and be suitable for 
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various hardware platforms with their advantages in resource saving, real-time perfor-
mance, energy consumption reduction, and deployment flexibility, and are widely used 
in DAS practical engineering scenarios.

A summary of advanced learning paradigms for DAS is shown in Table 5.

Engineering application
Transportation industry

Civil transportation infrastructure such as railways, highways, tunnels, and embank-
ments have the characteristics of long length, wide distribution range, and long service 
life. These infrastructures are the lifeline of cities and play an important role in economic 
and social development. Due to the influence of various factors such as material corro-
sion, structural aging, and human activities, transportation facilities face potential risks 
of structural deterioration and damage during their service life [143]. At the same time, 
the development needs of smart cities have put forward higher requirements for the 
digitization of transportation infrastructure. Establishing a powerful and efficient moni-
toring and early warning system is the key to ensuring the safe and reliable operation of 
infrastructure and preventing long-term potential threats.

For the monitoring and digitalization needs of the transportation field, DAS provides a 
novel monitoring solution. The large-scale, long-distance, and real-time sensing capabil-
ities of DAS mean that it has irreplaceable advantages in on-site monitoring. In addition, 
optical cables have strong environmental adaptability and can conveniently collect huge 
monitoring data along their fiber length.

Rail transit monitoring

In the context of rail transportation, accurate monitoring of train positioning and speed 
information is crucial to ensure train safety. Traditionally, track circuit technology has 
been widely used for train positioning and speed monitoring [32]. However, track circuit 
technology may fail under certain extreme weather conditions. Other sensing technolo-
gies also have some application limitations, such as the weak transmission capability of 
the Global Positioning System (GPS) in tunnels, making it difficult to obtain accurate 
train motion information. The development of DAS provides a new solution for train 
positioning and speed monitoring. Since trains generate obvious vibration signals during 
operation, the sensing optical cable near the train will experience strong vibration, while 
the sensing optical cable far from the train will record background noise, as illustrated in 
Fig. 16. Therefore, by analyzing the signal changes at each position of the optical cable, 
the train’s position and running speed can be determined.

In 2014, Peng et al. [33] conducted a field study and laid a sensing cable along the rail-
way track for 10.2 km to record the vibration signals generated by train operation. By 
analyzing DAS data, the position and running speed of the train at different time points 
can be clearly observed, which demonstrates the feasibility of DAS in train positioning 
and speed monitoring. However, using DAS for train positioning and speed monitoring 
also faces some challenges. For example, how to bury the sensing cable near the track 
without affecting railway transportation, and how to quickly extract effective informa-
tion from continuous monitoring data.
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Table 5  Summary of Advanced Learning Paradigms

Learning 
Paradigms

Ref Year Preprocessing Input Network/
Model

Training 
dataset

Application 
scenario
(Number of 
events)

Semi-
supervised  
learning

 [126] 2021 Feature extrac-
tion

S-T with  
peak 
features 
and energy 
features

SSAE Field: 85,920 
(labeled)
1,330,315 (unla-
beled)

Pipeline safety 
monitoring (4)

 [125] 2022 wavelet thresh-
old denoising

T 1D-SSGAN Field: 330 
(labeled)

Pavement 
damage 
events (3)

 [127] 2022 Denoising S-T VGG-16 with 
FixMatch

Field: 
19,017(labeled)
19,359 (unla-
beled)

Track defect 
detection (7)

 [129] 2023 --- MFCC AlexNet with 
Valuable data 
selection

Field: 64 
(labeled)
9202 (unla-
beled)

Intrusion 
events (8)

 [128] 2024 --- S-T MT-ACNN-SA-
BiLSTM

Lab: 1230 
(labeled)
11,104 (unla-
beled)

Perim-
eter security 
events (6)

Unsuper-
vised
Learning

 [131] 2020 Low-pass filter F SOM + AE 119 Pipeline safety 
monitoring

 [132] 2022 --- T PCA + K-means 2044 blowing vibra-
tion events (3)

 [133] 2024 --- T Transformer Field: --- Monitoring 
offshore wind 
turbine Cable 
Protection 
Systems

Zero-shot 
learning

 [134] 2024 --- S-T MC-RLGTM Field: 8277 Disturbance 
events
(7, 1 zero shot 
event)

 [135] 2024 Band-pass filter T APL-ZSL-
1DResNet

Field: 500 Intrusion 
events (2, 
1 zero shot 
event)

Few-shot 
learning

 [58] 2022 --- Mel spec-
trum with 
log scale

Cycle-
GAN + AlexNet

Field: 3149
2 (few shot 
type)

Intrusion 
events
(3, 2 few shot 
events)

 [136] 2024 --- dPhase
PSD
FBE

Wide ResNet28 Field: 1 and 3
(few shot type)

Cable moni-
toring
(25, 3 few shot 
events)

Incremental 
learning

 [137] 2023 --- S-T MTL Field: 13,329 Cable moni-
toring (5)

 [138] 2024 VMD denoising T-F, T MIFBLS Field: 4800 Pipeline safety 
monitoring (4)

 [139] 2024 --- S-T HECA-Con-
vNeXt-LwM

Field: 8400 Intrusion 
events (10)
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In recent years, various intelligent algorithms have been developed to process sensing 
data accurately and quickly. Feng et al. [34] proposed an improved Canny algorithm for 
precise train positioning, and the feasibility of this algorithm has been verified through 
field experiments, with a positioning error of less than 10 m. The team also proposed a 
cubic smoothing algorithm with five-point approximation to denoise vibration signals 
and shorten calculation time. Wiesmeyr et al. [145] proposed a real-time train tracking 
algorithm based on 1-s signal non-delay operation, which combines machine learning 
techniques (such as PCA and SVM) with image processing methods (such as edge detec-
tion and Kalman filtering). The on-site implementation results show that the accuracy of 
this real-time tracking algorithm reaches 98%. However, the key issue of accurate posi-
tioning of the sensing cable, especially the winding and redundant parts of the cable, 
is still not perfect. “Tap testing” must be performed to establish the correspondence 
between the spatial position of the fiber optic cable and the channel number, which takes 
a considerable amount of time to process. To solve this problem, Vidovic et  al. [144] 

Table 5  (continued)

Learning 
Paradigms

Ref Year Preprocessing Input Network/
Model

Training 
dataset

Application 
scenario
(Number of 
events)

Transfer 
learning

 [8] 2021 Band-pass filter S-T AlexNet Field: 1146
(Pretrained on 
ImageNet)

Intrusion 
events (8)

 [141] 2022 Band-pass filter S-T AlexNet + SVM Field: 1146
(Pretrained on 
ImageNet)

Intrusion 
events (8)

 [140] 2024 Feature extrac-
tion

Mel spec-
trum and 
Features 
from T

VGGish-SVM Lab: 960
(Pretrained on 
AudioSet)

Perim-
eter security 
events (6)

T represents the time domain signal, F represents the frequency spectrum, T-F represents the time–frequency spectrum, 
and S-T represents the Spatio-temporal image

Field represents data from real-world scenarios, while Lab represents data from laboratory settings

“---” indicates not available

Fig. 16  Schematic diagram of changes in sensing fiber optic cable signals when a train passes [144]
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suggested using train platforms, bridges, and other locations as reference points in engi-
neering practice.

Highway traffic monitoring

If railways are the arteries of a city, connecting different urban clusters to enable regional 
economic development, then highways are the capillaries of a city, linking thousands of 
households in the city. The rapid development of smart cities has put forward higher 
requirements for digital and refined management of highways. In recent years, various 
monitoring technologies such as road sensors, cameras, and vehicle-mounted GPS have 
been developed to monitor highway traffic. Although these devices can solve the needs 
of highway traffic monitoring to a certain extent, they are still inadequate in terms of 
high-resolution information, maintenance costs, coverage density, data collection fre-
quency, etc., and cannot achieve all-weather high-precision monitoring throughout the 
region. New traffic monitoring technology is needed, and DAS is a good choice. Com-
pared with railways, the problems encountered in applying DAS to highways are very 
similar, but due to the randomness of traffic, the signal complexity is higher.

DAS system can provide an alternative solution for highway traffic monitoring. Since 
the optical cable is buried under the road, this detection method has strong conceal-
ment, and the embedded underground optical cable can avoid physical damage dur-
ing long-term monitoring. In recent years, there have been several good examples of 
applying DAS to highway traffic monitoring [146–148]. Wang et al. [149] used commu-
nication cables under the road to monitor the Pasadena Rose Parade. By analyzing the 
vibration information collected by the cable, they successfully identified traffic charac-
teristic signals such as pedestrians, motorcycles, and floats. They [150] also proposed 
a method for measuring road traffic flow and speed to evaluate the impact of sudden 
events on urban road traffic. By monitoring the ground vibration caused by vehicle 
movement on the street above the cable through urban telecommunications fiber optic 
monitoring, the number of vehicles and their average speed can be monitored, proving 
the feasibility of DAS in highway traffic monitoring. Catalano et al. [151] proposed the 
application of Hough transform in vehicle counting and demonstrated an algorithm for 
automatic detection and counting of vehicles. Field tests showed that the accuracy of 
the algorithm reached 73%. Ye et al. [118] utilized the YOLOv5 framework for real-time 
vehicle detection in DAS signals and further estimated traffic flow and vehicle speed 
from DAS data. In traffic detection experiments [150] conducted in the suburbs of Bei-
jing, this method achieved a detection accuracy of 95.9% for passing vehicles, surpass-
ing traditional methods based on inclined stacking. Chiang et al. [152] proposed a deep 
learning technique to analyze DAS highway traffic signals. This approach employs CNNs 
to train one-dimensional (1D) DAS time series and two-dimensional (2D) spatiotempo-
ral DAS segments, identifying the correlation between these signals and the weight and 
other physical characteristics of vehicles, thereby achieving load detection through con-
tinuous monitoring. Experimental validation in controlled scenarios demonstrated that 
this method can achieve 86% vehicle classification accuracy and 94–98% lane occupancy 
accuracy. Min et al. [153] implemented a series of processing steps to eliminate noise and 
enhance vehicle signals, generating high-quality labels for subsequent machine learning 
model training. A total of 190 features (62 one-dimensional and 128 two-dimensional) 
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extracted from the raw data were reduced to 31 using univariate feature selection, ran-
dom forest, and similarity analysis. Using the standard SVM machine learning method, 
these selected features were classified as traffic signals or non-traffic noise. This method 
achieved an overall accuracy of approximately 80% on the test data. Isolating vehicle sig-
nals allows for more accurate estimation of vehicle speed and volume. This study high-
lights the potential of leveraging existing urban infrastructure for real-time monitoring 
of traffic flow speed and volume and demonstrates the application prospects of DAS 
technology in the development of smart cities. To address the challenges of noise pol-
lution and interference from closely traveling vehicles in practical DAS traffic detection 
applications, Yuan et  al. [154] proposed a self-supervised U-Net model. This method 
suppresses background noise while transforming vehicle-induced DAS signals into high-
resolution pulses through spatial deconvolution. Experimental validation under various 
traffic conditions and driving speeds showed that this method enhances the spatiotem-
poral resolution of images, improving the distinction of vehicles traveling in close prox-
imity. The spatial deconvolution U-Net model can also analyze large vehicles to identify 
the number of axles and estimate vehicle length. Monitoring large vehicles is advanta-
geous for imaging deep underground using surface waves induced by vehicle–road 
dynamic interactions.

In addition to railway and highway monitoring, researchers are also exploring the pos-
sibility of more detailed tracking, such as tracking personnel movement. Peng et al. [155] 
recorded the movement of one person and two people wearing different shoes walking 
and running at work. Machine learning meets the requirements of human recognition 
and motion recognition at the same time. The accuracy of supervised machine learn-
ing algorithms exceeds 76.25%, and the accuracy of unsupervised machine learning algo-
rithms exceeds 77.65%.

Distributed fiber-optic acoustic sensing technology can meet the application require-
ments of traffic flow monitoring, road/railway status monitoring, etc. In the transporta-
tion field, which helps to improve traffic management efficiency, safety, and urban traffic 
environment quality. DAS system has shown good potential and feasibility in the moni-
toring application of the transportation field, providing effective tools for traffic manage-
ment and planning.

Health monitoring of transportation facilities

The problem of monitoring the health of the track and subgrade structure in railway 
transportation is also not to be underestimated. Currently, the health monitoring of rail-
way structures mainly relies on manual inspection and conventional track deformation 
monitoring equipment. However, these methods have a certain monitoring cycle and 
cannot evaluate the health status of the track in real-time. Commonly used sensors such 
as accelerometers, strain gauges, and seismic sensing equipment are expensive and can-
not be deployed around the track in large numbers for monitoring. DAS has the poten-
tial to greatly extend the detection distance with ultra-high sensitivity and can provide 
an ideal solution for tracking the health monitoring of railway structures. A Field track-
side monitoring system is shown in Fig. 17.

In 2019, Kowarik et al. [157] analyzed the data of the ICE 4 train of Deutsche Bahn AG 
using track views, train views, and bogie cluster data to locate the train signal as well as 
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the time or spatial direction in the data. This method allows the determination of train 
speed in three different ways and proposes a new method for train monitoring. In 2020, 
Christoph et al. [145] proposed a real-time train tracking algorithm. The performance 
was tested in tunnels with standard cable ducts and open tracks with direct connection 
cables. This study provides a new idea for train positioning. Guo et al. [156] developed 
an intelligent detection method for track plate deformation based on a random forest 
model and conducted on-site experimental verification. The test results show that the 
intelligent algorithm can effectively identify track plate deformation, and the recogni-
tion rate reaches 96.09%. Wang et al. [158] also pointed out that DAS has the potential to 
detect the health status of the track. They used a deep convolutional network to detect 
the health status of the track and conducted on-site experiments to verify them. The 
test results show that the accuracy of the identification method reaches 98.04%. Rah-
man et  al. [159] combined CNN and LSTM models and applied a sliding window for 
signal enhancement. This approach enabled the monitoring of train positions and the 
differentiation between normal and abnormal states. Xie et al. [160] proposed a dynamic 
range extension (RE) phase unwrapping algorithm to recover large amplitude, low SNR 
signals in DAS systems, eliminating unwrapping errors and enhancing fault tolerance for 
low SNR signals. Based on this, machine learning algorithms were employed to identify 
and classify typical track defects, such as transverse RCF, corrugation, and unsupported 
sleepers, achieving identification accuracy rates exceeding 90%. The above experimental 
results demonstrate the application potential of DAS in the field of track health monitor-
ing. However, these applications also face some challenges. The trace vibration charac-
teristics that can identify problems may be overwhelmed by strong external noise. In 
addition, analyzing the health status of the track based on AI technology requires a large 
amount of annotated data, which is difficult to obtain.

When the train is running at high speed, some of their energy is transmitted in the 
form of seismic waves due to the compression, friction, and collision between the train 

Fig. 17  Field track-side monitoring system [156]
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and the track. The seismic waves excited by the train are a good source of active source 
seismic wave fields, which contain the structural and dynamic characteristics of the track 
and subgrade [153, 154, 161]. By analyzing the changes of seismic waves, the structural 
defects of the subgrade can be monitored to achieve disaster warning for high-speed 
railways. Researchers [162] used DAS to monitor and analyze the seismic signals gener-
ated by moving trains. Shao et al. extracted surface wave signals from DAS records using 
seismic interference technology and then used the multi-analysis surface wave (MASW) 
method for inversion work. Finally, they successfully obtained the shallow transverse 
wave velocity structure under the subgrade, fully demonstrating the feasibility of DAS 
in subgrade velocity structure imaging. Dumont et al. [163] proposed a highly scalable 
multi-GPU deep learning algorithm, which integrates physical knowledge obtained in 
the data exploration stage, and then performs deep supervised learning to identify “use-
ful” coherent surface waves generated by human activities. These are a class of seismic 
waves that are very rich in these records and useful for geophysical imaging. The convo-
lutional residual neural network used was trained on a total of 100,000 labeled images 
and inferred the coherent surface wave probability map on 170 GB DAS data using 96 
CPU cores in 30 min. The application of DAS to analyze seismic waves and obtain the 
structural status of railway tracks and subgrades is still in its infancy. Trains are mobile 
sources, and the seismic waves they excite are very complex. DAS is sensitive only to 
seismic waves propagating in specific directions due to its directional sensitivity, which 
poses great challenges to the application of DAS in subgrade structure imaging and 
health monitoring.

Energy industry

Exploration of resources

Predicting underground geological structures has always been a key goal of many geo-
physical explorations, especially in the oil and gas industry. Estimating the seismic wave 
velocity and the density of the surrounding medium’s structure by measuring ground 
vibrations on the surface or in boreholes can help predict whether there are potential 
reservoirs of interest.

DAS was first applied to Shell Canada’s CCS project and the US tight gas development 
project in 2011, which recorded VSP downhole data [35]. Although the quality of DAS 
measurement data in this study was lower than that of traditional seismic detectors, its 
simple operation, low cost, and ability to be deployed non-invasively and permanently 
in a single deployment make it possible to avoid the risk of oil and gas leakage during 
deployment and to continuously monitor VSP data for a long time after deployment, 
demonstrating its potential in VSP logging applications. The following year, the same 
group of researchers [36] improved the response machine used in the experiment, mak-
ing the DAS measurement data closer to the seismic data measured by traditional seis-
mic detectors. They demonstrated the availability of DAS for typical VSP applications 
such as lens inspection, imaging, and delay monitoring. They concluded that DAS can be 
used for VSP monitoring and cost-effective VSP delay monitoring in a variety of wells, 
including those that traditional seismic detectors cannot detect.

Since then, DAS has been widely used in exploration work in different environments 
and different types of energy, such as hydrocarbon reservoirs, glaciers, geothermal fields, 
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salt domes, minerals, and carbon sequestration sites [37–41]. The quality of recorded 
DAS data can achieve active seismic imaging near the reservoir. Henninges et  al. [38] 
used a hybrid wired fiber optic sensor cable deployed in two 61.4 km deep wells and a 
new method of DAS to obtain data from three source locations. Accurate time-depth 
relationships, interval velocities, and corridor stacks were obtained from the recorded 
data. By comparing the integrated data with data collected from other wells and geo-
logical information, it was demonstrated that the DAS method can perform long-term 
measurements at temperatures up to 150 °C and identify the location of geothermal res-
ervoirs and permeable sandstones, saving a lot of time and cost compared to traditional 
seismic detector arrays. DAS-VSP was also used for imaging of polymetallic ores. Riedel 
et  al. [42] deployed both systems in boreholes near the target sulfide ore deposit and 
combined them with active seismic sources in underground tunnels. With this setup, 
they successfully recorded seismic reflections of the ore deposit and its surrounding geo-
logical contrasts, successfully explaining key geological contact points, including the tar-
get sulfide mineralization.

Production process monitoring

In production process monitoring, the most widely used DAS technology is in the oil 
and gas production field. In the development process of oil and gas reservoirs, hydrau-
lic fracturing is required in most cases to transform the reservoir. Timely and accurate 
downhole information can improve fracturing efficiency, oil well production, and ensure 
production quality, such as hydraulic fracturing monitoring, oil well integrity testing, 
microseismic monitoring, and fluid production monitoring. Traditional production 
monitoring methods such as tracers, flow meters, multiparameter recorders, and fluid 
scanning imaging instruments have long construction cycles, high monitoring instru-
ment costs, limited distance, production delays, different adaptability to well conditions, 
difficult installation, and are prone to failure. DAS, with its advantages of low cost, long 
monitoring time, high resolution sensitivity, and high temperature and pressure resist-
ance, has become an important emerging technology in the production and develop-
ment of oil and gas reservoirs.

In the monitoring of the fluid process during hydraulic fracturing, Luliia et al. [164] 
used the acoustic signals measured by DAS to quantitatively explain the distribution 
of fluids in the fracture cluster based on the correlation between the acoustic signal 
and the flow rate. They used numerical simulation of the Distributed temperature 
sensing (DTS) temperature-recovery-inversion model to verify it and obtained MIP-
3H well data from Marcelles Laboratory to confirm the feasibility of this method in 
field tests. The geometric shape of the fracture determines to some extent the degree 
of increase in production after fracturing. A clear understanding of the geometric 
shape of the fracture is of great significance for improving performance and optimiz-
ing completion design. The application of DAS in strain monitoring can observe the 
length, height, width, and density of the fracture, which can be used to constrain the 
geometric shape and model optimization of the fracture. Sherman et al. used a physi-
cal thermal–hydraulic-mechanical (THM) model to simulate a series of underground 
conditions (fracture expansion, fault sliding, etc.) and synthesized DAS measurement 
results based on the deployment mode of the sensor (horizontal well or vertical well 
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deployment). They built a database for interested information and trained the initial 
deep neural network (DNN) through transfer learning combined with the data meas-
ured by the on-site DAS equipment. This hybrid data driven DNN model can inter-
pret DAS measurement results almost in real-time. To investigate the mechanism of 
sound source fluctuations in pipeline leaks and the interaction between distributed 
fiber optic sensing technology and leakage sound waves, Duan et al. [165] developed a 
model based on acoustic wave propagation and leakage noise response. They derived 
the quadratic fitting relationship between pipeline pressure fluctuations and leakage 
holes, as well as the relationship between the standard deviation of the leakage noise 
source and the holes. A method [166] for identifying underwater natural gas pipeline 
leakage signals was proposed, utilizing complete ensemble empirical mode decom-
position with adaptive noise (CEEMDAN) permutation entropy and distributed fiber 
optic acoustic sensing technology. Experimental results validated the theoretical anal-
ysis, demonstrating that this method outperforms traditional noise reduction tech-
niques and better preserves the characteristics of the original signal. The RBF neural 
network model accurately identified four different leakage characteristics, achiev-
ing an accuracy of 88.15%. In the imaging problem of hydraulic fracture expansion 
in unconventional oil and gas reservoirs, the position information of the fiber optic 
sensor and the DAS measurement value are used as inputs through the trained DNN 
model to achieve the estimation of the overall range of the fracture. Figure 18 illus-
trates the structure of the DNN under this scheme.

Security industry

Perimeter security is a key element in safeguarding the lives and property of the people 
and the political stability of the country. It plays an important role in scenarios such as 
border lines, fences, pipelines, and maritime monitoring. DAS systems have broad appli-
cation prospects in the field of perimeter security due to their advantages of wide moni-
toring range, high concealment, strong environmental adaptability, and no blind spots.

Fig. 18  DNN structure map for crack estimation using DAS measurement data [166]
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Intrusion monitoring of surface facilities

The core task of perimeter security on the ground is to monitor the external intru-
sion from third parties in the security area, quickly detect the type and location of the 
intrusion event, help management personnel deal with boundary intrusion events, and 
protect the target from damage. Managers usually face the pressure of long-distance 
boundary supervision, and traditional methods such as manual inspection cannot 
achieve real-time monitoring and damage warning in the scene. DAS provides a solution 
with the ability to locate the occurrence position of events in real-time and report the 
event type for these scenarios.

In the early application of DAS in perimeter security, the monitored fiber sensing 
event signals were usually classified manually. The type of event was determined based 
on the characteristics of the signal in the time–frequency domain, such as waveform, 
amplitude, phase, etc. Juarez et al. [43] located the intrusion event within 2 km by ana-
lyzing the phase changes and waveform differences of the signal when people walked 
back and forth above the buried optical cable. Mahmoud et al. [44] extracted the hori-
zontal zero-crossing rate feature of the sensing signal and set a threshold and combined 
with the level crossing (LC) algorithm, to eliminate to some extent the false alarms 
caused by rainwater interference in the distributed fiber optic security system without 
affecting the event detection sensitivity.

In the process of exploring the relationship between event signal features and event 
types, machine learning technology is becoming more and more mature, and cross-dis-
ciplinary application research is booming. Some DAS researchers have begun to com-
bine machine learning algorithms to analyze the relationship between intrusion events 
and signal features.

Shi et  al. [9] proposed an event recognition method based on deep learning. This 
method directly uses the spatiotemporal data matrix of Ф-OTDR as the input of the 
CNN, and only needs to perform simple bandpass filtering and grayscale transforma-
tion as preprocessing to achieve high-accuracy real-time recognition. He et  al. [47] 
proposed an accurate and effective intrusion pattern recognition method based on a 
two-stage recognition network. In the pre-recognition stage, the decision tree classifier 
classifies non-intrusion, human-animal activity, and mechanical motion target events 
based on time energy and frequency spectrum information. In the sub-recognition 
stage, the target events of human and various animal activities are further distinguished 
through time–frequency analysis and the combination of BP neural network. This work 
improves the problem of the increase in the false alarm rate of the intrusion detection 
system caused by various unknown interferences such as animal activities in complex 
environments. Barantsov et  al. [167] investigated the application of three widely used 
convolutional neural network architectures—AlexNet, ResNet50, and DenseNet169—in 
DAS event classification. The AlexNet and DenseNet169 architectures achieved accu-
racy exceeding 90%. To better identify weak energy intrusion events amidst high-energy 
background noise, the team [168] proposed a three-channel neural network classifier to 
separate background noise from event signals. During the processing of DAS spatiotem-
poral images, two additional images were generated using a denoising autoencoder and 
an adaptive correlation mathematical model. Wang et al. [101] employed the GASF algo-
rithm to encode external interference signals, transforming one-dimensional time series 
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signals into more concentrated two-dimensional image features. They then used the 
ConvNeXt_tiny convolutional neural network model as a classifier. Additionally, transfer 
learning was utilized to further optimize the network model, resulting in higher classi-
fication accuracy and faster convergence. In perimeter security interference recognition 
experiments involving single-point and multi-point interference, the overall recognition 
accuracies for six interference events were 99.3% and 98.3%, respectively, with an aver-
age recognition time of 0.103 s.

Damage monitoring of buried structures

Typical scenarios for preventing external damage to underground structures include 
subways, buried optical cables, pipeline monitoring, etc. The construction, maintenance, 
and repair of underground facilities are usually complex and require special techniques 
and equipment. Improperly marked or protected underground facilities may become 
accidental triggers. In addition, facilities such as pipeline cables often involve large-scale 
energy allocation and transportation, and they often pass through natural environments 
with extremely complex conditions such as deserts, Gobi, and mountains, facing prob-
lems such as difficult inspections, power supply, and monitoring. DAS provides long-
distance, high-precision, real-time safety monitoring capabilities for these scenarios, and 
has the advantages of easy deployment, no power supply, and good scalability, and is 
widely used in this scenario. Figure 19 illustrates a schematic diagram of a pipeline safety 
warning system based on DAS.

Tan et  al. [170] built an oil and gas pipeline warning system based on SVM, which 
detects and recognizes different signal features generated under three scenarios of 
manual excavation, mechanical excavation, and vehicle crossing. The system can iden-
tify manual excavation and mechanical excavation events within 5  m of the pipeline 
and vehicle crossing events within 50  m. However, as the distance between the event 
occurrence location and the pipeline increases, the event recognition accuracy decreases 
continuously. Sun et al. [171] treated the event disturbance signals collected in the spa-
tiotemporal domain as images and used image processing technology to preprocess 

Fig. 19  Schematic diagram of pipeline safety early warning system (UAV: unmanned aerial vehicle) [169]
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the images. They selected four highly correlated signal features through image feature 
extraction and correlation analysis, and then used RVM to determine the event type. The 
experimental data included waveform signals of three types of events: walking, excava-
tion, and vehicle crossing. The final test results showed that the event recognition accu-
racy could reach 97.87%, and the recognition time was within 1 s. Wu et al. [27] used 
a one-dimensional convolutional neural network (1-D CNN) combined with SVM to 
extract, analyze, and classify event features. They used a multi-scale wavelet decompo-
sition signal-to-noise separation method to improve the SNR of the original data and 
processed the denoised data using the 1-D CNN + SVM method. Finally, they achieved 
an average recognition accuracy of more than 98% for the five common events in pipe-
line safety detection using DAS signals. Ding et al. [172] combined DAS with existing 
urban underground optical cables, overcame the influence of non-uniformity of under-
ground media in underground pipeline environments through optimization methods 
such as adaptive short-time energy, fitting optimization based on quality factor, and joint 
positioning of multiple samples, and achieved precise positioning of vibration sources, 
providing a monitoring solution for existing underground pipeline intrusion detection 
without the need for additional construction.

Our research team has developed a city gas pipeline warning system based on our 
self-developed DAS system, relying on fiber optic cables laid along the pipeline. The sys-
tem can accurately locate and effectively identify various intrusion events and different 
interference signals and monitor the safety status of the entire pipeline in real-time. In 
addition, during the experiment, the system successfully recorded seismic signals that 
occurred at two different times. The epicenter of these signals was more than 100 km 
away from the sensing fiber, and the analysis results of P-waves and S-waves were con-
sistent with theoretical expectations. This result shows the huge potential of DAS tech-
nology in emergency disaster prevention. The fiber laying path and experimental results 
are shown in Fig. 20.

Our team [173] has adopted a distributed fiber vibration perception intelligent recog-
nition algorithm that combines a 1-D CNN with a bidirectional long short-term mem-
ory neural network (Bi-LSTM). We have successfully achieved accurate identification of 
destructive warning events such as vehicle loitering, manual destruction, and third-party 
construction, with a recognition accuracy of over 99.26%. In addition, the team [126] 
proposed a lightweight distributed fiber AI recognition algorithm based on bilinear con-
volutional neural network (BCNN) and lightweight gradient boosting machine learning 
(LightGBM), which can realize event recognition and positioning, and has the ability to 
deploy distributed fiber real-time warning models at the device edge. To improve the 
transferability of the fiber warning model, our team [169] also proposed a semi-super-
vised intrusion event recognition and positioning algorithm based on SSAE, which can 
improve the recognition accuracy under small sample conditions and achieve low-cost 
deployment of devices in different regions.

Marine environment perception

To monitor the changes in the ocean environment in real-time, continuous noise moni-
toring of the ocean is required. Traditional noise monitoring solutions, such as deploy-
ing hydrophone arrays on the seabed for real-time noise measurement, can achieve 
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real-time monitoring of environmental noise, but the cost of installation and mainte-
nance is high. The application of DAS in the ocean can be combined with existing sub-
marine cables. It only requires the installation of DAS equipment at the submarine cable 
terminal, which can realize real-time monitoring of ocean environmental noise at much 
lower cost. Through the collection and processing of ocean environmental noise, seismic 
waves can be extracted to analyze marine geology, submarine earthquakes, and ocean 
conditions.

Mateeva et al. [174] analyzed the advantages of DAS VSP compared with traditional 
VSP, discussed the low-cost and on-demand seismic monitoring of DAS in offshore 
oil fields, pointed out the huge cost advantage of DAS technology in deep-sea oil field 
operations, and pointed out the technical development direction of expanding the 
scope of application. Lindsey et  al. [175] combined DAS instruments with existing 
submarine cables to create a 20 km seismic array with approximately 10,000 compo-
nents. Based on this seismic array, multiple submarine fault zones were identified, 
and the sea conditions during the North Pacific storm cycle were tracked based on the 
amplitude of DAS data collected from microseismic zones. Williams et al. [176] also 
used DAS technology combined with submarine communication cables to transform 
submarine cables into seismic sensor arrays, which were used to observe microseis-
mic, local surface gravity waves, and distant seismic waves in the vicinity of Belgium. 
Magalhaes et al. [177] used chirp pulse DAS (CP-DAS) to obtain more orders of mag-
nitude of submarine seismic data in the seabed environment. They analyzed the data 
by applying a linear 2D bandpass filter to the frequency-wavenumber representation 

Fig. 20  Pipeline safety warning experiment (a) Identification and classification of intrusion and interference 
signals; b Laying lines for gas pipelines; c Experimental results of earthquake sensing
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of CP-DAS data and compared the data with seismic instrument measurement data 
in the nearby area. They found that the spectra observed by the two were very similar 
and had practical significance in seismology and oceanography research. Tonegawa 
et al. [178] used DAS to observe ocean environmental noise in the submarine cable 
of the Nankai Trough in Japan, and effectively extracted P-waves and Scholte waves 
from the noise. They pointed out that it is possible to monitor the seabed structure 
by extending the observation period. Glubokovskikh et  al. [179] found that there 
is a close relationship between the amplitude of ocean seismic waves measured by 
DAS and ocean storm climate. They inferred that high-precision monitoring of ocean 
storms can be achieved by collecting and training sufficient monitoring data. Moni-
toring sea ice extent is crucial for understanding long-term trends in climate change. 
Castro et  al. [180] applied various machine learning algorithms to identify types of 
ambient seismic noise in frequency-time spectrogram images. This method utilizes 
InceptionV3 (a deep CNN) for feature extraction, followed by K-means clustering to 
identify clusters of similar ambient seismic noise. Using this approach, researchers 
found evidence of two main types of noise, related to the excitation of ocean gravity 
waves in open water and the presence of sea ice, with sea ice strong enough to sup-
press wave action.

In addition to interdisciplinary applications in oceanography and seismology, DAS 
can also be used to monitor the cable status of offshore wind farms and locate the 
position information of surface ships in the ocean, as shown in Fig. 21. As offshore 
wind power expands globally, ensuring the reliable operation of these critical infra-
structures is essential.

Ellwood et  al. [181] used DAS to monitor the cable status of offshore wind farms. 
Due to the ability of DAS to collect a large amount of information on physical pro-
cesses that occur over long linear lengths in real-time, more than 1 TB of data is gen-
erated every day. Researchers proposed a method of simplified sampling of DRS data, 
changing the sampling time interval based on the periodic characteristics of sporadic 
signals. This method was applied to the export cable of the wind farm and a data 

Fig. 21  Deployment diagram of offshore wind farm monitoring equipment
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collection experiment lasting 876 h was conducted. The results showed that the data 
fidelity was sufficient even when less data was collected. Duthé et al. [133] proposed a 
new unsupervised machine learning method to monitor offshore wind turbine cable 
protection systems (CPS). This method employs a Transformer neural network to 
extract high-frequency, noisy DAS time-series signals and uses a contrastive learning 
scheme to learn coherent data representations. These latent representations can then 
be used for unsupervised anomaly detection, reducing the need for expensive labeled 
offshore anomaly data.

Rivet et al. [182] tested the ability to monitor environmental noise and human noise 
using submarine communication cables with DAS in the Toulon Sea in France. The 
experiment used a cruise ship to cruise above the cable, and the noise signal collected 
at a water depth of 85 m and 5.8 km offshore had a high SNR. The ship’s radiation noise 
and other noise were distinguished by spectral analysis, Doppler frequency shift, and 
other methods. The beamforming analysis can restore the ship’s course information. In 
addition, detection was carried out at a water depth of 2000 m and 20 km offshore, and 
although the acoustic signal detected was severely attenuated, signals below 50 Hz were 
still detected. These experiments verified the ability of submarine cables to remotely 
monitor noise in medium ocean depths. Sun et  al. [183] combined the advantages of 
representation learning, attention mechanisms, and self-supervised learning to propose 
a Noise Adaptive Masked Autoencoder (NAM-MAE) based intelligent event recogni-
tion algorithm, applying it to DAS water boundary security monitoring. This method 
processes acoustic signals collected by the DAS system, employs unsupervised learning 
for fading suppression, analyzes spatiotemporal information, extracts unbiased features, 
and uses these features for supervised classification. In classification experiments involv-
ing four typical water boundary security events and five types of field-collected non-
anomalous events, NAM-MAE demonstrated superiority over five other related models. 
Chen et al. [184] proposed an advanced underwater DAS signal processing workflow for 
DAS data preprocessing, feature extraction, and clustering-based unsupervised event 
classification. Through experiments with actual submarine communication cables, this 
method successfully detected and analyzed different seismic activities.

Conclusions and discussions
In this paper, we have reviewed the recent developments of AI-driven DAS technol-
ogy. Initially, it briefly introduces the fundamental principles of Φ-OTDR-based DAS 
technology and several demodulation schemes. Subsequently, it elaborates on the 
application of AI in DAS, covering aspects such as data acquisition and compression, 
data preprocessing, and machine learning-based event recognition. Following this, 
we summarize the research on the application of this technology in various indus-
trial fields, including transportation, energy, and security, highlighting its significant 
potential. Despite the notable advancements in AI + DAS technology in recent years, 
its broader adoption and application still face numerous challenges and issues:

One major bottleneck is the lack of high-quality datasets. Training AI models 
requires a large volume of high-quality labeled data, which is time-consuming and 
costly to obtain and label in the DAS field. While unsupervised and semi-supervised 
learning can reduce reliance on labeled data, existing AI models still face significant 
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challenges in these areas, with their performance and stability not yet reaching 
optimal levels. Additionally, the costs associated with big data processing, particu-
larly in terms of data storage, transmission, and computational resources, cannot be 
overlooked.

Given the extensive sensing range of DAS, which typically covers diverse scenarios, 
robustness in complex environments and the generalization ability of models are also 
key areas of current research. Existing models often exhibit considerable performance 
fluctuations under different environmental and application conditions. Moreover, cur-
rent AI models are generally complex and demand significant computational resources, 
making them difficult to deploy and operate in resource-constrained environments. 
Developing lightweight and efficient AI models that can be rapidly deployed and oper-
ated across various hardware platforms is a crucial direction for future research.

The application of DAS spans multiple disciplines, including engineering, energy, 
geology, and oceanography. Effectively integrating knowledge from these disciplines 
to enhance data interpretation capabilities is an important research topic. Addi-
tionally, multi-sensor data fusion technology can provide more comprehensive and 
accurate environmental perception in most scenarios. Effectively integrating and 
interpreting data from different sensors will further enhance the performance and 
range of applications of DAS systems.

Future research in this field can be categorized into two main directions. One direc-
tion focuses on enhancing DAS performance through AI. Leveraging the powerful 
learning capabilities of AI, researchers can develop intelligent signal processing tech-
nologies, such as AI-based demodulation, sensing RE, and dynamic range enhance-
ment. These technologies can significantly improve DAS system performance, 
enabling their application in a wider range of scenarios. The other direction involves 
further research on advanced tasks in various industrial fields. This includes the con-
struction and sharing of large-scale public datasets, optimization of unsupervised 
training methods, separation and recognition of superimposed signals, development 
of lightweight models for rapid deployment, and research on robust algorithms for 
complex situations. These studies will drive the implementation and broader adoption 
of AI + DAS technology in practical applications.

In conclusion, although AI + DAS technology faces several challenges, its vast appli-
cation prospects and immense potential make it a field worthy of in-depth research. 
With the ongoing development and application of AI technology, it is foreseeable that 
high-performance, intelligent DAS technology will play an indispensable and signifi-
cant role across various fields, driving rapid industry development.
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