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Abstract

:

Variational Mode Decomposition (VMD) has typically been used in weak fault feature extraction in recent years. The problem analyzed in this study is weak fault feature extraction and the enhancement of AUV thrusters based on Artificial Rabbits Optimization (ARO) and VMD. First, we introduce ARO to solve the problem of long-running times when using VMD for weak fault feature extraction. Then, we propose a VMD denoising method based on an improved ARO algorithm to address the issue of deteriorations in the fault feature extraction effect after introducing ARO. In this method, chaotic mapping and Gaussian mutation are used to improve ARO to optimize the parameters of VMD. This leads to a reduced running time and improved fault feature extraction performance. We then perform fault feature enhancement. Due to the unsatisfactory enhancement effect of traditional modified Bayes (MB) methods for weak fault features, we introduce energy operators to transform the fault signals into the energy domain for fault feature enhancement. Finally, we add differential processing to the signal to address the issue of certain fault feature values decreasing after introducing energy operators. In the end, the effectiveness of the proposed methods is verified via pool experiments on a “Beaver II” AUV prototype.
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1. Introduction


With the reduction in non-renewable resources on land, the development of marine resources is also gradually accelerating [1,2,3]. Marine development requires equipment. As marine development equipment, autonomous underwater vehicles (AUVs) play an important role in the development of marine resources due to their advantages of flexibility, large operation range, and so on [4,5,6]. AUVs operate in a complex marine environment without cables, and safety is one of the important focuses of AUV research and practical application [7,8,9]. The thruster is the most important power component in AUVs and is also one of the main sources of faults [10]. Studying the fault diagnosis technology used in the thruster has important research significance and practical value in relation to improving the safety of AUVs [11].



Most AUV thruster faults in the early stage are weak faults. If these faults are diagnosed and some safety measures, e.g., fault tolerance or self-rescue, are taken timely, most catastrophes can be avoided [11]. However, the premise of fault diagnosis is extracting the fault features. Due to the low signal-to-noise ratio of weak faults, it is difficult to separate the fault features from the noise interference. Therefore, the weak fault feature extraction of AUV thrusters has become a hot and challenging research topic in the field of weak fault diagnosis of AUV thrusters [12].



The process of thruster fault diagnosis mainly includes fault feature extraction, fault feature fusion, fault location, and fault severity identification [12].



This paper focuses on fault feature extraction for AUVs with weak thruster faults.



In terms of thruster fault feature extraction, the main methods include data-based methods, analytical-model-based methods, etc. [13,14]. Data-driven methods analyze the historical state information of AUVs to extract fault features, making them suitable for time-varying nonlinear systems. Therefore, they have become the mainstream approach to extracting fault features in AUV thrusters in recent years and have been widely used in the field of AUV fault diagnosis [15,16,17]. Typical methods include modified Bayes (MB) and Empirical Mode Decomposition (EMD) [18,19]. The advantages and shortcomings of the MB and EMD methods are summarized in Table 1.



Although both MB and EMD have some shortcomings, they are mostly effective in extracting fault features for strong faults (thrust losses greater than 10%) in AUV thrusters [18,19,20]. For example, in 2015, Zhang, Yin, Liu and Guo [18] fully utilized the excellent performance of MB in feature extraction to enhance the fault features of AUV thrusters. In 2019, Gong, Lv, Wang and Di [19] undertook the fault feature extraction of AUV thrusters using EMD. However, these approaches are not as effective in extracting fault features for weak faults (thrust losses less than 10%) [21]. The reason is that the thrust loss of weak faults is small, the fault feature is weak, the signal-to-noise ratio (SNR) is low, and the fault features are mixed with the frequency of interference signals.



In research on fault diagnosis theory, in 2014, Dragomiretskiy and Zosso [22] from the University of California, Los Angeles, proposed a new signal decomposition method called Variational Mode Decomposition (VMD). This method can adaptively determine the frequency range and amplitude of each mode, achieving the precise decomposition of the signal. This method is based on Wiener filtering, Hilbert transform, frequency mixing, and other methods. It solves a variational problem to determine the center frequency and bandwidth constraints. Then, it identifies the most effective components corresponding to each center frequency in the frequency domain to obtain the modes. This method has advantages in solving the problem of mode mixing between the fault feature signal and interference signal and has attracted attention in the field of fault diagnosis [23,24,25]. VMD has shown outstanding performance in extracting fault features (including weak fault features) for rotating machinery [26]. Yan and Jia [27] made full use of the excellent performance of VMD in feature extraction to realize the fault diagnosis of the bearing outer race. Wu et al. Wu, et al. [28] proposed a method based on VMD cepstrum transformation, which applies VMD to the logarithmic spectrum of vibration signals to realize the fine diagnosis of composite faults of wind turbine gearboxes. In terms of AUV thruster fault feature extraction, in 2019, Feng, et al. [29] used VMD for the fault feature extraction of AUV thrusters and achieved good results.



VMD faces difficulties in selecting the parameters K (number of modes) and α (balance parameter) during its application. The selection of K and α directly affects the effectiveness of fault feature extraction. For different fault diagnosis objects, there is no uniform and appropriate method for selecting the parameters K and α. For the fault feature extraction of rotating machinery, in 2020, Zhao, et al. [30] proposed an adaptive parameter selection method based on permutation entropy, called MVMD. This method constructs a target formula based on the permutation entropy and iteratively selects the optimal parameters K and α. The method has a strong noise reduction capability and achieves better results in the fault diagnosis of rotating machinery such as bearings.



In 2022, we applied VMD for the first time to extract weak fault features of AUV thrusters [20]. In response to the unique underwater environment of AUVs, a modified MVMD method was proposed in [20] to select parameters K and α, which is based on negative entropy, and iteratively selects the optimal parameters K and α. The experimental results show that, for thruster weak faults, the method in reference [20] has good feature extraction effectiveness, especially in noise reduction. However, the problem is that the algorithm takes a long time (about 300 s). The reason for the long running time of the algorithm is the presence of multiple nested loops in the parameter optimization process, which leads to a slower convergence rate. Therefore, new intelligent optimization algorithms need to be investigated.



In 2022, Wang, et al. [31] proposed a new intelligent optimization algorithm, called Artificial Rabbits Optimization (ARO), which has the advantages of good convergence and a fast convergence rate.



We introduce the ARO algorithm to address the issue of the long runtime in the method proposed in reference [20] to optimize the parameters K and α in VMD based on the ARO algorithm. In the study, it was found that the ARO algorithm can effectively reduce the running time, but the convergence accuracy of the parameters K and α is low, resulting in the poor noise reduction effect of VMD, i.e., low SNR.



This paper proposes a noise reduction method (IARO-VMD) based on VMD with the improved ARO to address the above problems. This method utilizes chaotic mapping and Gaussian mutation to improve the ARO algorithm for optimizing parameters K and α in VMD. The purpose is to reduce the running time of the VMD-based noise reduction method proposed in reference [20] and obtain better convergence accuracy for parameters K and α, thereby improving the noise reduction effect. Comparative experiments are conducted to validate the proposed method.



The main focus of the above fault feature extraction approach is noise reduction. Afterward, fault feature enhancement needs to be performed. When we apply the classic fault feature enhancement method, the MB method, to enhance signals such as surge velocity signal and yaw angle signal, we encounter the following issue: for weak faults, although the MB method can enhance the fault feature, the effect of fault feature enhancement is not satisfactory. Therefore, further enhancement of fault features is needed to provide larger fault feature values for subsequent fault severity identification.



This paper proposes a weak fault feature enhancement method (EO-MB) based on the energy operator and MB to address the above problems. This method realizes the further enhancement of the weak fault features by converting and processing the fault feature signals in the time and energy domains. Corresponding improvements have been proposed to deal with the new problems caused by the introduction of the energy operator. Finally, a comparative experiment has been conducted to validate the proposed method.



In summary, this study makes the following contributions:




	(1)

	
In this paper, we propose a noise reduction method called IARO-VMD, which is based on the improved ARO and VMD. This method combines ARO and VMD for the first time to extract weak fault features of AUV thrusters and reduce the running time. To further enhance the performance of the ARO method in extracting weak fault features of AUV thrusters, we employ chaotic mapping and Gaussian variational methods;




	(2)

	
In this paper, we propose a method for enhancing weak fault features by combining the energy operator and MB. In this method, we first apply the energy operator to process the fault feature signals and transform them into the energy domain, thereby increasing the significance of the fault feature. Then, MB is used to analyze and model the signals in the energy domain more accurately, further enhancing the weak fault feature. Finally, we propose appropriate improvement methods to solve the new problem introduced by the energy operator.









The rest of the paper is organized as follows: In Section 2, the proposed IARO-VMD is illustrated. In Section 3, the proposed EO-MB is illustrated. In Section 4, the experimental validation of these two methods is conducted. Finally, conclusions are drawn in Section 5.




2. The IARO-VMD Method


We used the ARO algorithm to solve the problem of the long-running time required by the noise reduction method for AUV thruster fault signals, which is based on the VMD mentioned in reference [20]. However, it was found that although the ARO algorithm can effectively reduce the running time, the noise reduction effect is poor. Therefore, to solve this problem, an improved ARO optimization algorithm based on chaotic mapping and Gaussian variation is proposed in this section.



In this section, firstly, the reason for the long-running time when de-noising AUV thruster fault signals based on VMD is analyzed. Next, the problems that arise after introducing the ARO algorithm to solve the issue of the long-running time in VMD are analyzed, as are the reasons behind these problems. Finally, the improvement of the IARO-VMD method is outlined.



2.1. The Reason for the Long Running Time When De-Noising AUV Thruster Fault Signals Based on VMD


In the process of designing the optimization algorithm for noise reduction in AUV thruster fault signals based on VMD, three nested loops are used to achieve the required accuracy. The first loop is for the parameter α value, the second loop is for the parameter K value, and the third loop is for parameter K optimization. To ensure accuracy, the range of values for K and α is large. However, the large parameter range and the excessive number of loop iterations result in a long-running time when using the VMD algorithm to de-noise AUV thruster fault signals.




2.2. Analyzing the Problems That Exist and Their Reasons after Introducing the ARO Algorithm to Address the Issue of Long Running Time in the VMD Method


In 2022, Wang et al. [31] proposed a new intelligent optimization algorithm called ARO. This algorithm simulates the strategies of rabbits in the process of searching for food by continuously adjusting the search direction and search distance to find the optimal solution. It has the advantages of good convergence and fast convergence speed. It has been successfully applied in the field of rotating machinery fault diagnosis [32,33].



To address the problem of long runtime, we introduce the ARO algorithm, building up the method in reference [20].



When using the ARO algorithm to optimize VMD parameters and then using VMD for noise reduction, we found the following issues:



The above method can effectively reduce the running time of the algorithm (the running time is reduced by about 90%), but the noise reduction effect becomes worse.



The reasons are as follows:




	(1)

	
The ARO method initializes the rabbit population using uniformly distributed random numbers, which lack randomness and traversal, leading to a tendency to fall into local optimal solutions;




	(2)

	
In the later stage of iteration, there is no mechanism to escape from local optimal solutions, making it difficult to obtain the global optimal solution. When using the traditional ARO method to calculate fitness and update the position, each rabbit tends to update its position with another randomly selected rabbit in the population. This method uses random numbers that follow a standard normal distribution to increase perturbation as a way to enhance global search capabilities and avoid local optima. However, in the later stages of iteration, all search individuals cluster in a smaller region, and this setting precludes effective escape from local optima.










2.3. Improvements of the Proposed Method


This subsection describes improvements to the traditional ARO method. The flowchart of the VMD noise reduction method based on the traditional ARO is shown in Figure 1a, and the flowchart of the VMD noise reduction method based on the improved ARO method is shown in Figure 1b.



Combining Figure 1a,b, we can derive the improved ARO method, the main concept of which is reflected in the following two points.



Improvement (1): Improve the method of initializing population positions.



The method for the initialization of population positions under the traditional ARO method is shown in Figure 1a. This method is generated by a uniform distribution random number generator, which lacks randomness and quickly falls into the local extremum.



The improved method of initializing population positions is shown in Figure 1b. In this method, a Piecewise chaotic map is used to initialize the population positions. Piecewise chaotic mapping can generate populations with greater randomness and diversity, thereby greatly reducing the probability of falling into local extremes.



The purpose of this paper is to address the time consumption of the VMD denoising method in reference [20] by improving the global search capability and convergence rate. Piecewise chaotic maps have the advantages of strong randomness and high diversity, which can enhance the global search capability and accelerate the convergence rate. This method has been successfully applied in the field of optimization [34,35]. Therefore, Piecewise chaotic maps are introduced into the initialization population in this study.



There are various types of chaotic maps, such as the tent map and the logistic map. The reason for choosing Piecewise chaotic maps in this study is because they are simple and easy to implement, have a fast computation speed, adjustable parameters, and a wide scope of application.



Improvement (2): Add a mechanism to escape local optimal solutions in the later stages of iteration.



From Figure 1a,b, it can be seen that the improved ARO method described in this paper adds an additional step after the “Calculate Fitness and Update Positions” step, differentiating it from traditional methods. This step is called “Population Adjustment based on Tent Chaotic Mapping and Gaussian Mutation”. The starting points for adding this step are as follows:



After calculating the fitness and updating the position, this study first performs population adjustment based on Tent chaos mapping and Gaussian mutation. This solves the problem of determining the local optimal solutions in the later stages of iteration. Finally, this study updates and finds the current best solution.



Gaussian variation shows a small probability of moving the rabbit away from its current location, thereby increasing the likelihood of escaping from local optima. Tent chaos mapping can update the rabbit’s position to a region far away from its current location, thereby avoiding repeated trapping in the same area and increasing the chance of escaping from local optima.




2.4. Implementation of the Proposed Method


Combined with Figure 1b, the specific implementation process of the proposed IARO-VMD method is explained. In this subsection, the improvements of the proposed method are highlighted, and the same steps as in the traditional method are briefly explained.



(1) Initialize the rabbit population positions based on Piecewise chaotic mapping



This step is an improvement offered by this study and is described in detail below.



The parameters K and α of the VMD are initialized by Piecewise chaotic mapping to generate an initial solution covering the entire search space.



The formula of the Piecewise chaotic map is as follows [36]:


  x  (  t + 1  )  =  {        x  ( t )   p  , 0 ≤ x  ( t )  < p         x  ( t )  − p   0.5 − p   , p ≤ x  ( t )  < 0.5         1 − p − x  ( t )    0.5 − p   , 0.5 ≤ x  ( t )  < 1 − p         1 − x  ( t )   p  , 1 − p ≤ x  ( t )  < 1        



(1)




where 0 < p < 0.5 and p = 0.4 is established; x(t) denotes the iteration value, and x(1) is a random value.



(2) Calculating fitness and updating positions



This step contains the same processes as the traditional ARO [31] and is briefly outlined below.



The exploration and exploitation processes are performed, the fitness is calculated, and the position is updated. The specific content is the same as in the ARO method and will not be repeated here.



(3) Population adjustment based on Tent chaotic mapping and Gaussian variation



This step contains an improvement offered by this study and is described in detail below.



Let fi be the fitness function value of the i-th rabbits and fa be the average of the fitness function values of the population. The position is determined and updated in the following way:




	(a)

	
If fi < fa, indicating the occurrence of “convergence”, Gaussian mutation is performed. If the fitness function value of the new position is lower than the old position, the position is replaced.




	(b)

	
If fi ≥ fa, indicating the occurrence of “divergence”, Tent chaotic mapping is performed. If the fitness function value of the new position is lower than the old position, the position is replaced.









Gaussian mutation is intended to add a random vector obeying a Gaussian distribution to the state of the original individual. Gaussian mutation is defined as follows:


  G = X ×  [  1 + σ N  (  0 , 1  )   ]   



(2)




where X denotes the original position of the rabbit, σ N (0, 1) denotes a random number that follows a Gaussian distribution with mean 0 and variance 1, and G denotes the mutated position of the rabbit.



The formula for the Tent chaotic mapping is [37]:


  x  (  t + 1  )  =  {        x  ( t )   p  , x < p         1 − x  ( t )    1 − p   , p < x ≤ 0        



(3)




where x(t) denotes the value of the t-th iteration, and p takes on a random value in the range of (0, 1).



(4) Obtaining the optimal parameters



This step is the same as that in the traditional ARO [31], and its process is briefly outlined below.



Via iteration and comparison, the optimal parameters K and α of the VMD are obtained.



(5) Noise reduction based on VMD



Based on the optimization parameters obtained in step (4), the signal is decomposed by VMD. This step is the same as that in the VMD-based noise reduction method in reference [20] and will not be repeated.



After the VMD decomposition, the modes with the highest noise content are removed, and the remaining modes are reconstructed as denoise signals.





3. The EO-MB Method


The focus of fault feature extraction described in Section 2 is on noise reduction. After that, fault feature enhancement is needed. The classical method for fault feature enhancement is MB [18,21]. For strong AUV thruster faults with a large degree of thrust loss, the fault feature enhancement of the MB method is very effective and can generally satisfy the requirements of subsequent fault severity identification. However, for weak AUV thruster faults, the fault feature enhancement effect of the MB method is not satisfactory, and the enhanced fault feature values are still relatively small. Therefore, further enhancement of fault features is required to provide larger fault feature values for the subsequent weak fault severity identification. In this section, a weak fault feature enhancement method based on energy operators and MB is proposed.



In this section, the reasons why the MB method has an unsatisfactory enhancement effect on weak fault features are first briefly analyzed. Then, we analyze the problems that arise after the introduction of energy operators and their causes. Finally, the steps for the improvement and implementation of the proposed EO-MB method are explained.



3.1. Problems of MB


The reasons for the unsatisfactory enhancement effect of the MB method on weak fault features are as follows.



When weak faults occur, the changes in the signal caused by the faults are very small and show little difference from noise and other interferences. Although the method in Section 2 reduces the influence of noise and other interferences, it still does not significantly enhance the weak fault features obtained based on the MB method.




3.2. Introduction of Energy Operator


(1) Introducing energy operator



In recent years, energy operators have attracted attention and found applications in the weak fault diagnosis of rotating machinery [38,39]. Energy operators convert signals from the time domain to the energy domain through nonlinear transformations. They are sensitive to signal changes, enhance the transient characteristics of signals, and quickly track signal changes. We introduce energy operators into the MB method to solve the problem of the unsatisfactory enhancement effect of weak fault features in AUV thrusters using the MB method.



(2) Problems arising after introducing the energy operator



Here, we introduce an energy operator into the MB method. After fault feature extraction and before fault feature enhancement using the MB method, signal processing based on the energy operator is performed to transform the signal from the time domain to the energy domain. This enhances the transient characteristics of the signal. The aim is to further improve the weak fault feature enhancement effect of the MB method.



After introducing the energy operator, the problem discovered is that, for velocity signals, the introduction of energy operators can improve the enhancement of weak fault features using the MB method. However, for the yaw angle signal, lateral thruster control signal, and main thruster control signal, the introduction of energy operators reduces the enhancement effect.



(3) Analysis of the causes of the above problems



The energy operator can reflect instantaneous changes in energy. However, after a fault occurs, the changes in the yaw angle signals, as well as the main thruster control voltage signals and lateral thruster control voltage signals, are relatively gradual and small in magnitude. This makes it difficult for the energy operator to effectively enhance the transient characteristics at the moment of fault occurrence, ultimately leading to a weak effect of the MB method on the weak fault feature enhancement of signals such as the yaw angle signal.



(4) Ideas for improved methods in this study



Based on the above analysis, to increase the variation of the yaw angle signal, lateral thruster control signal, and main thruster control signal, here, after a weak fault occurs, these signals are firstly differentiated, and then signal enhancement based on an energy operator is carried out.




3.3. Methods in This Study


(1) The process and improvement of the proposed method



A flowchart of the traditional MB method is shown in Figure 2a, and a flowchart of the EO-MB method used in this study is shown in Figure 2b.



In the combination of Figure 2a,b, the potential improvements of the proposed weak fault feature enhancement method are illustrated, as reflected in the following two points.



Improvement (1): Introducing energy operator



The traditional method uses MB to directly enhance the weak fault features of all de-noised input signals, as shown in Figure 2a.



In this study, after the “noise reduction using improved ARO-based VMD” step, an additional step of “signal processing using energy operator” is introduced, as shown in Figure 2b.



Improvement (2): Adding a step of “signal differentiation processing”



To solve the problem of the poor performance of the yaw angle, lateral thruster control, and main thruster control signals, a “signal differentiation processing” step is added before the “energy operator signal processing” for these signals, as shown in Figure 2b.



(2) Specific implementation steps of the proposed method



In Figure 2b, the specific implementation process of this method is explained. This subsection focuses on the improvements of this method while briefly explaining the steps that are consistent with those in the traditional MB method.



(a) Noise reduction based on IARO-VMD



This step employs the noise reduction method proposed in Section 2. Here, we will briefly describe its process.



The surge velocity, main thruster control voltage, lateral thruster control voltage, and yaw angle signals are de-noised by the IARO-VMD method, a VMD noise reduction method based on the improved ARO proposed in Section 2.



(b) Signal differential processing



This step is one of the improvements of this study and is described in detail as follows.



The yaw angle signal, lateral thruster control signal, and main thruster control signal are differentiated to obtain their respective differential signals. The differential equations are as follows:


  Δ x  ( t )  = x  ( t )  − x  (  t − 1  )   



(4)




where ∆x denotes a differential signal, and x(t) denotes the denoised value at the t-th moment.



(c) Signal processing based on energy operator



This step is one of the improvements of this study and is described in detail as follows.



The energy operator expression is used to convert the surge velocity signal, the yaw angle differential signal, the lateral thruster control differential signal, and the main thruster control differential signal to the energy domain, respectively. This results in their corresponding energy operator signals.



The energy operator signals for each signal can be calculated by the following expressions [39]:


  T  [  s v  ( n )   ]  =    [  s v  ( n )   ]   2  − s v  (  n + 1  )  ⋅ s v  (  n − 1  )   



(5)






  T  [  y a  ( n )   ]  =    [  y a  ( n )   ]   2  − y a  (  n + 1  )  ⋅ y a  (  n − 1  )   



(6)






  T  [  l t  ( n )   ]  =    [  l t  ( n )   ]   2  − l t  (  n + 1  )  ⋅ l t  (  n − 1  )   



(7)






  T  [  m t  ( n )   ]  =    [  m t  ( n )   ]   2  − m t  (  n + 1  )  ⋅ m t  (  n − 1  )   



(8)




where   s v  ( n )    denotes the value of surge velocity signal at the n-th moment,   y a  ( n )    denotes the value of yaw angle differential signal at the n-th moment,   l t  ( n )    denotes the value of lateral thruster control differential signal at the n-th moment,   m t  ( n )    denotes the value of main thruster control differential signal at the n-th moment,   T  [  s v  ( n )   ]    denotes the value of energy operator signal for surge velocity signal at the n-th moment,   T  [  y a  ( n )   ]    denotes the value of energy operator signal for yaw angle differential signal at the n-th moment,   T  [  l t  ( n )   ]    denotes the value of energy operator signal for lateral thruster control differential signal at the n-th moment,   T  [  m t  ( n )   ]    denotes the value of energy operator signal for main thruster control differential signal at the n-th moment.



(d) Weak fault feature enhancement based on the MB method



This step is part of the traditional fault feature enhancement method [20], which is briefly described below.



The MB method is used for weak fault feature enhancement to extract the fault feature value.





4. Experiment Verification


The IARO-VMD method is proposed in this study to address the issue of the long-running time of the denoising method based on VMD in reference [20]. The EO-MB method is proposed to tackle the problem of the unsatisfactory enhancement of the weak fault features of the MB. In this section, experiments are conducted to validate these two methods.



In Section 4.1, the experimental environment is briefly introduced. In Section 4.2, the effectiveness of IARO-VMD is verified. In Section 4.3, the effectiveness of EO-MB is verified.



4.1. Experimental Environment


“Beaver II” was directed to track the surge velocity of 0.3 m/s in the experiment. “Beaver II” is shown in Figure 3, and the experimental conditions are shown in Figure 4 [18].



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 from a static state and continued to accelerate until it reached the target speed. Then, the AUV operated in a straight line at its target velocity. From the 250th beat, the fault soft simulation method was used to simulate the left main thruster fault until the end of the experiment [18]. Different cases of thruster fault severity were simulated, including 10%, 8%, and 5% thrust loss in one thruster.




4.2. Experiment Verification of IARO-VMD


The noise reduction method based on VMD in reference [20] has a good noise reduction effect, but it is time-consuming. Therefore, in this study, ARO is introduced to reduce the running time. However, after the introduction of ARO, the running time is reduced, but the noise reduction effect is compromised. Consequently, this study proposes IARO-VMD, which aims to reduce the running time and improve the noise reduction effect simultaneously. Therefore, in this section, the following three methods are compared and experimentally validated: the noise reduction method based on VMD in reference [20], the VMD noise reduction method with the introduction of ARO, and the proposed IARO-VMD method.



In Section 4.2.1, the effectiveness of the proposed IARO-VMD method in noise reduction and running time reduction is verified. In Section 4.2.2, the effects of the two proposed improvements (see Section 2.3) are explained in detail.



4.2.1. Effectiveness of IARO-VMD in Noise Reduction and Running Time Reduction


In this section, comparative experiments were conducted on the noise reduction effects and algorithm running time for fault severities of 10%, 8%, and 5%. The VMD-based method described in reference [20], the VMD-based method with the inclusion of ARO, and the proposed IARO-VMD method were tested in comparison experiments. The above three methods were applied to noise reduction, and a noise reduction effect diagram was obtained. References [28,29,30] focus on rotating machinery. However, in this study, the diagnosis of the thruster is based on the force generated by propeller rotation in order to propel the AUV forward, which falls outside the scope of rotating machinery. Therefore, the methods proposed in references [28,29,30] cannot be directly applied to the subject of this study.



We conducted noise reduction experiments on the surge velocity signal, yaw angle signal, lateral thruster control signal, and main thruster control signal. The noise reduction effect taking the surge velocity signal with a fault severity of 10%, as an example, is shown in Figure 5.



To analyze the problem conveniently, the noise reduction effects and running times of surge velocity signals with all levels of fault severity are summarized in Table 2. The parameter for measuring the noise reduction effect is SNR [40,41]. SNR refers to the ratio between the power of the denoised signal and the power of the noisy signal, which is described as:


  SNR =    P   denoised   signal       P   noise   signal       



(9)




where Pdenoised signal and Pnoise signal are the power of the denoised signal and the power of the noise signal, respectively.



The formula for the power of a signal is as follows:


  P =  1 N      ∑  n = 1  N   x  ( n )     2   



(10)




where N is the length of the discrete signal x(n).



Next, we will compare and analyze the data presented in Table 2.



(1) Analyze the effectiveness of the VMD-based method with the introduction of ARO.



Firstly, the effect of the VMD-based method in reference [20] is briefly described. The method proposed in reference [20] is to reduce the noise of the AUV thruster fault signal based on VMD. As Table 2 shows, for different degrees of fault severity, the SNR ranges from approximately 36.18 to 38.06. Overall, the noise reduction effect of this method is quite good. However, the running time of this method ranges from 302.2 s to 420.3 s, which is relatively long.



Secondly, the VMD-based method with ARO is analyzed. As shown in Table 2, for different fault severities, the running time is about 34 s, which is about 90% lower than that of the VMD-based method in reference [20]. The running time of the algorithm is affected by the computer hardware used, making the time reduction more meaningful. This reflects the effectiveness of introducing ARO to reduce running time. However, overall, the SNR will be affected by the reduction. For faults with a severity of 8% and 5%, the SNR decreases by about 9.30% and 5.05%, respectively. For faults with a severity of 10%, the SNR slightly increases (2.68%).



(2) Analyze the effectiveness of the IARO-VMD method.



The IARO-VMD method is proposed to solve the problem of SNR reduction in the VMD-based noise reduction method with ARO. As can be seen from Table 2, the SNR of the IARO-VMD method increases significantly. For different levels of faults, it increases by approximately 9.16% to 10.85%, proving that IARO-VMD can effectively improve the noise reduction effect and increase the SNR. In terms of the running time, for different fault severities, the time consumed by IARO-VMD ranges from 32.5 to 36.6 s, and the time consumed using the original ARO method ranges from 33.2 to 35.7 s. The two values are very close to each other, with a small difference. Overall, the proposed IARO-VMD method can effectively improve the noise reduction effect, and the running time is basically the same.



(3) A comparative analysis of effectiveness is conducted between the IARO-VMD- and VMD-based methods in reference [20].



As shown in Table 2, IARO-VMD reduces the running time by approximately 89.25–91.30% and increases the SNR by approximately 5.25–12.27% for different degrees of severity of fault. This proves that IARO-VMD not only solves the problem of excessive running time in the VMD-based method in reference [20] but also significantly improves the SNR.



(4) Comparison of computation load (runtime) of various methods.



Table 2 shows the runtimes of the method proposed in reference [20] (302.2–420.3 s), the VMD denoising method with ARO (32.2–35.7 s), and the VMD denoising method with improved ARO (32.5–36.6 s). When comparing the runtimes, we can make the following observations.



	(1)

	
The running time of the VMD-based method with the introduction of ARO is about 10% of that of the method proposed in reference [20]. This indicates that the introduction of the ARO method can effectively reduce the running time.




	(2)

	
The runtime of IARO-VMD is comparable to that of the VMD-based method with the introduction of ARO, with a negligible difference. This suggests that the improvement of ARO in this study does not introduce a significant increase in the computation load of the ARO algorithm.




	(3)

	
The runtime of IARO-VMD is approximately 10% of that of the method proposed in reference [20]. This indicates that IARO-VMD effectively addresses the issue of the long runtime of the method proposed in reference [20].







Based on the above analysis, it can be concluded that IARO-VMD not only addresses the issue of the long runtime of the method proposed in reference [20], but it also enhances noise reduction.




4.2.2. The Respective Effects of Improvement (1) and Improvement (2)


In Section 2.3, the two improvements of IARO-VMD are outlined. To illustrate the effects of each improvement, this subsection conducts experimental verification.



Improvement (1) and Improvement (2) of IARO-VMD are intended to reduce the noise of surge velocity signals with fault severities of 10%, 8%, and 5%, respectively. Taking the surge velocity signal with 10% fault severity as an example, the noise reduction effects when only using Improvement (1) and when only using Improvement (2) in IARO-VMD are shown in Figure 6.



From Figure 6, it can be seen that both Improvement (1) and Improvement (2) achieved good noise reduction effects. Moreover, only using Improvement (1) resulted in smoother curves, larger peaks, and smaller fluctuations, indicating that only using Improvement (1) has a better noise reduction effect. In order to further compare and discuss the respective effects of the two improvements, we have compiled the noise reduction effects (SNR) on all levels of fault severity into Table 3.



An analysis of Table 3 can be undertaken as follows:



Firstly, the effect of only using Improvement (1) is analyzed. Overall, the noise reduction effect when only using Improvement (1) is slightly improved, but the effect is not significant. When the fault severity is 10% and 8%, the SNR increases by 2.88% and 9.13%, respectively. However, when the fault severity is 5%, the SNR decreases by 0.8% and 1.02%.



Secondly, the effect of only using Improvement (2) is analyzed. For any fault severity, the SNR increases by 1.43% to 9.69% when using only Improvement (2), demonstrating the effectiveness of Improvement (2) in improving the noise reduction effect.



Thirdly, a comparative analysis is conducted between the effectiveness of IARO-VMD with Improvement (1) and Improvement (2) and its effectiveness with only Improvement (1). The SNR of IARO-VMD increases by approximately 0.02% to 14.13%, indicating that the noise reduction effect of the proposed IARO-VMD method is superior to that when using only Improvement (1).



Finally, a comparative analysis is conducted between the effectiveness of IARO-VMD with Improvement (1) and Improvement (2) and its effectiveness when using only Improvement (2). Overall, the noise reduction effect of IARO-VMD was found to be better than when using only Improvement (2). When the fault severity was 10% and 5%, the SNR of IARO-VMD increased by approximately 15.76% and 3.15%, respectively, while it remained basically the same (decreased by 0.48%) when the fault severity was 8%.



The above experimental results indicate that both Improvements (1) and (2) have certain effects when used individually. However, when applied together, the proposed IARO-VMD method, composed of Improvement (1) and Improvement (2), achieves better noise reduction and SNR improvement.





4.3. Experimental Verification of EO-MB


To address the problem of the poor enhancement effect of the MB method on weak fault features, the energy operator is introduced. To address the issue of the reduced enhancement effect on the yaw angle, lateral thruster control, and main thruster control signals caused by the introduction of the energy operator, we propose a method called EO-MB in this study. Therefore, in this subsection, comparative experiments are conducted to verify the weak fault feature enhancement effect of this EO-MB method on the surge velocity signal, yaw angle signal, lateral thruster control signal, and main thruster control signal, respectively.



In Section 4.3.1, the weak fault feature enhancement effect of this EO-MB method on the surge velocity signal is verified. In Section 4.3.2, the enhancement effect of this EO-MB method on the yaw angle, lateral thruster control, and main thruster control signals is verified.



4.3.1. Weak Fault Feature Enhancement Effect of Surge Velocity Signal


Comparative experiments are conducted here on the weak fault feature enhancement effects on surge velocity signals with fault severities of 10%, 8%, and 5% when using traditional MB methods and the proposed method. Taking the surge velocity signals with a fault severity of 10% as an example, the weak fault feature enhancement effect is shown in Figure 7.



In Figure 7, the peak value of the proposed method is significantly higher than that of the traditional MB method. This proves that the proposed method has a stronger feature enhancement effect on the surge velocity signal with 10% fault severity than the traditional MB method. In order to further compare and discuss the weak fault feature enhancement effects of the proposed method and the traditional MB method, we have compiled the weak fault feature enhancement effects on surge velocity signals with all degrees of fault severity in Table 4. The parameter for measuring the enhancement effect of weak fault features is the fault feature value. The fault feature value refers to the maximum value of the fault feature signal obtained by MB.



In Table 4, the percentage of increase in the fault feature value represents the percentage of increase in the fault feature value of EO-MB compared to the fault feature value of the traditional MB method. For example, 14.2% = (3.63 − 3.18)/3.18 × 100%.



As shown in Table 4, for the surge velocity signals, the proposed weak fault feature enhancement method is effective for weak faults of any severity, with an increase of 1.9–30.3%. However, for weak faults with a thrust loss of 5%, the fault severity is so low that the enhancement achieved by the proposed method is limited. The running time of this method is between 32.7 s and 39.6 s, and the running time of the IARO-VMD method proposed in Section 2 is between 32.5 and 39.6 s; that is, they are basically the same. In summary, the proposed method improves the effect of fault feature enhancement while maintaining a similar running time.




4.3.2. Weak Fault Feature Enhancement Effect of the Yaw Angle Signal, Lateral Thruster Control Signal, and Main Thruster Control Signal


In this section, comparative experiments were conducted on the weak fault feature enhancement of the yaw angle signal, lateral thruster control signal, and main thruster control signal with fault severities of 10%, 8%, and 5%. The traditional MB method, the method employing the energy operator alone, and the proposed method (adding differential and energy operators) were used for the comparative experiments. Taking the yaw angle signal with a fault severity of 10% as an example, the weak fault feature enhancement effect is shown in Figure 8.



In Figure 8, the peak value of the proposed method is significantly greater than that of the employing energy operator alone and equal to the peak value of the traditional MB method. This indicates that for the yaw angle signal with 10% fault severity, adding the signal differential processing can solve the problem of the fault feature values obtained by employing the energy operator alone being lower than those obtained by the traditional MB method. In order to further compare and discuss the weak fault feature enhancement effect of the proposed method after adding the differential processing step, we have compiled the weak fault feature enhancement effects on all degrees of fault severity of the yaw angle signal, the main thruster control voltage signal, and the lateral thruster control voltage signal into Table 5, Table 6 and Table 7, respectively.



Taking the yaw angle signal with a fault severity of 5% as an example, it can be seen from Table 5 that when only the energy operator is added, the fault feature decreases instead of increasing from 1.65 to 1.08. However, in this study, after signal processing using differential and energy operators, the fault feature increases to 1.71, which is an improvement of 3.6% compared with the traditional MB method. From Table 6 and Table 7, it can be seen that the fault features of the main thruster control signal and the lateral thruster control signal are enhanced in the same way as the yaw angle signal, according to the proposed method. The running times of these algorithms are similar to that in Table 4. The experimental results reflect the effectiveness of this method.






5. Conclusions


This study addresses weak fault feature extraction for AUV thrusters. First, we introduce ARO to solve the problem of the long-running time when using the noise reduction method based on VMD in reference [20]. Then, we propose a VMD denoising method based on an improved ARO algorithm, called IARO-VMD, to address the issue of deteriorations in the fault feature extraction effect after introducing ARO. In this method, the chaotic mapping and Gaussian mutation are used to improve ARO and, thus, optimize the parameters of VMD. This leads to a reduced running time and improved fault feature extraction performance. Finally, the pool experiment results of the “Beaver II” AUV prototype show that for weak faults of the AUV thrusters, with thrust losses of 10%, 8%, and 5%, the running time of the proposed IARO-VMD method is reduced by 89.25%, 91.30%, and 91.12%, respectively. At the same time, the fault feature extraction effect is improved by 12.27%, 8.15%, and 5.25%, respectively. The experimental results verify the effectiveness of the IARO-VMD method.



We also studied weak fault feature enhancement for AUV thrusters. After extracting weak fault features of the AUV thruster, it is necessary to enhance the fault features. First, in this study, a weak fault feature enhancement method, called EO-MB, based on energy operators and MB, is proposed to address the issue of the unsatisfactory enhancement effects of the traditional MB method. We then add differential processing to the signal to address the issue of certain fault feature values decreasing after introducing energy operators. Finally, the pool experiment results of the “Beaver II” AUV prototype show that, for weak faults of the AUV thrusters with thrust losses of 10%, 8%, and 5%, compared to the traditional MB method, the proposed EO-MB method imparts the following enhancements:



The surge velocity signal is enhanced by 14.2%, 30.3%, and 1.9%.



The yaw angle signal is enhanced by 0.00%, 17.37%, and 3.64%.



The main thruster voltage signal is enhanced by −1.56%, 35.15%, and 26.05%.



The lateral thruster control signal is enhanced by 1.69%, 30.80%, and 16.30%.



To sum up, the experimental results verify the effectiveness of this method.



Due to factors such as the high complexity of the algorithms, the large data volume required, and the substantial time requirements, the proposed method may induce a significant time lag when used for real-time fault diagnosis. We will continue to try to optimize the implementation of this algorithm so as to reduce the runtime and meet all requirements.
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Figure 1. Comparison of the flowcharts of two methods: (a) The flowchart of the VMD noise reduction method is based on the traditional ARO. (b) The flowchart of the VMD noise reduction method is based on the improved ARO method. 
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Figure 2. Comparison of the flowchart of two methods: (a) flowchart of the traditional MB method and (b) flowchart of the EO-MB method in this study. 






Figure 2. Comparison of the flowchart of two methods: (a) flowchart of the traditional MB method and (b) flowchart of the EO-MB method in this study.



[image: Jmse 12 00455 g002]







[image: Jmse 12 00455 g003] 





Figure 3. Beaver II AUV experimental prototype. 
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Figure 4. Experimental condition. 
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Figure 5. Noise reduction effect of surge velocity signal with 10% fault severity; Yu et al. (2022) [20]. 
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Figure 6. Noise reduction effect of using only Improvement (1) and Improvement (2). 
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Figure 7. Effect of the weak fault feature enhancement on surge velocity signal with 10% fault severity. 
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Figure 8. Weak fault feature enhancement effect on yaw angle signal with fault severity of 10%. 
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Table 1. The advantages and shortcomings of MB and EMD.
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	Method
	Advantage
	Shortcoming





	MB
	Low complexity

Insensitive to outliers in data
	Susceptible to noise

Susceptible to data quality



	EMD
	Simple and easy to understand

Adaptive decomposition

Analyzable nonlinear and non-stationary signal
	Mode mixing

Susceptible to noise

Sensitive to outliers in data










 





Table 2. Comparison of noise reduction effects (SNR) and running times of different methods.
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Fault

Severity

	
The VMD-Based Method in Reference [20]

	
The VMD-Based Method with the Introduction of ARO

	
IARO-VMD




	
SNR

	
Running Time (s)

	
SNR

	
Running Time (s)

	
SNR

	
Running Time (s)






	
10%

	
36.18

	
302.2

	
37.15

	
10%

	
36.18

	
302.2




	
8%

	
36.58

	
420.3

	
36.24

	
8%

	
36.58

	
420.3




	
5%

	
38.06

	
395.2

	
36.14

	
5%

	
38.06

	
395.2











 





Table 3. Summary of the noise reduction effects of using only Improvement (1) and only Improvement (2).
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	Fault Severity
	The VMD-Based Method with the Introduction of ARO
	Only Using

Improvement (1)
	Only Using

Improvement (2)
	IARO-VMD





	10%
	37.15
	38.22
	37.68
	43.62



	8%
	36.24
	39.55
	39.75
	39.56



	5%
	36.14
	35.77
	38.85
	40.06










 





Table 4. Comparison of weak fault feature enhancement effects on surge velocity signals.
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Fault

Severity

	
Traditional MB Method

	
Proposed Method

	
Percentage of Increase in Fault Feature Value




	
Fault Feature Value

	
Running Time (s)

	
Fault Feature Value

	
Running Time (s)






	
10%

	
3.18

	
32.8

	
3.63

	
10%

	
3.18




	
8%

	
2.47

	
39.8

	
3.22

	
8%

	
2.47




	
5%

	
2.66

	
35.4

	
2.71

	
5%

	
2.66











 





Table 5. Comparison of weak fault feature enhancement effect on the yaw angle signal.
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Fault

Severity

	
Traditional MB Method

	
Employing the Energy Operator Alone

	
Proposed Method

	
Percentage of Increase in Fault Feature Value




	
Fault

Feature Value

	
Running Time (s)

	
Fault

Feature Value

	
Running Time (s)

	
Fault

Feature Value

	
Running Time (s)






	
10%

	
2.56

	
33.1

	
2.11

	
33.2

	
2.56

	
33.4

	
0.00%




	
8%

	
1.90

	
40.5

	
1.56

	
39.9

	
2.23

	
38.3

	
17.37%




	
5%

	
1.65

	
35.9

	
1.08

	
36.3

	
1.71

	
36.6

	
3.64%











 





Table 6. Comparison of weak fault feature enhancement effect on the lateral thrust control signal.
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Fault

Severity

	
Traditional MB Method

	
Employing the Energy Operator Alone

	
Proposed Method

	
Percentage of Increase in Fault Feature Value




	
Fault

Feature Value

	
Running Time (s)

	
Fault

Feature Value

	
Running Time (s)

	
Fault

Feature Value

	
Running Time (s)






	
10%

	
2.56

	
35.5

	
2.14

	
34.9

	
2.52

	
35.9

	
−1.56%




	
8%

	
2.39

	
38.7

	
1.37

	
39.2

	
3.23

	
38.2

	
35.15%




	
5%

	
2.15

	
36.9

	
2.45

	
35.6

	
2.71

	
36.1

	
26.05%











 





Table 7. Comparison of weak fault feature enhancement effect on the main thruster control signal.






Table 7. Comparison of weak fault feature enhancement effect on the main thruster control signal.





	
Fault

Severity

	
Traditional MB Method

	
Employing the Energy Operator Alone

	
Proposed Method

	
Percentage of Increase in Fault Feature Value




	
Fault

Feature Value

	
Running Time (s)

	
Fault

Feature Value

	
Running Time (s)

	
Fault

Feature Value

	
Running Time (s)






	
10%

	
3.56

	
39.8

	
2.88

	
39.4

	
3.62

	
38.3

	
1.69%




	
8%

	
2.89

	
37.2

	
3.26

	
36.9

	
3.78

	
37.3

	
30.80%




	
5%

	
1.78

	
40.1

	
2.01

	
39.5

	
2.07

	
38.2

	
16.30%
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