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Abstract. Signal processing method is very important in most diagnosis approach for rotating machinery 

due to non-linearity, non-stationary and noise signals. Recently, a new adaptive signal decomposition method 

has been proposed by Dragomiretskiy and Zosso known as variational mode decomposition (VMD). The 

VMD method has merit in solving mode mixing problem in most conventional signal decomposition method. 

This paper aims to review the applications of the VMD method in rotating machinery diagnosis. The 

advantages and limitations of the VMD method are discussed. Current solution on VMD limitation also have 

been review and discussed. Lastly, the future research suggestion has been pointed out in order to enhance 

the performance of the VMD method on rotating machinery diagnosis.  

 

1 Introduction  

 

 

Sudden failure is one of the most terrifying problem in 

most industrial application. It will caused losses in term 

of equipment and financial. Condition monitoring and 

fault diagnosis (CMFD) are the most common and 

effective approach used in many industries in order to 

avoid any sort of failures. There are a lots of CMFD 

approach have been studied and proposed [1–4]. 

 

 Signal processing method is one of the most 

important element in CMFD. Empirical mode 

decomposition (EMD) is a popular signal processing 

method used in CMFD diagnosis studies [5–7]. However, 

recent study shows that this method suffer from mode 

mixing problem which makes a lots of EMD-improvised 

version have been proposed such as empirical EMD 

(EEMD) [8], complementary EEMD (CEEMD) [9], 

partial EEMD (PEEMD) [10], succinct and fast EMD 

(SF-EMD) [11], etc. Besides that, local mean 

decomposition (LMD) [12], intrinsic Time-scale 

decomposition (ITD) [13] and local characteristic-scale 

decomposition (LCD) [14] also have been proposed in 

order to solve the limitation of EMD. However, these 

method is not totally eliminate mode mixing problem 

[15,16].   

 

 Recently, Dragomiretskiy and Zosso has proposed a 

new adaptive and modern signal analysis method called 

variational mode decomposition (VMD) [17]. The 

combination of Wiener filtering, Hilbert transform and 

alternate direction method of multiplier (ADMM) in 

VMD decomposition procedure give this method a huge 

merit in solving the mode mixing problem in most cases 

[17,18]. In recent years, the VMD method has been used 

in many application such as image processing [19], 

forecasting [20], speech recognition [21], machine 

monitoring [22], etc.  

 

 Therefore, this paper aims to review the application 

of the VMD method on rotating machinery diagnosis. 

This paper also aims to study the advantages and 

limitations of the VMD method in rotating machinery 

diagnosis for future improvements.  

2 Rotating Machinery Diagnosis  

The VMD method mainly used to decompose a signals 

into sets of sub-signals called as variational mode 

functions (VMFs). In rotating machinery application, it 

helps to separate a non-linear, non-stationary and noisy 

signals into sets of sub-signals according to the specific 

frequency range. Hence, the application of the VMD 

method in rotating machinery diagnosis is reviewed in this 

section according to different type of rotating machinery 

applications.  

2.1. Bearing Application  

In recent year, research on bearing application has gain a 

lots of interest from researchers with many bearing fault 

diagnosis approach has been proposed. The first VMD 
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application in bearing fault diagnosis study is done by 

Mohanty et al. where they using the VMD method to 

detect bearing fault at early stage [23]. A good 

comparison study between EMD and VMD also has been 

done by Mohanty et al. where they shows the superiority 

of the VMD method over EMD method [24]. Since then, 

it get a lots of attention from researcher to be further 

studied for bearing fault diagnosis.  

 

 Jinde et al. has proposed VMD, adaptive multiscale 

fuzzy entropy (AMFE) and support vector machine 

(SVM) for rolling bearing fault diagnosis [25]. Zhao and 

Li has proposed VMD and Teager energy operator (TEO) 

for wind turbine bearing diagnosis [26]. TEO is used to 

extract the fault features from selected VMFs. Li et al. 

also used VMD for bearing diagnosis by proposing 

independence-oriented VMD to identify bearing fault 

features [27]. Li et al. also proposed multi-dimensional 

VMD for bearing crack detection with large driving-speed 

variations [28]. Zhao and Li proposed wind turbine 

bearing diagnosis using VMD and spectrum kurtosis (SK) 

[29]. Tang et al. also study compound roller bearing 

diagnosis using blind source separation and VMD [30]. 

An et al. also study the wind turbine spherical roller 

bearing diagnosis using VMD and singular value 

decomposition (SVD) [31]. An et al. in another 

publication study wind turbine bearing diagnosis using 

VMD and permutation entropy [32]. Zhang et al. has 

study multistage centrifugal pump rolling bearing 

diagnosis using VMD [22]. Yi et al. proposed VMD based 

on particle swarm optimization (PSO) for rolling bearing 

fault diagnosis [33]. Zhu et al. also proposed VMD based 

on artificial fish swarm algorithm (AFSA) for rolling 

bearing diagnosis [34]. Table 1 summarize the literature 

on bearing diagnosis using VMD method.  

 

Table 1: Bearing diagnosis based on VMD. 

 

Diagnosis 

Approach 

Highlights Reference 

VMD, FFT  Ball bearing 

 Vibration signals 

[23] 

VMD, AMFE, 

SVM 
 Rolling bearing 

 Vibration signals 

[25] 

VMD, TEO  Wind turbine 

bearing 

 Vibration signals 

[26] 

MDVMD  Wind turbine 

bearing crack 

 Vibration signals 

[28] 

VMD, SK  Wind turbine 

bearing fault 

 Vibration signals 

[29] 

BSS, VMD  Roller bearing 

 Vibration signals 

[30] 

VMD, SVD  Wind turbine 

spherical roller 

bearing 

 Vibration signals 

[31] 

VMD, 

Envelope FFT 
 Centrifugal pump 

rolling bearing 

 Vibration signals 

[22] 

VMD, PSO  Rolling bearing 

 Vibration signals 

[33] 

VMD, AFSA  Rolling bearing 

 Vibration signals 

[34] 

 

2.2 Gear Application  

Gear is another important application in rotating 

machinery as it also been used in many engineering 

applications. Gear diagnosis study also considered 

important is it has been study extensively in recent year. 

Muralidharan et al. started to use VMD in gear diagnosis 

study where they used VMD with random forest 

algorithm (RFA) to diagnose helical gear [35]. Xueli An 

et al. also used VMD together with envelope spectrum for 

gear diagnosis [36]. Mahgoun et al. study the capability 

of the VMD method in gear fault diagnosis under wariable 

speed condition [37]. Yan et al. proposed optimal VMD 

(OVMD) with 1.5-dimension envelope spectrum for gear 

fault diagnosis [38]. Zhang and Feng also study gear fault 

diagnosis by using VMD and demodulation analysis [39]. 

Feng et al. study planetary gearbox diagnosis using joint 

amplitude and frequency demodulation and VMD [40]. 

Firdaus et al. also used VMD and ELM for wind turbine 

gear diagnosis [18] .  Li et al. also proposed VMD and 

deep neural networks (DNN) for planetary gear diagnosis 

[41]. Table 2 summarize the literature on gear diagnosis 

using VMD method. 

 

Table 2: Gear diagnosis based on VMD. 

 

Diagnosis 

Approach 

Highlights Reference 

VMD, RFA  Helical gear 

 Vibration signals 

[35] 

VMD, 

Envelope 

spectrum 

 Gear diagnosis 

 Vibration signals 

[36] 

VMD, FFT  Gear diagnosis  

 Variable speed  

 Vibration signals 

[37] 

OVMD, 1.5-

dimension 

envelope 

spectrum 

 Gear diagnosis 

 Vibration signals 

[38] 

VMD, 

Demodulation 

analysis 

 Gear diagnosis 

 Vibration signals 

[39] 

VMD, Joint 

Amplitude and 

Frequency 

demodulation 

 Planetary gear 

diagnosis 

 Vibration signals 

[40] 

VMD, ELM  Wind turbine gear 

diagnosis 

 Vibration signals 

[18] 
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VMD, DNN  Planetary gear 

diagnosis 

 Vibration signals 

[41] 

2.3 Other Applications  

For other rotating machinery applications such as belt, 

shaft and blade are basically has less literature database as 

compared with gear and bearing. There is only one article 

found on shaft application using VMD and no article 

found for belt and blades using VMD methods. This has 

been studied by Jiang et al. where they using VMD and 

SVM for vertical-shaft load lifting monitoring [42].  

3 VMD Performance 

The VMD method has proof its capability to surpass the 

conventional EMD and its improvised version in most 

studies. This section will discussed the advantages and 

limitations of the VMD methods.  

3.1 Advantages 

The VMD method is not adopted a sifting process in its 

decomposition procedure which make this method has 

superiority in solving mode mixing problem. A great 

combination of Wiener filtering, Hilbert transform and 

ADMM makes the VMD method provide better and 

accurate decomposition result. Hence, the VMD method 

is able to decompose any signals into sets of VMFs 

accurately without eliminating useful information from 

the raw signals.  

 In order to present the superiority of the VMD 

method, three simulated signals has been used as shown 

in Equation 1-4 and Figure 1. Then, the simulated signals 

is decomposed using EMD and VMD method. Figure 2 

and 3 shows the decomposition result for VMD and EMD 

for the 𝑆(𝑡).  

𝑠1(𝑡) = 3 sin(10𝜋𝑡) (1) 

𝑠1(𝑡) = 0.4 sin(400𝜋𝑡) (2) 

𝑠1(𝑡) = 1.2 sin(100𝜋𝑡) (3) 

𝑆(𝑡) = 𝑠1(𝑡) + 𝑠2(𝑡) + 𝑠3(𝑡) (4) 

 

Figure 1: Simulated signals. 

 

Figure 2: VMD decomposition result. 

 

Figure 3: EMD decomposition result. 

 Based on these figures, it clearly shows that the VMD 

method is able to decompose  𝑆(𝑡) accurately as 

compared with the EMD method. There are a lots of mode 

mixing occurs in EMD decomposition result as shown in 

IMF3, IMF4, IMF5, IMF13 and IMF 14.  

3.2 Limitation  

The capability of the VMD method to decompose a 

signals accurately is totally depends on the settings of its 

input parameters. Basically, the VMD method consists of 

five main parameter which are mode number (𝑘), 

balancing parameter (𝛼), time-step of dual ascent (𝜏), 

initial omega (𝜔) and tolerance (𝜀). Some of these 

parameters has its standard value as suggested by 

Dragomiretskiy and Zosso. For an example, 𝜀 is 1 ×
10−6, 𝜔 is 0 and 𝜏 is 0 for noise-slack. However, 𝑘 and 𝛼 

value are depends on the signal itself where different 

signals will have different values.  

 As shown in Figure 2, the 𝑘 and 𝛼 values are set to 3 

and 1500. The 𝑘 value is 3 due to the number combination 

signals, 𝑠𝑛(𝑡). The 𝛼 value is set to 1500 due to suggestion 

by Zhang et al. [22]. In rotating machinery diagnosis, the 

value for 𝑘 and 𝛼 are unknown due lack of information 

and knowledge on the signal characteristic. Hence, 
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developing a method to determine these parameter are 

crucial in order to ensure the performance of the VMD 

method. Setting inaccurate the value for 𝑘 and 𝛼 will lead 

to over-decompose and under-decompose problem for the 

VMD method. Figure 4 and 5 shows the decomposition 

result when the 𝑘 value is set to 2 and 4. Therefore, it is 

very important to have a good method to determine the 

value of 𝑘 and 𝛼 for the VMD method.  

 

Figure 4: VMD decomposition with 𝑘 is 2. 

 

Figure 5: VMD decomposition with 𝑘 is 4. 

 

Figure 6 : VMD decomposition with 𝛼 is 10. 

 

Figure 7 : VMD decomposition with 𝛼 is 100. 

 

Figure 8 : VMD decomposition with 𝛼 is 1000. 

 

Figure 9 : VMD decomposition with 𝛼 is 10 000. 

 Figure 4 shows the under-decompose problem for the 

VMD method and Figure 5 shows the over-decompose 

problem for the VMD method. Some modes are 

reconstructed accurately but some modes are not. Besides 

that, Figure 6-9 shows the decomposition result with 

different 𝛼 value ranging from [10, 100, 1000, 10 000]. It 

shows that the decomposition result only get stable when 

the 𝛼 value is above 100. Therefore, this simulation shows 

that the VMD method can only provide an accurate 

decomposition result when the setting of its input 

parameter is accurate.  

 3.3 Current Solutions  

The limitation of the VMD method has gain a lots of 

attention from many researcher recently. In 

implementation of the VMD method in rotating 

machinery diagnosis, most researcher only concern on the 

𝑘 value. The selection of the 𝑘 value is depends on the 

interest frequency for the study or it depends on the 

number of peaks from the frequency spectrum [36,37]. 

Recently, Li et al. proposed a stable and better selection 

method for 𝑘 using locally weighted scatterplot 

smoothing method (LOWESS) [27] Feng et al. also 

proposed a 𝑘 value selection based on spectral 

characteristic according to Equation 5 [40]. 

𝑘 =
𝐹𝑠

2𝑓𝑚

 (5) 

 Where 𝐹𝑠 is sampling frequency and 𝑓𝑚 is gear meshing 

frequency.    
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 Then, a new approach for selecting the  𝑘 value is 

proposed using iterative procedure. Firdaus et al. has 

proposed an iterative selection method for 𝑘 using 

statistical parameter ratio (SPR) [18]. Zhang et al. also 

proposed an iterative method to select the 𝑘 value using 

correlation and energy ratio [22]. Yang et al. also 

proposed an iterative selection method for 𝑘 using cross 

correlation coefficient [43]. Besides that, some researcher 

also proposed a selection method using meta-heuristic 

algorithm to select the 𝑘 and 𝛼 values. Yan et al. proposed 

a selection method using genetic algorithm (GA) [38]. Yi 

et al. proposed another selection method for 𝑘 and 𝛼 using 

particle swarm optimization (PSO) [33]. Zhu et al. also 

proposed selection for 𝑘 and 𝛼 using artificial fish swarm 

algorithm (AFSA) [34]. Ren et al. also proposed a 

selection method based on improve adaptive genetic 

algorithm (IAGA) [44]. Table 3 summarize the current 

solution for selecting 𝑘 and 𝛼 values.  

Table 3: Current solution to select 𝑘 and 𝛼 values. 

Diagnosis Approach Selected 

parameter 

Reference 

LOWESS  𝑘 [27] 

Spectral characteristic 

(Equation 5) 
 𝑘 [40] 

SPR  𝑘 [18] 

Correlation, energy ratio 
 𝑘 

 𝛼 
[22] 

Cross correlation coefficient  𝑘 [43] 

GA 
 𝑘 

 𝛼 
[38] 

PSO 
 𝑘 

 𝛼 
[33] 

AFSA 
 𝑘 

 𝛼 
[34] 

IAGA 
 𝑘 

 𝛼 
[44] 

4 Conclusion and Future Remarks  

This paper review the application of the VMD method on 

rotating machinery diagnosis. The rotating machinery 

diagnosis involves are bearing, gears and shaft. Some 

rotating machinery diagnosis such as blade and belt still 

not using the VMD method for its diagnosis study. The 

advantages and limitations also have been presented. The 

VMD method provide better decomposition result as 

compared with the EMD. However, the selection of 𝑘 and 

𝛼 value is important to ensure the optimal performance of 

the VMD method. The current solution for selecting 𝑘 and 

𝛼 values also have been presented. Some of suggestion for 

future research gap can be summarized as follows: 

1) The performance of the VMD method on blade 

and belt application is still unknown. A diagnosis 

study on these application will be useful for 

future benefits. 

2) Latest meta-heuristic algorithm such as whale 

optimization algorithm (WOA) should be 

studied for selecting the 𝑘 and 𝛼 values.  

3) The computational efficiency is very important 

in rotating machinery diagnosis. The VMD 

method seems to use a lots of computational time 

to decompose a signals. Hence, an approach to 

reduce and minimize the computational time for 

the VMD method is a good research direction.  
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