
MBE, 19(9): 9335–9356. 

DOI: 10.3934/mbe.2022434 

Received: 01 May 2022 

Revised: 05 June 2022 

Accepted: 12 June 2022 

Published: 27 June 2022 

http://www.aimspress.com/journal/MBE 

 

Research article 

Fault feature extraction and fusion method for AUV with weak thruster 

fault based on variational mode decomposition and D-S evidence theory 

Dacheng Yu, Mingjun Zhang, Xing Liu* and Feng Yao 

College of Mechanical and Electrical Engineering, Harbin Engineering University, Harbin, 150001, China 

* Correspondence: Email: liuxing0724@hrbeu.edu.cn. 

Abstract: This study investigated the fault feature extraction and fusion problem for autonomous 

underwater vehicles with weak thruster faults. The conventional fault feature extraction and fusion 

method is effective when thruster faults are serious. However, for a weak thruster fault, that is, when 

the loss of effectiveness of thrusters is less than 10%, the following two problems occur if the 

conventional method is used. First, the ratio of fault features to noise features is small. Second, there 

is no monotonic relationship between the fusion fault features fused by the conventional method and 

the fault severity. In this paper, the following two methods are proposed to solve this problem: 1) Fault-

feature extraction method. Based on negentropy, this method improves the evaluation index of the 

parameter optimization of the modified variational mode decomposition and finally enhances the fault 

features extracted by the modified Bayesian classification algorithm. 2) Fault-feature fusion method. 

To create a monotonic relationship between the fusion fault features and fault severity, this method 

expands the number of original signals of the traditional fusion method based on D-S evidence theory, 

improves the focus element of the traditional fusion method, and adopts the strategy of double fusion. 

Finally, the effectiveness of the proposed method was verified by pool-experiment results on Beaver 

II prototype. 

Keywords: autonomous underwater vehicle; thruster; weak fault; fault feature extraction; fault  

feature fusion 

 

1. Introduction  

Autonomous underwater vehicles (AUV) play a critical role in a wide variety of underwater 
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missions such as military areas [1], seabed terrain scanning [2], underwater search [3], submarine 

pipeline inspection [4], underwater pollution detection [5], and marine resource development [6]. 

Because AUVs operate in a marine environment without cables or human interference, safety is a vital 

issue for AUVs [7-9]. As the most important power component of AUV, faults mainly occur in thrusters 

[10]. Research on the fault diagnosis technology of thrusters is of great significance and practical value 

for improving the safety of AUVs [11].  

Most thruster faults in the early stages are weak, that is, their loss of effectiveness is relatively 

less [12]. If a thruster fault can be diagnosed at the early stage, it can give more time to guarantee the 

safety of AUVs [12]. With the acceleration of marine resource development, the study of weak fault 

diagnosis for AUV thrusters has become one of the current research hotspot [13]. 

The process of thruster fault diagnosis includes the following four steps [12,13]: fault feature 

extraction, fault feature fusion, fault detection, and fault severity identification. This study investigated 

a method of fault feature extraction and fusion for AUVs with weak thruster faults. 

(1) Fault Feature Extraction  

Data-driven feature-extraction methods are widely used. Currently, typical data-driven-based 

fault feature extraction methods include wavelet decomposition [14], empirical mode decomposition [15], 

neural networks [16], and manifold learning [17]. These methods have achieved good performance in 

feature extraction of serious thruster faults. No uniform standard exists for weak faults. In AUV fault 

diagnosis, a fault severity of less than 10% is generally regarded as weak [12,13]. Compared with 

serious thruster faults (loss of effectiveness of thrusters >10%), the fault feature is relatively small, and 

there is an overlap between the noise and fault features in the frequency domain for the weak thruster 

fault (loss of effectiveness of thrusters ≤10%) [13]. Therefore, it is difficult to directly use the typical 

fault feature extraction method to obtain a good performance for the fault feature extraction of weak 

thruster faults. Based on the aforementioned analysis, we used the method of combining wavelet and 

modified Bayesian algorithm (WMB) [14] to extract fault features. It was found that the ratio of fault 

features to noise features extracted using the WMB method was small. 

Dragomiretskiy et al. [18], in 2014, proposed a new adaptive signal-processing method, called 

variational mode decomposition (VMD), based on the concepts of the Hilbert transform and Wiener 

filter. Because the Wiener filter has strong noise resistance, the VMD method has outstanding 

performance in noise reduction and feature extraction [19]. For example, Li et al. [20] proposed an 

adaptive denoising method based on VMD that could effectively eliminate the influence of noise and 

accurately extract the mode component of the water supply pipeline leakage signal from mixed noise. 

Yan et al. [21] used the excellent performance of VMD in feature extraction to realize the fault 

diagnosis of a bearing outer race. Zhao et al. [22] proposed a method called modified VMD (MVMD) 

for the adaptive selection of VMD parameters based on permutation entropy (PE), which has strong 

denoising and adaptive capabilities and has achieved good results in the fault diagnosis of rotating 

machinery. Because of the performance of the VMD method in feature extraction and noise reduction, 

we applied this method to extract the fault features of the thrusters. 

(2) Fault Feature Fusion  

Conventional fault fusion methods include the D-S evidence theory [23], fuzzy theory [24], and 

neural networks [25]. For example, Zhang et al. [23] proposed a fault feature fusion method based on 

D-S evidence theory for an AUV with a serious thruster fault, which effectively enhanced the ratio of 

fault features to noise features. Zhu et al. [24] used a fuzzy cerebellar model neural network based on 
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credit allocation to realize information fusion and fault identification of thrusters in underwater 

vehicles. Xiang et al. [25] used the Mamdani fuzzy neural network to realize the fusion of multi-sensor 

information for risk analysis and safety decision making for underwater vehicles. The purpose of fault 

feature fusion is to enhance the ratio of fault features, especially weak fault features, to noise features, 

and provide necessary data support for fault identification and safety decision making. The 

monotonicity between the fusion fault feature and fault severity is a prerequisite to ensure the accuracy 

of the subsequent fault severity identification. In recent years, we have developed monotonicity 

between the fusion fault feature and fault severity. For serious fault feature fusion of serious faults, we 

proposed a D-S evidence theory-based fault feature fusion method for an AUV with a serious thruster 

fault, which can effectively enhance the ratio of fault features to noise features and the monotonicity 

between the fusion fault feature and fault severity [23]. However, when the D-S evidence theory-based 

fault feature fusion method in [23] was used to fuse weak fault features, there was no monotonic 

relationship between the fusion fault feature and fault severity. 

Based on the aforementioned analysis, we proposed a fault feature extraction and fusion method. 

The major contributions of this study are as follows: 

(a) A novel and complete method was developed based on VMD and D-S evidence theory, 

consisting of a fault feature extraction and fault fusion methods. In this study, we focused on the 

problem of a small ratio of fault features to noise features extracted by WMB methods. To prepare for 

the subsequent fault severity identification, we conducted a preliminary study on the problem of no 

monotonic relationship between the fusion fault features and fault severity obtained by the traditional 

D-S evidence theory methods. 

(b) A feature extraction method for weak thruster faults based on the modified MVMD and 

modified Bayesian algorithm (MB) was proposed. This method aimed at the problem of a small ratio 

of fault features to noise features extracted using the WMB method. We first investigated the difficulty 

of MVMD method in extracting the fault features of the AUV thruster. Based on the above reasons, 

we proposed a new method called modified MVMD, in which we substituted negentropy for PE to 

judge the levels of non-Gaussian modes and the noise levels of the modes. Finally, the modified-

MVMD and MB were combined to extract fault features. 

(c) A fault feature fusion method for weak thruster faults based on D-S evidence theory was 

proposed. This method is aimed at the problem of no monotonic relationship between the fusion fault 

feature obtained by the D-S evidence theory and fault severity. On the one hand, we defined the focus 

element from the perspective of the time interval. On the other hand, we fused all signals except the 

surge velocity signal based on the D-S evidence theory and then fused the surge velocity signal with 

the fusion results of other signals. 

(d) The effectiveness of the proposed method was verified by pool-experiment results on a Beaver 

II AUV.  

The remainder of this paper is organized as follows. Section 2 describes the modified feature 

extraction method for weak thruster faults based on the modified MVMD and MB. Section 3 presents 

an improved fault feature fusion method for weak thruster faults based on the D-S evidence theory. In 

Section 4, the research steps and block diagram of the fault feature extraction and fusion methods are 

presented. In Section 5, experiments conducted to verify the effectiveness of the proposed method are 

presented. Finally, conclusions are drawn in Section 5. 

2. Fault feature extraction method 

Aiming at the problem of a small ratio of the fault feature to the noise feature extracted, a method 
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improved by MVMD is proposed in this section, called modified MVMD. This section describes the 

modified fault feature extraction method based on modified MVMD and MB in detail after briefly 

describing the shortcomings of the MVMD method in weak fault feature extraction.  

2.1. Problems and cause analysis of using MVMD method 

Owing to its powerful ability of noise reduction and self-adaption, the MVMD method has 

achieved good performance in fault diagnosis for rotating machinery such as bearings [22]. By directly 

using the combination method of MVMD and MB (MVMD-MB) to extract the features of the weak 

thruster fault, the ratio between the fault features and noise features still cannot satisfy the requirements 

of fault diagnosis, although this ratio is slightly increased.  

(1) Problem statement 

In the study of weak fault feature extraction of thrusters based on MVMD-MB, the problem found 

in this paper is stated as follows. Compared with the WMB method, the ratio between the fault features 

and noise features extracted by the MVMD-MB method has insignificantly increased, which cannot 

meet the requirements of subsequent fault diagnosis. 

(2) Cause analysis 

In the MVMD-MB method, the main function of MVMD is noise reduction. It is considered that 

the mode with a larger PE value has a higher noise content in the MVMD method. The main idea was 

to gradually reduce noise by deleting the modes with the highest PE value. Because the noise signal is 

random, all types of symbol sequences appear in the process of calculating the PE value of the noise 

signal, but the corresponding probability is relatively small. This causes the PE value of the noise 

signal to be relatively high. Therefore, deleting modes with high PE values can reduce noise. In 

principle, the MVMD method has a good effect on noise reduction in fault feature extraction of rotating 

machinery. However, in contrast to the fault features of rotating machinery with periodic changes, the 

thruster fault feature in this study appears only once under the action of the closed-loop control system. 

Therefore, the occurrence probability of symbol sequences corresponding to the thruster fault feature 

is much smaller than that of rotating machinery. The MVMD method reduces noise from the angle of 

low occurrence probability of the symbol sequence. Owing to the low occurrence probability of 

thruster fault features in this study, it is easy to remove events with low occurrence probability, such 

as noise, which ultimately leads to a poor noise reduction effect. 

2.2. Modified fault feature extraction method 

Based on the cause analysis in Section 2.1, a modified fault feature extraction method is proposed 

in this subsection. This section explains the basic idea of this method, the difference between this and 

MVMD-MB methods, and the implementation process of this method. 

2.2.1. Basic idea 

(1) Introduce negentropy into MVMD 

The probability density distribution of useful feature signals is primarily non-Gaussian, whereas 
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that of useless noise signals is Gaussian. The central limit theorem states that the probability density 

function of the sum of multiple random signals approaches a Gaussian distribution [26]. Therefore, the 

stronger the non-Gaussianity of the signal, the lower its noise content and the easier the fault feature 

information to be extracted [26]. Negentropy is an effective method for measuring non Gaussianity. It 

measures non-Gaussianity by measuring the similarity of the probability density distribution between 

the measured signal and noise signal. In recent years, negentropy has achieved good results in the noise 

reduction and feature extraction of weak signals [27-30]. Inspired by the above characteristics of 

negentropy, we introduced negentropy into MVMD. Specifically, negentropy replaced PE in MVMD 

and judged the levels of noise of the modes by judging the levels of non-Gaussian modes. According 

to the basic steps of MVMD [22], the mode with a low negentropy value was continuously deleted to 

achieve noise reduction. 

(2) Theoretical Analysis 

The modified extraction method deletes high-noise modes by negentropy from the perspective of 

a Gaussian distribution and the overall statistical characteristics of a signal. By contrast, MVMD 

deletes the high-noise mode from the occurrence probability of the local symbol sequence in a certain 

mode of the signal. Negentropy can avoid the problem of easy deletion of fault features as noise signals 

by PE method and can effectively preserves weak fault features. 

2.2.2. Difference between modified extraction method and MVMD-MB  

The flow charts of the modified extraction method are shown in Figure 1. 

As shown in Figure 1, steps A, C, and D of the modified extraction method are the same as those 

of the MVMD-MB method [22,23]. In step B, the MVMD-MB method adopts the PE method to obtain 

the entropy value of each mode and target function (TF). 

According to Figure 1, the process of the modified extraction method is as follows. 

A. Initialization. The initial mode number, center frequency, and balancing parameters of the 

VMD are determined to obtain the initial mode set. 

B. VMD parameter optimization. First, the negentropy of each mode is calculated. The modes are 

then sorted according to the entropy value. Finally, MTF is used as the criterion to obtain the optimal 

mode number and balancing parameter using the optimization method in MVMD. 

C. Noise reduction. First, the original signal is decomposed by VMD according to the optimal 

mode number and balancing parameter. Next, the residual modal is deleted. Finally, the signal is 

reconstructed to achieve noise reduction. 

D. Fault-Feature Extraction. The MB method is used to extract the fault features of the noise-

reduced signal. 

Difference between the modified extraction method and MVMD-MB. Compared to MVMD-MB, 

in step B, the modified extraction method improved the followings. 1) The modes were sorted by the 

negentropy of each mode. 2) The TF of MVMD-MB was improved according to negative entropy, and 

the modified TF (MTF) was used as the judgment index to determine the optimal parameters. 
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Figure 1. Flow chart of the modified extraction method. 

2.3. Implementation process of modified extraction  

Because steps A, C, and D of the modified extraction method were the same as those of the 

MVMD-MB [22,23], we will not repeat them. The improvements in Step B are described in detail 

below.  

(1) Entropy of each mode 

Negentropy theory was introduced to measure the noise levels by judging the non-Gaussian levels 

of each mode. The formula for calculating negentropy is as follows [26]: 

𝐽(𝑦) = 𝐻(𝑦𝑔𝑎𝑢𝑠𝑠) − 𝐻(𝑦) (1) 

where ygauss is a Gaussian random variable of the same covariance matrix as y. 𝐻(∙) is the differential 

entropy of a random vector y with density f(y), and is defined as [26] 
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𝐻(𝑦) = − ∫ 𝑓(𝑦)𝑙𝑜𝑔𝑓(𝑦)𝑑𝑦 (2) 

It is computationally difficult to calculate the negentropy because it depends on the prior 

probability distribution of random variables and other factors. Approximations are generally adopted 

to obtain the estimated value of negentropy using the following formula [26]: 

𝐽(𝑦) ≈ [𝐸{𝐺(𝑦)} − 𝐸{𝐺(𝑣)}]2 (3) 

where v is a Gaussian variable with zero mean and unit variance (i.e., standardized). The mean and 

unit variance of variable y are both zero, 𝐸(∙) is the expectation function; 𝐺(∙) is a non-quadratic 

function.  

According to the literature [26], 𝐺(∙) in this paper is as follows: 

𝐺(𝑢) = −𝑒𝑥 𝑝 (−
𝑢2

2
) (4)

(2) To obtain MTF 

After the introduction of negentropy, to match the TF with negentropy, this study improved the 

TF in MVMD based on negentropy to obtain an MTF. The MTF formula is as follows: 

    

𝑀𝑇𝐹(𝑓, 𝑈) =
𝑁𝐸(𝑓𝑟𝑒𝑠)

𝛽1𝐽(𝑓𝑟𝑒𝑐𝑜𝑛) + 𝛽2𝑂𝑟𝑡ℎ + 𝛽3𝐸𝐿𝑅
(5) 

where f, frecon, and fres represent the original signal, reconstructed signal as the sum of all modes, and 

residual part of the decomposition, respectively. βi, i={1, 2, 3} are the weights of the different 

components that construct the denominator and are used to evaluate the contribution of each index to 

the final result. ELR denotes the ratio of the energy of the reconstructed signal to that of the original 

signal, and the larger the value, the lower the signal loss. The formula used is as follows:  

    

𝐸𝐿𝑅 =
𝑒𝑛𝑒𝑟𝑔𝑦(𝑓𝑟𝑒𝑐𝑜𝑛)

𝑒𝑛𝑒𝑟𝑔𝑦(𝑓)
(6) 

where Orth denotes the orthogonality between the reconstructed and original signals. The higher the 

orthogonality value, the higher is the correlation between the two vectors. The formula used is as 

follows [22]: 

𝑂𝑟𝑡ℎ =
𝑓𝑟𝑒𝑐𝑜𝑛 ∙ 𝑓

|𝑓𝑟𝑒𝑐𝑜𝑛| ∙ |𝑓|
(7) 

Brief summarization of Section 2. Aiming at the problem of a small ratio of fault and noise features 

extracted by the WMB, this paper proposes a modified extraction method, which is verified by 

experimental results in Section 4. 

3. Fault feature fusion method  

Aiming at the problem of no monotony between fault feature after fused based on D-S evidence 

theory and fault severity for AUV with weak thruster fault, an improved fault feature fusion method 

based on D-S evidence theory is proposed in this paper. This section explains the problems of the D-S 

evidence theory-based fusion method for weak-fault feature extraction. Then, it analyzes the causes of 
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these problems. Finally, it explains the ideas and implementation steps of the improved fusion method 

based on D-S evidence theory. 

3.1. Problem statement 

First, the fault feature extracted as described in Section 2 is used to extract the fault features from 

the surge velocity, main thruster control, lateral thrust control, and yaw angle signals. Then, these 

different fault features from different signals are fused to achieve a monotonic relationship between 

the fused fault feature and magnitude of the thruster fault and to further increase the ratio of the fault 

feature to the noise feature. This was the objective of the present study. 

The D-S evidence theory is a conventional method of feature fusion. The use of the D-S evidence 

theory in fusing the different fault features from different signals results in no monotonic relationship 

between the fused fault feature and magnitude of thruster fault for AUV with serious thruster fault 

(hereinafter referred to as "non-monotonic problem") [23]. To solve this problem, a fusion method 

based on the peak area energy method was developed in our previous research based on the D-S 

evidence theory [23]. The method in [23] achieved a monotonic relationship between the fusion fault 

feature and fault severity for AUV with serious thruster faults. However, according to the method in 

[23], a monotonic relationship cannot be obtained for AUV with weak thrusters. 

3.2. Cause analysis 

(1) Simple description of the D-S evidence theory-based fusion method. 

To easily explain the improved feature fusion method, we described the process of the traditional 

fusion method based on the D-S evidence theory. First, the focus element is defined as an event in 

which a fault occurs at one beat of a signal. The value of the focus element is the probability of fault 

occurrence at this beat. Subsequently, the mass functions from different feature signals are fused 

according to Dempster’s rule [31] to obtain the final fault feature. 

(2) Causes of nonmonotonic problems 

1) According to the experimental data, the beat numbers corresponding to the maximum value of 

the focus element were different among these feature signals. Therefore, if the focus element is defined 

from the perspective of each beat number, according to Dempster’s rules, the simultaneous 

multiplication of maximum value of the focus element for all feature signals cannot be guaranteed. 

Furthermore, it sometimes does not let the fused fault feature increase with fault severity, that is, a 

non-monotonic problem. 

2) In the feature fusion, the mass function is obtained by calculating the fault occurrence 

probability of the fault feature signal at each beat. The fault occurrence probability at a certain beat is 

calculated by dividing the value of the fault feature signal at that beat by the sum of the values of the 

signal at all beats. For weak faults, each fault feature is significantly affected by sensor noise and 

external disturbances. When the maximum value of the fault feature signal is divided by the sum of 

the values of the fault feature signal at all times, the result decreases. Moreover, when the magnitude 

of the thruster fault increases monotonically, the sum of the values of the fault feature signal at all 

times changes irregularly. Therefore, it is impossible to guarantee a monotonic relationship between 

the fault features and fault severity. 
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3.3. Improved fault feature fusion method 

This section explains the basic ideas and implementation process of the improved method. 

(1) Basic ideas 

According to the analysis in subsection 3.2, this study improved two aspects of the D-S evidence 

theory-based fusion method, and the basic ideas of improvement are as follows. 

1) Define the focus element from the perspective of time interval 

The focus element of the improved fusion method in this study was defined from the perspective 

of time interval. By selecting an appropriate time interval, the maximum value of the fault feature 

signal, out of multiple signals, is guaranteed to be in the same time interval to obtain the fusion feature 

by the maximum fault occurrence probability of multiple feature signals. 

2) Add a second fusion 

In this study, it was found that the surge velocity signal plays a leading role in the process of fault 

feature fusion. When the thruster has a weak fault, the maximum value of the surge velocity fault 

feature signal becomes smaller in feature fusion after the basic probability assignment of the D-S 

evidence theory. As a result, the leading role of the surge velocity signals is weakened after fusion. To 

solve the above problem, the fault feature signal of surge velocity does not participate in the fusion 

based on the D-S evidence theory and fuses with other feature signals using another method. 

(2) Implementation of improved fusion method 

The flow chart of the improved fusion method is shown in Figure 2. 
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Figure 2. Flow chart of the improved fusion method. 

The improved fusion method is implemented in the following steps.  

1) Fault features extraction 

These signals, including the right main thruster control, lateral thruster control, and yaw angle 
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signals, were differentiated first. Then, their corresponding results, together with the surge velocity 

signal, were used to extract the fault features according to the modified extraction method given in 

Section 2. 

2) Focus element and basic probability assignment 

This step differs from the D-S evidence theory-based fusion method, and its specific content is as 

follows: 

① The feature signal is divided into multiple time intervals according to a fixed length N, and 

the fault feature signal 𝑋 = {𝑥(1), 𝑥(2), ⋯ 𝑥(3)} is divided into N2 time intervals from left to right, 

and the fault feature vector 𝑦𝑘 of each time interval is obtained. The formula for 𝑦𝑘 is as follows. 

y
k
={x(k), x(k+1), ⋯, x(k+N-1)} (8) 

where 𝑘 = 1, 2, 3, ⋯ , 𝑁2. 

Determination of fixed-length N. After statistics on the beats of the maximum value of all feature 

signals of all fault severities, it is found that when the maximum value of the fault feature of different 

signals with the same fault severity appears, it is distributed in the time interval of approximately 20 

beats, which is called the maximum value distribution interval, the location of which varies with the 

fault severity. To fuse the maximum value of the fault feature signal of multiple signals, the time 

interval considered in this study is 45 beats long (greater than twice the length of the maximum value 

distribution interval) such that the maximum values of the fault feature signals of different signals are 

located in the same interval. 

② The focus element is defined. Consider the event where a fault occurs in the k-th time interval 

as the focus element 𝐴𝑘 to build the identification framework Θ = {A
1
, A2, ⋯, An}. 

③ Basic probability assignment was achieved. In the D-S evidence theory, a mass function is 

also called a basic probability assignment. According to (9), the mass function of the fault feature 

signals of the main thruster control, lateral thruster control, and yaw angle signals is obtained. 

𝑚(𝐴𝑘) =
𝑑(𝑘)

∑ 𝑑(𝑗)𝑁2
𝑗=1

(9) 

where 𝑑(𝑘) is the maximum value of fault feature vector 𝑦𝑘 in the k-th time interval. 

3) First fusion: based on Dempster’s rule 

As this step is the same as the D-S evidence theory-based fusion method [14,31], the content of 

this step is omitted here. In the first fusion, the mass function of other signals is fused based on the D–

S evidence theory, and the fault feature signal of the surge velocity does not participate in it. 

4) Second fusion  

This step differs from the D-S evidence theory-based fusion method, and its specific content is as 

follows: 

①The fusion mass function 𝑚𝐹(𝐴𝑘) obtained by the first fusion is fused with the surge velocity 

fault feature signal 𝑆(𝑡) for the second time to obtain the fusion fault fusion signal 𝑀𝐹(𝑡). The fusion 

fault feature signal is obtained according to Eqs. (10) and (11). 

𝑀𝐹(𝑡) = 𝑆(𝑡) ∙ 𝜔(𝑡) (10) 
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𝜔(𝑡) = 𝑚𝐹(𝐴1) + ∑[𝑚𝐹(𝐴𝑖+1) − 𝑚𝐹(𝐴𝑖)] ∙ 𝑈(𝑡 − 𝑎𝑖)

𝑛

𝑖=1

(11) 

where 𝑎𝑖 = 𝑁1 ∙ 𝑖；0 < 𝑡 < 𝑁1 ∙ 𝑁2，𝑡 ∈ 𝑁； 𝑈(𝑡) is the unit step function. 

②The maximum value of the fusion fault feature signal 𝑀𝐹(𝑡)  is considered as the thruster 

fusion fault feature F. The formula for F is as follows: 

F = max 𝑀𝐹(𝑡) (12) 

Briefly summarize section 3. Because of the "non-monotonic" problem of the D-S evidence 

theory-based fusion method, this paper proposes an improved feature fusion method based on the D-

S evidence theory, which will be verified experimentally in Section 5. 

4. Fault feature extraction and fusion method 

Based on the methods proposed in Sections 2 and 3, a block diagram of the fault feature extraction 

and fusion method proposed in this study is shown in Figure 3. 

Surge velocity 

signal

Yaw angle 
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Lateral thrust 

control signal

Main thruster 

control signal

Initialization

VMD parameter optimization based on negentropy 

Noise reduction

Fault feature extraction

Surge velocity 

fault feature 
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fault feature 
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Lateral thrust  

fault feature 

signal

Main thruster  

fault feature 
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First feature fusion

Second feature fusion

Fusion fault feature

Original 
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Fault 

feature
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Fault

feature 

signal

Fault 

feature

fusion

 

Figure 3. Flow chart of Fault feature extraction and fusion method. 

According to Figure 3, the specific steps are as follows: 

1) Original signal. The signals studied in this paper are the surge velocity, yaw angle, lateral thrust 

control, and main thruster control signals. 
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2) Initialization. The initial mode number, center frequency, and balancing parameters of VMD 

were determined to obtain the initial mode set. 

3) VMD parameter optimization based on negentropy. First, the negentropy of each mode was 

calculated. The modes were then sorted according to the entropy value. Finally, MTF was used as the 

criterion to obtain the optimal mode number and balancing parameter using the optimization method 

in MVMD. 

4) Noise reduction. First, the original signal was decomposed by VMD according to the optimal 

mode number and balancing parameter. Next, the residual mode was deleted. Finally, the signal was 

reconstructed to achieve noise reduction. 

5) Fault feature extraction. MB method was used to extract the fault feature of the noise reduced 

signal. 

6) First feature fusion. This fusion was based on the D-S evidence theory. First, the focus element 

was determined as the fault occurred in this time interval. Subsequently, a basic probability was 

assigned. Finally, the fusion was based on Dempster’s rule. 

7) Second feature fusion. The fusion mass function of the first feature fusion was fused with the 

surge velocity signal to obtain the fusion fault feature. 

5. Experiments verification 

To verify the effectiveness of the modified fault feature extraction method and improved fault 

feature fusion method, a Beaver II AUV experimental prototype was used to conduct a pool experiment. 

5.1. Experimental setup and original signal 

Beaver II was commanded to track surge velocity with 0.3 m/s in an experiment [14]. Beaver II 

is shown in Figure 4, and the experimental conditions are shown in Figure 5. 

  

Digital Compass

DepthmeterDoppler velocity log             
Beaver IIOcean current simulation 

device  

Figure 4. Beaver II AUV experimental prototype.       Figure 5. Experimental condition. 

The sensor system of Beaver II was composed of a digital compass, Doppler velocity log, and 

depth meter, as shown in Figure 4. The Beaver II propulsion system was composed of six brush 

thrusters, as shown in Figure 6. The surge speed was controlled by thrusters HT3 and HT4. The heading 

was controlled by the thrusters HT1 and HT2. The depth was controlled by thrusters VT1 and VT2. 

The control system was based on a PID controller. 
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Figure 6. Thruster configuration of the Beaver II. 

In the pool experiment, the target velocity of AUV was 0.3 m/s and the control period was 0.2 s. 

The AUV started in a static state and continued to accelerate until it reached the target speed. The AUV 

was then operated in a straight line at the target velocity. From the 250th beat, the soft fault simulation 

method [14] was used to simulate the left main thruster fault until the end of the experiment. The 

following cases with different thruster fault severities were simulated: 5%, 8%, 10%, 20%, 30%, and 

40% loss of effectiveness in a single thruster. The experimental setup is shown in Figure 7. 

Beaver II 
         

(a) Beaver II is moving;                   (b) Beaver II is hovering. 

Figure 7. Pool experimental. 

Assuming the fault with a 5% loss of effectiveness as an example, the four original signals (surge 

velocity, yaw angle, lateral thrust control, and main thruster control signals) are shown in Figure 8. 
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Figure 8. The original signals. 

Analyzing Figure 8, the first 100 beats are the AUV start-up phase, and the velocity is steady at 

0.3 m/s. Because this paper studied the fault diagnosis of the AUV thruster in steady-state operation, 

the start-up phase was ignored [14], that is, the experimental data of 201 to 400 beats were used 

for analysis. 

5.2. Experimental verification of fault feature extraction 

As the modified extraction method is a modified version of the WMB and MVMD-MB methods, 

this section presents a comparative experiment of these three methods to verify the effect of the 

modified extraction method. In addition, the effect of the modified extraction method on serious faults 

is verified. 

5.2.1. Comparison for weak thruster fault 

The modified extraction, MVMD-MB, and WMB methods were used to extract the fault features 

of the four original signals with a weak fault (the loss of effectiveness of the left main thruster was 5%, 

8%, and 10%, respectively). Assuming the surge velocity signal with a 5% loss of effectiveness as an 

example, the fault feature extraction results for each method are shown in Figure 9. 
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Figure 9. Feature extraction results of surge velocity signal with 5% loss of effectiveness.  

To conveniently analyze the problem, the fault feature extraction results of surge velocity signals 

with 5%, 8%, and 10% loss of effectiveness are tabulated in Table 1. 

Table 1. In the case of weak faults, feature extraction results of the surge velocity signal. 

Fault severity  Index WMB MVMD-MB Modified extraction method 

5 % 
Fault feature 3.20 3.10 2.66 

Noise feature 6.04 3.28 2.06 

8 % 
Fault feature 2.73 2.30 2.99 

Noise feature 1.77 1.61 1.80 

10 % 
Fault feature 3.88 3.15 3.56 

Noise feature 3.86 2.90 3.18 

In subsequent fault detection and fault severity identification, the ratio of the fault feature to the 

noise feature was primarily used [12-14,23]. Therefore, the ratio of the fault feature value to the noise 

feature value was determined, as listed in Table 2. 

Table 2. In the case of weak faults, the ratio of the surge velocity signal of each method. 

Fault severity WMB MVMD-MB Modified extraction method 

5 % 0.53 0.95 1.29 

8 % 1.54 1.43 1.66 

10 % 0.99 1.09 1.11 

The data in Table 1 are the fault feature values extracted from the curves in Figure 9. The ratio of 

the fault feature values to the noise feature values in Table 2 can be obtained only from Table 1. The 

data in Table 2 are discussed herein, and the data in Table 1 are for the intermediate process. Therefore, 

instead of analyzing Table 1, Table 2 was analyzed. According to Table 2, this study conducted a 

comparative analysis of the ratio of the fault feature to the noise feature. 

(1) Comparison of the modified extraction and MVMD-MB methods 
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When the loss of effectiveness of the thrusters was 5%, 8%, and 10%, compared with the MVMD-

MB method, the ratio of the fault feature to the noise feature of the modified extraction method 

increased by 35.79%, 16.08%, and 1.83%, respectively.  

(2) Comparison of the modified extraction method and the WMB method 

When the loss of effectiveness of the thrusters was 5%, 8%, and 10%, compared with the WMB 

method, the ratio of the fault feature to the noise feature of the modified extraction method increased 

by 143.40%, 7.80%, and 12.12%, respectively. 

In conclusion, the above experimental results demonstrate that the proposed extraction method 

can identify faults with more than 5% fault severity. The proposed extraction method can effectively 

extract the fault features of weak faults with thruster fault severity between 5% and 10%, whereas 

MVMD-MB and WMB cannot effectively extract the fault features. Moreover, for weak faults with 

fault severities between 5% and 10%, the ratio of fault feature values to noise feature values is 

significantly increased compared with MVMD-MB and WMB, verifying the effectiveness of this 

method in the fault feature enhancement of weak faults. 

5.2.2. Comparison for serious thruster fault 

To verify the effect of the modified extraction method on serious thruster faults, the modified 

extraction, MVMD-MB, and WMB methods were used to extract the fault features of the four original 

signals from the AUV with three different thruster faults, including 20%, 30%, and 40% loss of 

effectiveness. Assuming the surge velocity signal with a 20% loss of effectiveness as an example, the 

fault feature extraction results for each method are shown in Figure 10. 
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Figure 10. Feature extraction results of surge velocity signal with 20% loss of effectiveness. 

Table 3. In the case of serious faults, the ratio of the surge velocity signal of each method. 

Fault severity WMB MVMD-MB Modified extraction method 

20% 2.69 2.59 2.80 

30% 3.10 3.35 3.63 

40% 1.67 4.36 4.40 
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To analyze the problem conveniently, the ratio of the fault feature to the noise feature in the case 

of a serious fault is determined, as shown in Table 3. 

The data in Table 3 were extracted from the curve shown in Figure 10. Therefore, Table 3 was 

analyzed instead of figure 10. According to Table 3, this study conducted a comparative analysis of 

the ratio of the fault feature to the noise feature. 

(1) Comparison of the modified extraction and MVMD-MB methods 

When the loss of effectiveness of the thruster was 20%, 30%, and 40%, compared with the 

MVMD-MB method, the ratio of the fault feature to the noise feature of the modified extraction 

method increased by 8.11%, 8.36%, and 0.92%, respectively.  

(2) Comparison of the modified extraction and WMB methods 

When the loss of effectiveness of the thruster was 20%, 30%, and 40%, compared with the WMB 

method, the ratio of the fault feature to the noise feature of the modified extraction method increased 

by 4.09%, 17.10%, and 221.17%, respectively. 

In conclusion, the above experimental results show that the above three methods can effectively 

extract the fault features of strong faults with a thruster fault severity greater than 10%. However, 

compared with MVMD-MB and WMB, the ratio of fault feature values to noise feature values 

significantly increased for serious faults with fault severities greater than 10%, verifying the 

effectiveness of this method in fault feature enhancement of serious faults. 

5.3. Experimental verification of fault feature fusion 

Because the improved fault fusion method is improved on the D-S evidence theory-based fusion 

and peak region energy methods, this study conducted a comparative experiment of these three 

methods to verify the effect of the improved fusion method proposed in this study. 

Based on the modified extraction method described in Section 4.2, the fault feature signals of the 

four original signals with different fault severities were obtained. Based on the above signals, the 

improved fusion method, the D-S evidence theory-based fusion method, and the peak area energy 

method are used to obtain the fusion fault feature with 5%, 8%, 10%, 20%, 30%, and 40% loss of 

effectiveness. The results are tabulated in Table 4. 

Table 4. Fusion fault feature of thrusters obtained by each fusion method. 

Fault severity 
The D-S evidence theory-

based fusion method 

The peak area energy 

method 

The improved fusion 

method 

5% 0.094 0.794 1.712 

8% 0.110 0.793 2.232 

10% 0.082 0.429 3.119 

20% 0.077 0.969 6.516 

30% 0.087 0.996 7.239 

40% 0.088 0.999 16.010 

To conveniently analyze the problem, the mapping relationship between the fusion fault feature 

and fault severity obtained by the above three methods is shown in table 4, as shown in Figure 11. 
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(b)The Peak Area Energy Method
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(c)The Improved Fusion Method In This Paper  

Figure 11. The mapping relationship between fusion fault feature and fault severity. 

As shown in Figure 11, the monotonic relationship between the fusion fault feature and fault 

severity of each method was analyzed. 

(1) Analysis of the experimental results of the D-S evidence theory-based fusion method 

As shown in Figure 11 (a), for serious faults, the fusion fault features obtained by the D-S evidence 

theory-based fusion method showed a monotonic relationship with fault severity. As indicated by the 

red dotted line in Figure 11 (a), the fusion fault feature of 0.100 corresponded to two fault severities. 

This shows that for weak faults, the fusion fault feature obtained by the D-S evidence theory-based 

fusion method did not show a monotonic relationship with fault severity. Therefore, this method cannot 

solve the non-monotonic problem of weak faults and is only useful for serious faults. 

(2) Analysis of the experimental results of the peak area energy method 

As shown in Figure 11 (b), for serious faults, the fusion fault features obtained by the peak area 

energy method showed a monotonic relationship with fault severity. As shown by the red dotted line 

in Figure 11 (b), the fusion fault feature of 0.2 corresponded to two fault severities. This shows that 

for weak faults, the fusion fault feature obtained by the peak area energy method did not exhibit a 

monotonic relationship with fault severity. Therefore, this method cannot solve the non-monotonic 

problem of weak faults and is only useful for serious faults. 

(3) Analysis of the experimental results of this improved fusion method 

As shown in Figure 11 (c), for all faults with a fault severity greater than or equal to 5%, the 

fusion fault feature obtained by the improved fusion method in this study exhibited a monotonic 

relationship with the fault severity, that is, a fusion fault feature corresponded to a unique fault severity. 
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Therefore, the improved fusion method can solve the non-monotonicity problem of weak faults that 

the D-S evidence theory-based fusion method and peak area energy method cannot solve. 

In conclusion, for serious faults, the above three methods can solve the nonmonotonic problem. 

In the case of a weak fault, if the fault severity is between 5% and 10%, the improved fusion method 

can solve the non-monotonicity problem, whereas the other two methods cannot solve the problem; if 

the fault severity is less than 5%, the above three methods are invalid. Because the thrusters studied in 

this paper belong to rotating machinery, the method in this paper can also be used as a reference for 

weak fault diagnosis of rotating machinery, such as bearings [32–34]. 

6. Conclusions 

In this study, the problem of fault feature extraction and fusion for weak faults in AUV thrusters 

was investigated, including the research on feature enhancement of weak fault feature extraction based 

on MVMD and MB, and research on non-monotonicity of weak fault feature fusion based on D-S 

evidence theory. 

When the thruster has weak faults, the ratio of the fault feature to the noise feature extracted using 

the WMB method is small. Although the MVMD-MB can slightly increase the ratio, the result cannot 

satisfy the requirement of the subsequent fault diagnosis. Therefore, this study proposed a modified 

fault feature extraction method for an AUV thruster. The pool experiment results showed that 

compared with the MVMD-MB and WMB methods, the modified extraction method significantly 

improved the ratio of fault features to noise features for weak faults. The results verified that the 

modified extraction method effectively enhanced fault features. Simultaneously, through experimental 

verification, it was found that the modified extraction method can also be applied to fault feature 

extraction for AUVs with serious thruster faults. 

When the thruster has weak faults, there is a non-monotone relationship between the fusion fault 

feature obtained by the D-S evidence theory-based fusion method, wave peak region energy method, 

and fault severity. To solve this problem, in this paper, an improved thruster fault feature fusion method 

was proposed based on the D-S evidence theory. The pool experiment results of Beaver II showed that 

when the AUV thrusters had weak faults, there was a monotonic relationship between the fusion fault 

feature obtained by the improved fusion method in this study and fault severity.  

This fault extraction and fusion method can identify faults with more than a 5% fault severity. This 

method can help the AUV judge the fault severity in the early stage of a fault, detect the fault in the 

early stage, and take measures in the early stage. It ensures the safety of an AUV and prevents serious 

development of the fault or even loss due to the fault. This method can accelerate the practical 

processing of AUV.  

The data for this experiment were obtained at a fixed current intensity. In future research, we will 

further study the weak fault feature extraction method under different current intensities to adapt to 

complex marine environments. 
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