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Abstract 

As the main electrical equipment of offshore power grids, optical fiber composite 
submarine cables undertake the task of power transmission and data communica-
tion. In order to ensure the proper functioning of the submarine cable, it is necessary 
to analyze the working state of it and identify the fault event. This paper proposes a 
fault detection method for submarine cables, that is, the VMD and self-attention-based 
Bi-LSTM model. First, we use ANSYS software to generate the vibration waveforms of 
three main fault events of optical fiber composite submarine cables. Then, by generat-
ing the detection matrix of background noise and the vibration waveforms, it can real-
ize the orientation and detection of fault events in single submarine cable. In addition, 
the vibration signal can be decomposed into IMF components using variational mode 
decomposition (VMD) for feature extraction. Moreover, the IMF components are input 
to the self-attention layer for feature fusion and Bi-LSTM module for further feature 
extraction. Finally, the result of the fault detection is output through the classification 
layer. According to the comparative experiment and the ablation experiment, the 
proposed model has proved to outperform the other benchmark models and is robust 
and stable under the condition of different signal-to-noise ratios.

Keywords: Fault detection of submarine cables, Variational mode decomposition, 
Bi-LSTM, Deep learning

1 Introduction
As the main electrical equipment of offshore power grids, the optical fiber composite 
submarine cables undertake dual functions of both the power transmission and data 
communication [1]. However, the impact of human activities and severe working envi-
ronment will make the submarine cable suffer from strong currents, eventually lead-
ing to irreversible damage to the structure of submarine cables. In order to ensure 
the proper functioning of the optical fiber composite submarine cable, it is necessary 
to analyze the working state of it and identify the possible fault events. However, due 
to the long laying distance of the submarine cables on the seabed, conducting physical 
experiments on site consumes high labor and material overheads, and the experimental 

*Correspondence:   
jielu@cqu.edu.cn

School of Microelectronics 
and Communication 
Engineering, Chongqing 
University, Chongqing, China

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s13634-023-00988-2&domain=pdf
http://orcid.org/0000-0003-3937-4299


Page 2 of 19Lu et al. EURASIP Journal on Advances in Signal Processing         (2023) 2023:29 

conditions are relatively harsh. Therefore, the acquisition of the fault data is generally 
obtained through software simulation.

Finite element analysis (FEA) [2] is a widely applied approach to model the complex 
system of submarine cables. In FEA, by using mathematical approximation, a finite 
number of known variables are used to approximate a real system containing an infinite 
number of unknown variables. The current capacity finite element software was used 
in [2] to perform the simulation analysis and derive the direct current (DC) resistance 
requirements of the submarine cable. To meet the practical needs of the project lay-
ing environment, the final design of the suitable conductor and structure size for the 
submarine cable was obtained. By combining the external impedance analysis method 
and the FEA, reference [3] proposed a hybrid method for calculating the impedance of 
a submarine cable. The hybrid method uses analytical expressions to calculate the exter-
nal impedance of the submarine cable, which can reduce the computational effort of 
the finite element analysis and also overcome the limitations of the finite element soft-
ware. In [4], FEA was employed to calculate the ground return impedance of a subma-
rine power cable when inserted into a tri-media environment, i.e., air, seawater, and soil. 
The authors also compared the results with dual-media and single-media analytical for-
mulations. For the deformation of submarine cables caused by the ship anchor, a three-
dimensional dual nonlinear model was established in [5] using a FEA software called 
ABAQUS.

The existing research of submarine cables mainly focus on the applications for the 
engineering field [6–8]. However, the study on the fault detection of submarine cables is 
fairly scarce. When the fault event occurs in the surrounding environment, it will cause 
the vibration to the submarine cable, thus the vibration characteristic is of great signifi-
cance to determine the type and the location of the fault events of the optical fiber com-
posite submarine cables. Therefore, extracting robust and subtle features from vibration 
signals and studying the detection methods are of great help for the detection of fault 
events of the optical fiber composite submarine cables.

The processing of vibration signals mainly focuses on two aspects, i.e., feature 
extraction and classification. Due to the nonlinear and non-stationary characteristics 
of optical fiber vibration signals, the time-domain waveforms are relatively too rough 
to describe the characteristics of vibration signals thus it is hard to achieve accu-
rate classification and detection. The transform domain method is widely applied to 
extract salient features from the time-domain signals. Short-time Fourier transform 
(STFT) is the most widely used signal processing method, in which the frequency 
information of the signal can be obtained [9]. However, STFT has insufficient pro-
cessing ability for non-stationary signals. Based on the mathematical theory of STFT, 
J.Morlet proposed wavelet transform (WT), which is a local transformation of both 
the time and frequency domain. For abrupt signal, the effect of WT is better than 
that of STFT. The key to using WT is to find a suitable wavelet function. However, 
since the wavelet base needs to be selected manually, the accuracy of the analysis 
results depends on the selection of the wavelet function [10]. Another time-frequency 
processing method named empirical mode decomposition (EMD) can smoothen the 
non-stationary signal and obtain a series of components of stationary signals in dif-
ferent time scales [11]. However, there also exist some shortcomings in EMD, such 
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as mode mixing and end-point effects. In order to overcome the above shortcomings, 
K. Dragomiretskiy et al. proposed variational mode decomposition (VMD) [12]. The 
essential of VMD is a plurality of adaptive Wiener filter arrays, which can decompose 
the signal and convert it into the variational decomposition mode. Therefore, VMD 
can realize adaptive segmentation of each component in the signal frequency domain 
and can effectively overcome the mode mixing generated in EMD decomposition.

As for the classification of the time sequence, the solutions are divided into tradi-
tional statistical methods, machine learning (ML) methods and deep learning (DL) 
methods. Commonly used traditional statistical methods such as regression analy-
sis [13–15], cluster analysis [16–18], support vector machine (SVM) [19–21] and 
K-nearest neighbor (KNN) [22–25], etc., require manual participation in the design. 
Additionally, the classification efficiency of that is relatively low and the opera-
tional complexity is high. The typical ML methods include decision tree, case-based 
learning, genetic algorithm, etc. However, a lot of time and computing resource are 
required to extract features of the data in the feature engineering stage of ML, while 
DL does not need to manually extract features [26]. Driven by massive data and neu-
ral networks, DL can automatically perform high-dimensional abstract learning and 
the self-iterative update of the network. The recurrent neural network (RNN) is good 
at processing time-dependent sequence due to the recurrent structure with memory 
ability, realizing the information extraction through parameter sharing at different 
time [27]. However, RNN can only keep short-term memory due to the disappear-
ance of gradient, thus Hochreiter and Schmidhuber [28] added a cell state to form the 
long short-term memory (LSTM) network. LSTM combines short-term memory with 
long-term memory through delicate gate control to avoid gradient disappearance. 
Although LSTM can process events with long intervals and delays in time sequences, 
they can only utilize historical data in the task. Bidirectional LSTM (Bi-LSTM) net-
work is trained using both the past and future time sequences [29], thus the accu-
racy of processing context-related events is significantly improved than that of LSTM 
network.

In the field of deep learning, there are often large amounts of data to be received and 
processed by the models, but only a small amount of certain data contributes to the 
learning of the model. Attention mechanism is a special structure embedded in deep 
learning models to automatically learn and calculate the contribution of input data to 
output data [30]. The introduction of attention mechanism in feature engineering can 
enable the model to select effective features of appropriate scale, so that the model can 
effectively help to complete the task. Self-attention mechanism [31] starts from the 
internal correlation of data and can use the correlation to optimize the local expression 
of data, so as to achieve the purpose of feature optimization. Self-attention mechanism 
has been used for different types of tasks, such as natural language processing [32, 33] 
and multi-target tracking [34–37].

From the aforementioned analysis, we know that the detection of abnormal events is 
of great significance to the optical fiber composite submarine cables. In addition, the 
key to precise classification of the abnormal events is based on the feature determina-
tion and extraction. Therefore, in this paper, we put forward the VMD and self-attention 
mechanism-based Bi-LSTM model in order to conduct the fault detection of optical 
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fiber composite submarine cables. The main contribution of this paper is threefold as 
follows:

• Proposal of a fault detection method for optical fiber composite submarine cables 
based on the pseudo vibration signals. By generating the background noise arrays 
and fault signal added background noise arrays, the detection matrix is formed for 
fault detection. Through the threshold of signal-to-noise ratio (SNR), proper func-
tioning states are filtered out and fault states can be detected for the following clas-
sification of fault events. Therefore, the specific spatial position of the fault state in 
the submarine cable can be located and the amount of data to be processed has been 
reduced greatly.

• Proposal of the VMD and self-attention mechanism-based Bi-LSTM model for the 
classification of fault events of optical fiber composite submarine cables. At the stage 
of feature engineering, the VMD method is employed to decompose the waveform 
of the fault event into representative IMF components. Then, through the self-atten-
tion mechanism, the grouped IMF components are input into the Bi-LSTM mod-
ules for further feature extraction. In addition, shallower features and deeper features 
undergo different layers of Bi-LSTM modules and are fused together through pyra-
mid-like feature fusion structure. Finally, all the IMF components finish the feature 
extraction and the classification result can be output.

• Proposal of the pyramid-like feature fusion structure to integrate features of different 
depths. Compared to conventional feature fusion scheme of integrating all features 
at the same stage in the meantime, the proposed feature fusion structure can fully 
extract the hidden features carried on the IMF components in gradients. The abla-
tion experiment has proved that the pyramid-like feature fusion structure is more 
stable and has higher detection accuracy than conventional feature fusion scheme.

The rest of this paper is organized as follows. Section  2 introduces the relevant tech-
niques used in the proposed detection model and explains the methodology. Then, 
numerical results and discussions are presented in Sect. 3. Finally, Sect. 4 concludes the 
paper.

2  Methodology
In this section, the relevant techniques used in the proposed detection model are illus-
trated first. Based on those, we then propose the structure of VMD and self-attention 
mechanism-based Bi-LSTM model for the fault detection of optical fiber composite sub-
marine cables.

2.1  VMD

VMD is an adaptive and completely non-recursive modal variation method, where the 
multi-component signal can be decomposed into multiple single-component amplitude-
modulated-frequency-modulated (AM-FM) signals at one time, which is defined as the 
intrinsic mode functions (IMF) [12]:
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where t is time, Ak(t) ≥ 0 is the envelope and φk(t) is the instantaneous phase. The core 
idea of VMD is to seek K IMFs uk (k ∈ [1,K ]) and their respective central frequencies ωk 
so that these IMFs together can reproduce the original input signal f(t). Therefore, the 
solution of the VMD problem can be correspondingly transformed into the construction 
and solution of the variational problem. The specific solution process is as follows: 

(1) The analysis signal of uk and its single-sided spectrum are obtained by Hilbert 
transform. Then, through multiplying with the operator e−jwkt,the analysis signal is 
demodulated to the baseband that 

(2) Calculate the 2-Norm of the demodulated gradient of the demodulated signal and 
obtain the bandwidth of each IMF. The variational constraint model is shown by 

(3) In order to find the optimal solution of the constrained variational problem, the 
Lagrange multiplier �(t) and the second-order penalty factor α are introduced to 
transform the constrained variational problem into an unconstrained variational 
problem. The Lagrange multiplier �(t) is to guarantee the strictness of the con-
straints and the second-order penalty factor α can ensure the accuracy of signal 
reconstruction in the Gaussian noise environment. The extended Lagrangian 
expression is as follows: 

(4) The alternating direction method of multipliers (ADMM) is used to update each 
IMF component and its central frequency. Finally, the saddle point of the uncon-
strained model is obtained, that is, the optimal solution of the original problem. 
The IMF components and the central frequency of the solution are shown as 

(1)uk(t) = Ak(t) cos (φk(t))

(2)δ(t)+
j

π t
∗ uk(t) e−jwkt.

(3)
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 where ûn+1
k (ω) , ŝ(ω) and �̂(ω) are the Fourier transform forms of unk(t) , s(t) and 

�(t) , respectively, and ûn+1
k (ω) is the residual of ŝ(ω)−

∑

i �=k ûi(ω) after Wiener fil-
tering. The procedure for solving each IMF mode is shown in Fig. 1.

2.2  Classification method

In order to process with the time-dependent sequence, Bi-LSTM unit is adopted in our 
proposed model. Since Bi-LSTM unit is based on the structure of LSTM unit, we first 
give the brief introduction of LSTM and then illustrate the structure and principle of 
Bi-LSTM.

2.2.1  LSTM

On the basis of the recurrent structure of RNN, LSTM introduces the gated mechanism 
to control the circulation and oblivion of features. The structure of LSTM unit is pre-
sented in Fig. 2, consisting of a memory cell and three control gates, i.e., the input gate, 
forget gate and output gate. The main function of the input and output gates is to control 

Fig. 1 The flowchart of VMD
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the flow of the memory cell’s input and output to other parts of the network. In addi-
tion, the forget gate can pass the output information with high weights from the previ-
ous neuron to the next neuron. The information held in the memory cell depends on 
the result of high activation. If the input cell is activated high, the information can be 
stored in the memory cell. Also, if the output unit has high activation, then it will pass 
the information to the next neuron, otherwise, the input information with high weight 
will reside in the memory cell. 

(1) The forget gate determines whether the information is discarded from the unit. 
After the current input vector X t and the output of the hidden layer at the previous 
moment ht pass through the forget gate, a value between 0 and 1 is output by the 
sigmoid activation function σ(x) = 1

1+e−x : 

 where W f  and bf  are the recurrent weight and bias of the forget gate, respectively.
(2) The input gate determines what new information is stored in the unit. The informa-

tion is first processed by the sigmoid function to decide whether it is to be updated. 
Then, the layer with activation function tanh x = ex−e−x

ex+e−x creates a new vector of 
candidate values C̃ t to add to the cell state: 

 where W i and W C are the recurrent weights, and bi and bC are the bias of the input 
gate, respectively.

(3) Next, the old state C t−1 is multiplied by f t to forget the information that is to be 
discarded and then adds it ∗ C̃ t to compose the new candidate value. 

(6)f t = σ
(

W f · [ht−1,X t ]+ bf
)

(7)
it = σ(W i · [ht−1,X t ]+ bi)

C̃ t = tanh (W C · [ht−1,X t ]+ bC)

(8)C t = f t ∗ C t−1 + it ∗ C̃ t

~

Fig. 2 The cell structure of LSTM
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(4) Finally, the output information is elicited based on the unit state. The first step is 
to pass through a sigmoid layer to determine whether to output. Next, the output 
of the sigmoid layer is to multiply the result from tanh function to decide the final 
output. 

 where W o and bo are the recurrent weight and bias of the output gate, respectively.

2.2.2  Bi‑LSTM

Compared to RNN, the performance of LSTM has improved a lot. However, there still exist 
some limitations of the LSTM unit, the most prominent one is that it only employs the pre-
vious information but not takes the future one into consideration. In practical scenarios, it 
may require the utilization of information from the entire input sequence. Bi-LSTM can 
overcome the restrictions of LSTM, which consists of two different LSTM hidden lay-
ers with opposite output directions. Based on the LSTM unit structure, the information 
of the input sequence in both forward and backward directions is combined in Bi-LSTM. 
For the output at time t, the forward LSTM layer has the information before time t in the 
input sequence, and the backward LSTM layer has the information after time t in the input 
sequence. Under this structure, both previous and future information can be exploited in 
the output layer, thus Bi-LSTM outperforms LSTM in numerous practical tasks. The net-
work structure of the Bi-LSTM unit is shown in Fig. 3 and the internal structure of the net-
work can be expressed as

where X and Y are the input and output sequence, and 
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Fig. 3 The network structure of Bi-LSTM
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2.3  Self‑attention mechanism

The gated control mechanism in LSTM cell can mitigate the short-term memory issue 
introduced by RNN to some extent, however, when dealing with long time-dependent 
sequence, the improvement brought by LSTM is limited. When too much informa-
tion needs to be remembered, the model will become more complex, but the current 
computing power is still the bottleneck limiting the development of neural networks. 
By introducing attention mechanism, the focus of the learning process is laid on the 
information that is more critical to the current task among all the input, thus the 
attention to other information is cut down and the irrelevant information can be 
filtered out. The self-attention mechanism is a variant of the attention mechanism, 
which reduces the dependence on external information and is better at capturing the 
internal correlations of data or features. The core idea of the self-attention mecha-
nism is to capture the correlation between vectors, which is realized by the dot prod-
uct operation. The procedure of the self-attention mechanism is shown in Fig. 4.

(1) Calculate the matrices Q, K and V. Through linear transformation, the input matrix 
I is multiplied by three transformation matrices Wq , Wk and Wv , respectively, 
which can improve the fitting ability of the model. The obtained matrices Q, K and 
V are named as the query matrix, key matrix and value matrix, respectively. The 
transformation matrices can play a buffering role through training. 

(2) Solve the attention score matrix A′ . Do a dot product between the key matrix K 
and the query matrix Q to obtain the correlation value A between the input vectors. 
Then, the correlation value A is normalized by a softmax layer to obtain the output 
normalized correlation value A′ , namely the attention score. 

(11)
Q = WqI

K = WkI
V = WvI

Fig. 4 Self-attention mechanism
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(3) Compute the output matrix O. The attention score matrix A′ denotes the weight 
value of the input vectors. The larger the weight value is, the more the correspond-
ing input vector participates in the calculation, and the final output vector is more 
similar to the input vector. 

2.4  The VMD and attention mechanism‑based Bi‑LSTM model

Optical fiber composite submarine cables are laid in sediments at a depth of 1–2  ms 
below the seabed. On the one hand, it is affected by human factors such as ship navi-
gation, marine operations, and anchor damage. On the other hand, the uneven seabed 
gully is affected by natural disasters such as typhoons and tsunamis. By referring to the 
literature [38–41], we determine three typical fault events of optical fiber composite sub-
marine cables for the detection, i.e., the anchor hit, rock friction and ocean scour:

• Anchor hit: This kind of fault event accounts for a high proportion of the total optical 
fiber composite submarine cable faults, which mainly occurs when the anchor falls 
and hits the optical fiber composite submarine cable. The speed and weight of the 
anchor will cause the optical fiber composite submarine cable to deform or malfunc-
tion.

• Rock friction: The scour of the ocean waves will generate continuous vibrations to 
the optical fiber composite submarine cable, which will cause mechanical fault of the 
optical fiber composite submarine cable. In the long run, it will threaten the normal 
operation of the optical fiber composite submarine cable.

• Ocean scour: Since the optical fiber composite submarine cable is laid on the seabed, 
under the long-term scour of the ocean, the optical fiber composite submarine cable 
will also have a certain degree of mechanical and electrical damage.

The vibratory characteristic is manifested as a representative feature to distinguish 
different working status of optical fiber composite submarine cables, that is, proper 
functioning state or fault state. Then, referring to [42], ANSYS simulation software is 
adopted to establish the finite element models in marine environment of the submarine 
cable as the type of 110 kV XLPE. So the laboratory vibration platform is built to obtain 
the vibration waveforms of the three typical fault events.

The distribution and range of background noise in the marine refer to [43]. By ran-
domly adding the vibration signal of the three events to the background noise, the vibra-
tion state of the optical fiber composite submarine cable when encountering fault events 
can be simulated, i.e., the pseudo-original signals. We assume that during the sampling 
time of t, one entire optical fiber composite submarine cable at the length of l is divided 
into n segments of equal length, and each segment is randomly generated a background 
noise array or a vibration signal added noise array to simulate the proper functioning 
state or fault state of the optical fiber composite submarine cable, respectively. There-
fore, the waveform can be quantified by the detection matrix Dn×t , where each row 

(12)A = KTQ
A′ = softmax(A)

(13)O = VA′
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vector demonstrates the spatial position of different segments, while the column is the 
sampling time. By setting the threshold value of the signal-to-noise ratio (SNR), we can 
locate the row vectors that may contain fault vibration events from the detection matrix, 
corresponding to a certain segment of the optical fiber composite submarine cable. 
Therefore, by the detection and orientation of fault working state, the proper function-
ing state is filtered out and the following classification focus is laid on the fault events, 
which decreases the computational complexity for the detection.

Then, the located row vectors are decomposed into the IMF components with VMD, 
respectively. The IMF components represent each frequency component of the pseudo-
original signal and are arranged in order from high frequency to low frequency [12]. The 
high frequency components are on behalf of the details of the original data, while the 
low frequency components represent the information of slow changes, which means the 
outline and approximate information of the original data [44]. In order for better feature 
extraction, all IMF components K are divided into three feature groups, i.e., deep fea-
ture group κ1 , middle feature group κ2 and shallow feature group κ3 (K = {κ1, κ2, κ3}) . 
In each feature group, the IMF components are input into the self-attention layer and 
the output of it can focus more on the key information of the input IMF components. 
Consisting of a Bi-LSTM unit and a tanh layer as the activation function, the Bi-LSTM 
module can extract deeper features for further classification. Then, grouped IMF compo-
nents are integrated with each other by the pyramid-like structure to fuse the extracted 
features. Note that, different feature groups will go through different network layers. It is 
because by deepening the layers of the network, the expression ability of the model can 
be enhanced, so deep features need deep networks for detailed information extraction.

Finally, by the fully connected layer and the softmax layer, the classification result is 
obtained and the network structure is illustrated in Fig. 5.

3  Results and discussion
3.1  Data

In order to obtain the pseudo-original waveforms of the three fault events, ANSYS 
simulation software is adopted and the vibration waveforms of them are presented in 
Fig. 6. Next, we perform normalization for data preprocessing to the amplitude of three 
vibration waveforms, scaling to [−1, 1] . For the following processing, the duration of 
the three types of signals and the sampling interval should be kept the same. However, 

Fig. 5 The network structure of the proposed model
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the duration of these signals varies, where the energy of the anchor hit has been com-
pletely released within 0.05 s, the duration of the scour is about 60–100 s and the friction 
lasts for about 0.5 s. In order to coordinate the durations, the sampling interval is set to 
0.0002 s and the sampling time is 2 s, obtaining a total of 10,000 sample points. For clar-
ity of exposition, the optical fiber composite submarine cable is assumed to be the length 
of 100 km and is divided into 5000 segments. Taking the signal condition, noise distribu-
tion and the sensitivity of detection equipment into consideration [45], the SNR value in 
the experiment is set within [−15, 15] dB, and we take the SNR of 10 dB for simulation to 
examine the classification effect of the proposed model. Figure 7 presents the waveforms 
of pseudo original signals. Then, the detection matrix D5000×10000 is obtained through 
quantification which consists of 2000 rows for proper working segments and 3000 rows 
for fault events, where each typical fault event contains 1000 rows of data. Through the 
SNR threshold, the data of fault events with the size of 3000 × 10,000 can be obtained.

In this section, numerical results are presented to verify the classification effect of 
the proposed methodology. The experiment contains and the comparative experiment 
and the ablation experiment. Several related benchmark neural network models are 
adopted in the comparative experiment, including LSTM, RNN and the back propaga-
tion (BP) model. BP neural network is a multilayer fully connected network, which is 
trained according to the error back propagation algorithm, and is one of the most widely 
used neural network models. Note that, in the comparative experiment, all the bench-
mark models are employed in the same network structure as the proposed model, i.e., 
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Fig. 6 The vibration waveforms of the fault events
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the input data are processed with VMD and pass the self-attention layer. In the ablation 
experiment, modules of self-attention mechanism and pyramid-like structure for feature 
fusion are explored.

3.2  VMD for feature engineering

Through the VMD transformation, all the row vectors are converted to IMF features. 
The key point of the algorithm is to select the appropriate modal number K, the penalty 
factor α and the fidelity coefficient τ . If the value of K is too large, it will cause modal 
repetition and noise, and if K is too small, the pre-modal decomposition will occur. The 
main difference between different modes is due to the selection of different center fre-
quencies. Therefore, appropriate mode values are determined by observing the distri-
butions of center frequency under different mode numbers. Based on the observation 
of the center frequency, the value of K increases from 1 until the last IMF component 
maintains to be a relatively stable center frequency then the value of K is considered the 
optimal one. In addition, to ensure the fidelity after decomposition, the parameters are 
set as K = 12 , α = 3000 and τ = 0.2 . The VMD results of three fault event samples are 
shown in Fig. 8.

3.3  Classification results

In order to ensure the results of different models to be comparable, all the experi-
ments are conducted in the same environment. The pseudo-original data are divided as 
the training set, validation set and the test set at the ratio of 6  : 2  : 2. The experiment 
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Fig. 7 The waveforms of pseudo-original signals
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environment is in Windows 11 64-bit operating system with 12th Gen Intel(R) Core(TM) 
i5-12400F 2.50 GHz processor. The program is running on the MATLAB software 
with the adam solver. The initial learning rate is set to 0.01, decreasing by 75% every 
10 epochs. The 12 IMF components are divided into three feature groups, i.e., IMF1 to 
IMF2, IMF3 to IMF7, and IMF8 to IMF12.

The classification results when SNR = 10 dB are demonstrated by the confusion matrix 
in Fig.  9, in which the detection accuracy in self-attention-based Bi-LSTM models 
reaches 99.17% while in self-attention-based LSTM, self-attention-based RNN and self-
attention-based BP are 96.67% , 95% and 92% , respectively. In order to test the robustness 
of the proposed self-attention mechanism-based Bi-LSTM model, we also conduct the 
comparative experiment at different SNR conditions of the original data, and the results 
are shown in Fig.  10. The detection accuracy of the models all shows an upward ten-
dency with SNR, since the classification result is more precise with less interference of 
the background noise. It is clear that the network using Bi-LSTM module outperforms 
those of benchmark models in wide range of SNR, followed by LSTM, RNN and BP in 
sequence. This is due to the fact that the bidirectional recurrent structure can take both 

Fig. 8 The VMD results
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the past and future data into training, thus the feature of the time-dependent sequence 
can be fully learned by the network. In addition, it can reach the detection accuracy of 
99.33% when SNR = 15 dB and still remains the accuracy of 92.67% even when SNR = 
−15 dB. Although the benchmark models can reach the accuracy over 90% when SNR 
is enough high, once the SNR condition is severe, the detection accuracy will sharply 
decline below 90% . Therefore, the Bi-LSTM module has proved to be robust for the pro-
cessing of the time-dependent sequence. By introducing the gated control unit, the Bi-
LSTM and LSTM perform better than RNN model, which has testified the effectiveness 
of LSTM cell. Obviously, the accuracy of BP model performs the worst among all the 
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benchmark models, thus the recurrent neural network is proved to be more effective 
than the fully connected network to process with the time-dependent sequence.

As for the ablation experiment, we test the effectiveness of two modules, i.e., self-
attention mechanism and pyramid-like structure for feature fusion, and the param-
eters and notations are listed in Table 1. Note that, in the fully feature fusion scheme, 
all the IMF components are fused at the input stage in the meantime and then pass four 
successive layers of Bi-LSTM modules. Figure 10b demonstrates the result of the abla-
tion experiment in different SNR conditions. It can be seen that the proposed model 
with self-attention-based Bi-LSTM and pyramid-like structure for feature fusion shows 
a slight fluctuation in wide range of SNR, while other models fluctuate sharply when 
SNR changes. Therefore, the proposed model is more stable compared to other network 
structures. From the results, it is obvious that adopting the attention mechanism is of 
great help for the detection since adopting attention mechanism into the classification 
network can help the network focus on the crucial feature and pay less attention on the 
irrelevant information. Additionally, the effect of self-attention mechanism is superior to 
that of attention mechanism. However, the prominent performance comes at the cost of 
computational complexity. Moreover, the detection accuracy of pyramid-like structure 
for feature fusion is better than fully feature fusion. Since employing the pyramid-like 
structure, features of various depths can be fused and learned by the network in different 
gradients, the network can fully extract the hidden features carried on the IMF com-
ponents. Therefore, the ablation experiment has proved the effectiveness of self-atten-
tion mechanism and pyramid-like structure for feature fusion, which can have about 
20% improvement in accuracy when SNR is severe and about 13% improvement under 
higher SNR compared to fully feature fusion-based Bi-LSTM model without attention 
mechanism.

4  Conclusions
As for the fault detection of optical fiber composite submarine cables, this paper pro-
poses a VMD and self-attention mechanism-based Bi-LSTM model. Through the sim-
ulation of ANSYS software, the vibration waveforms of typical optical fiber composite 
submarine cable fault events are obtained. To locate and detect the fault events of sub-
marine cables, we then generate the detection matrix of the background noise in the 
marine and the pseudo-original vibration signals of three typical fault events. By adopt-
ing VMD to the pseudo-original vibration signal, it can be decomposed into the IMF 
components on behalf of different extents of features. With the self-attention mechanism 

Table 1 The parameters of the ablation experiment

Notation Attention layer type Feature fusion structure

Self-attention-based Bi-LSTM Self-attention mechanism Pyramid-like feature fusion

Attention-based Bi-LSTM Attention mechanism Pyramid-like feature fusion

Bi-LSTM Without attention Without attention mechanism Pyramid-like feature fusion

Fully fusion with self-attention-based Bi-LSTM Self-attention mechanism Fully feature fusion

Fully fusion with attention-based Bi-LSTM Attention mechanism Fully feature fusion

Fully fusion without attention-based Bi-LSTM Without attention mechanism Fully feature fusion
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and pyramid-like feature fusion structure, the IMF components are fused into different 
layers of the Bi-LSTM module and finally the result of fault detection is output through 
the classification layer. The results show that the proposed model can achieve the pre-
diction accuracy of 99.93% when SNR = 15 dB and still remain 92.67% when SNR = 
−15 dB. Comprehensive experiments have proved that the proposed model outperforms 
other benchmark network models and is robust and stable under the condition of differ-
ent SNRs.
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