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Abstract: Marine current energy as a kind of renewable energy has gradually attracted more and
more attention from many countries. However, the blade imbalance fault of marine current turbines
(MCTs) will have an effect on the power production efficiency and cause damage to the MCT sys-
tem. It is hard to classify the severity of an MCT blade imbalance fault under the condition of the
current instability and seafloor noise. This paper proposes a fault classification method based on the
combination of variational mode decomposition denoising (VMD denoising) and screening linear
discriminant analysis (S-LDA). The proposed method consists of three parts. Firstly, phase demodu-
lation of the collected stator current signal is performed by the Hilbert transform (HT) method. Then,
the obtained demodulation signal is denoised by variational mode decomposition denoising (VMD
denoising), and the denoised signal is analyzed by power spectral density (PSD). Finally, S-LDA is
employed on the power signal to determine the severities of fault classification. The effectiveness of
the proposed method is verified by experimental results under different severities of blade imbalance
fault. The stator current signatures of experiments with different severities of blade imbalance fault
are used to validate the effectiveness of the proposed method. The fault classification accuracy is
92.04% based on the proposed method. Moreover, the experimental results verify that the influence
of velocity fluctuation on fault classification can be eliminated.

Keywords: marine current turbine; blade imbalance fault; stator current signature; fault classification;
VMD denoising; S-LDA

1. Introduction

Marine current energy has been developed for several decades around the world [1–3].
However, marine current turbines (MCTs) are easily broken down because they are com-
monly installed in a harsh marine environment. When an MCT works on the seafloor for a
long time, the blades are easily attached to by marine organisms [4–6], which may cause
blade imbalance fault. Therefore, the generating efficiency of the marine energy conversion
system (MECS) will be decreased and the lifetime of the MECS will be shortened as the
fault reaches a certain degree. Moreover, the blade fault could lead to a rotor eccentricity
fault. For a fixed-pitch MCT, an eccentricity fault less than 10% can be ignored, and an
eccentricity fault greater than 60% needs to be repaired immediately in order to prevent
friction between the stator and the center from damaging the machine [7]. Therefore, it is of
great significance for the normal operation of the unit and the avoidance of greater damage
to classify the severities of blade imbalance faults.

The faults in an MECS commonly include blade imbalance, bearing, and eccentricity.
For the faults mentioned above, sensors are needed to collect signals for fault detection and
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diagnosis [8–12]. Xie et al. [12] reviewed different blade fault types under the condition
of turbulence and current blade fault detection methods, and the signal used for fault
detection in MCTs was also explained. In [13–19], vibration signals were obtained by
a vibration sensor to detect motor bearing faults. A Hall sensor is used to detect the
bearing faults of a motor in [20]. The fault detection method was also applied based on
the motor speed signature [21]. Image signals obtained by an underwater camera were
used to detect blade imbalance fault in an MCT in [22,23]. However, these sensors need
to be waterproof and compression-resistant, which are difficult to install under complex
conditions. The current sensor is free of exposure to the complex environment [24].

Therefore, fault detection and diagnosis based on electrical signals is a good choice
for MCTs. There are many fault detection studies where power signals or modular square
signals are used to detect faults [25,26]. However, the power signal is calculated from the
voltage and current signal, and the mode square signal is obtained by the three-phase
electrical signal. The use of a power signal or modular square signal will increase the sample
set and the risk of failure detection due to sensor failure. Therefore, in order to avoid this
problem, single-phase electrical signals are applied in the proposed method. Since many
faults lead to phase modulation of electrical signals, many fault detection methods are based
on frequency demodulation of electrical signals to obtain fault characteristics [27,28]. In [27],
the Least Squares Estimator (LSE) is used to demodulate the corresponding amplitudes
of stator current signals. A fault severity criterion which is derived from the amplitude
estimates is applied to make a classification for bearing and broken rotor bar faults. In [28],
the frequency of stator current is estimated based on a modified version of multiple signal
classification (MUSIC). In [29–31], the Hilbert transform (HT) is applied to demodulate
electrical signals. In [30], the instantaneous frequency of the voltage signal is obtained by
the Hilbert transform, and the angular frequency and complex phasors are obtained by
the maximum likelihood estimator in [31]. However, the above papers do not take into
account the influence of the non-stationary conditions.

Some scholars take advantage of the decomposition method’s characteristics for
denoising to eliminate the influence of the wave and turbulence. In [32], Li proposed
another strategy of fault detection. The current signal is denoised by wavelet threshold
denoising. Then, the Hilbert transform is applied to demodulate. Finally, the imbalance
fault is detected by the computation of statistics indices in the principal and residual
subspaces of principal component analysis (PCA) under different fixed flow conditions.
In [33–36], the proposed method is used to denoise based on empirical mode decomposition
(EMD). The methods mentioned above are applied to detect the blade imbalance fault
of an MCT, such as EMD and wavelet transform (WT). However, these methods have
shortcomings. For example, EMD has some disadvantages such as mode mixing, end effect,
and sensitivity to sampling, which can affect fault detection. Moreover, the selection of
wavelet bases in WT is difficult. When an MCT operates under different working conditions,
the appropriate wavelet basis may be selected differently, which will lead to low robustness
of fault detection. In addition to the decomposition method, the resampling method is
also used to deal with non-stationary conditions. In [37], a new adaptive proportional
sampling frequency (APSF) is applied to transform the variable fault features into fixed
ones. However, although the methods mentioned above can detect imbalance faults based
on electrical signals, they cannot be used to make fault classifications for MCTs.

In [38], a 1D convolutional neural network is used to extract features and fault classifi-
cation for rub-impact. However, the effect of the non-stationary conditions is not eliminated
by the above two methods. In [39], the fault feature is obtained by a continuous Morlet
wavelet transform (CMWT). Secondly, principal component analysis (PCA) is employed to
reduce the dimension. Finally, a K-nearest neighbor (KNN) machine learning algorithm is
utilized to make the severity classification for rotor blade pitch imbalance faults. The main
difference between this paper and the reference [39] is that the generator power signal is
used in this method. Therefore, the stator current and stator voltage signals are required,
which increases the sample set and the risk of failure detection due to sensor failure. In this
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paper, linear discriminant analysis (LDA) as a supervised dimension reduction method is
more conducive to the classification of data in the later stage than PCA. The improved LDA
method increases the pre-screening of the data, increases the processing efficiency of the
data, and reduces the influence of useless information on the detection results. The problem
of the non-stationary conditions is taken into account, but it is for the simulation signal
in [39]. The actual signal of the MCT will be more complex, so it is more challenging to
make fault classifications based on the actual signal.

Although the influence of variable speed is taken into account in the above papers,
the severities of the imbalance faults are not classified. The single-phase current signal is
utilized to avoid the situation where the signal cannot be used because of the fault of one
of the current sensors based on this proposed method. In this paper, a fault classification
method of blade imbalance based on the current signal is proposed under the fluctuation
of velocity conditions. Firstly, HT is applied to obtain the instantaneous frequency of the
single-phase stator current. Secondly, the instantaneous frequency is denoised by VMD
denoising to eliminate the effects of ocean noise. Finally, screening linear discriminant
analysis (S-LDA) is applied to classify the severities of imbalance faults based on the
obtained passband signal power by power spectral density (PSD). The proposed method
can not only detect a fault but also classify the fault effectively under the fluctuation of
velocity conditions.

The rest of the paper is organized as follows. In Section 2, the problems of fault
detection and diagnosis for an MCT are described. In Section 3, the proposed method for
imbalance fault classification is described. In Section 4, the validity of the proposed method
is shown by experimental results. Finally, the conclusion is given in Section 5.

2. Problem Description
2.1. Effect of Variable Marine Current

Under the influence of normal waves, the marine current speed can be regarded as
constant. However, the marine current speed fluctuates under spring tides or strong sea
conditions [40]. The current speed can be expressed by the following [41]:

V = Vn +
(m− 45)(Vs −Vn)

95− 45
, (1)

where Vs and Vn are the spring and neap tide current speed, respectively, and m is the tide
coefficient.

Therefore, an MCT works on variable marine current velocity, and the stator current
will change with the state of flow velocity. As Figure 1 shows, as the flow velocity changes,
the amplitude and frequency of the current will also change accordingly.
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Figure 1. Marine current turbine (MCT) generator stator current signal at different flow rates: (a) Falling flow velocity; (b) 
undulating flow velocity; (c) constant flow velocity. 
Figure 1. Marine current turbine (MCT) generator stator current signal at different flow rates: (a) Falling flow velocity;
(b) undulating flow velocity; (c) constant flow velocity.
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2.2. Effect of MCT Imbalance Fault

The marine current velocity will directly affect the mechanical torque of MCT. There-
fore, the mechanical torque consists of two parts: the mechanical torque at a constant
marine current and the additional mechanical torque under spring tides or strong sea
conditions. The mechanical torque can be expressed by the following [41]:

Tm = Tc + Tw, (2)

where Tc represents mechanical torque under a constant velocity, and Tw is generated by
waves and turbulence [41].

As Figure 2a shows, the blades of a marine current turbine rotate at an angular velocity
ωr, the masses of the blades are m1, m2, and m3, and the distance from the barycenter of the
blades to the hub center are r1, r2, and r3, respectively. Assuming that the instantaneous
torque of the three blades of MCT is T1, T2, and T3, respectively. When the impeller is
rotating, the instantaneous torque of the three blades can be expressed as the following:

T1 = m1gr1 cos(ωrt)
T2 = m2gr2 cos(ωrt + 2π/3)
T3 = m3gr3 cos(ωrt− 2π/3)

. (3)

J. Mar. Sci. Eng. 2021, 9, x FOR PEER REVIEW 4 of 16 
 

 

2.2. Effect of MCT Imbalance Fault 
The marine current velocity will directly affect the mechanical torque of MCT. There-

fore, the mechanical torque consists of two parts: the mechanical torque at a constant ma-
rine current and the additional mechanical torque under spring tides or strong sea condi-
tions. The mechanical torque can be expressed by the following [41]: 

 m c wT T T , (2) 

where cT  represents mechanical torque under a constant velocity, and wT  is generated 
by waves and turbulence [41]. 

As Figure 2a shows, the blades of a marine current turbine rotate at an angular ve-
locity r , the masses of the blades are 1m , 2m , and 3m , and the distance from the bar-

ycenter of the blades to the hub center are 1r , 2r , and 3r , respectively. Assuming that the 

instantaneous torque of the three blades of MCT is 1T , 2T , and 3T , respectively. When 
the impeller is rotating, the instantaneous torque of the three blades can be expressed as 
the following: 

 
 
 



 

 

 


 


 

1 1 1

2 2 2

3 3 3

cos

cos 2 3

cos 2 3

r

r

r

T m gr t

T m gr t

T m gr t
. (3) 

Then, the resultant torque can be obtained by the following: 

   1 2 3T T T T . (4) 

When an MCT is healthy,   0T . However, when an imbalance fault occurs on the 
blades of the MCT,   0T . Therefore, as Figure 2b shows, the blade attachment is equiv-
alent to a mass block with a mass of M and a distance of ur  from the hub. When the blades 
rotate, the resultant torque also changes periodically as expressed by the following: 

   cos( t )u rT mgr , (5) 

where   is the initial phase. 

1r
2r

3r

2m g 3m g

1m g
r

 

mg
r

 
(a) (b) 

Figure 2. Effect of blade attachments of an MCT: (a) A turbine with three blades attached; (b) the 
equivalent figure of blade attachments. 

The motion equation can be modified as: 


  m

m m e

d
J T T T

dt
. (6) 

Figure 2. Effect of blade attachments of an MCT: (a) A turbine with three blades attached; (b) the
equivalent figure of blade attachments.

Then, the resultant torque can be obtained by the following:

∆T = T1 + T2 + T3. (4)

When an MCT is healthy, ∆T = 0. However, when an imbalance fault occurs on
the blades of the MCT, ∆T 6= 0. Therefore, as Figure 2b shows, the blade attachment is
equivalent to a mass block with a mass of M and a distance of ru from the hub. When the
blades rotate, the resultant torque also changes periodically as expressed by the following:

∆T = mgru cos(ωrt + γ), (5)

where γ is the initial phase.
The motion equation can be modified as:

Jm
dωm

dt
= Tm + ∆T − Te. (6)
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Considering that the moment of inertia Jm is large, if the imbalance fault severity of
a blade is small, the electromagnetic torque Te ≈ Tm. Then, the actual turbine angular
velocity under blade imbalance is expressed as:

ωm = ωr +
mgru

Jmω
cos(ωrt) = ωr + ∆ωr, (7)

where ∆ωr represents the change in turbine angular velocity. Therefore, the stator current
can be expressed as:

iA = A · sin(p(ωr + ∆ωr)t + ϕ), (8)

where A represents the amplitude of the stator current, p represents the number of pole
pairs, and ϕ is the initial angle.

As Equations (7) and (8) show, when an MCT works under healthy conditions,
the change in angular velocity is equal to zero (∆ωr = 0) and the frequency of the stator
current is fe = (p ·ωr)/2π = p · fr (where fr is the rotation frequency). However, when a
blade imbalance fault occurs, the part p∆ωrt is added to the phase of the stator current.
Therefore, the following conclusions can be drawn:

(1) A blade imbalance fault will lead to a change in shaft rotating frequency. The phase
of the instantaneous frequency fe may indicate the occurrence of an imbalance fault;

(2) p∆ωrt contains the fault characteristic frequency f f ault, which is the rotation fre-
quency (1P frequency).

3. The VMD Denoising and S-LDA Method for MCT Imbalance Fault

In order to solve the problem of classifying the fault severities of blade imbalances,
a method based on VMD denoising and S-LDA is proposed which is composed of three
parts: the HT method, the VMD denoising method, and the S-LDA fault classification
method. The proposed method can be applied to the classification of imbalance fault
severities based on single-phase stator current signal under the fluctuation of different flow
velocities.

3.1. Estimate Instantaneous Frequency Based on HT

One-phase MCT stator current is the only measurement needed in the proposed
method, which can be approximated as a narrowband signal in a short period of time.
Therefore, using HT for phase demodulation is a good choice.

The stator current can be defined as the following:

H[iA(t)] =
∫ +∞

−∞

iA(τ)

π(t− τ)
dτ = iA(t) ∗

1
πt

. (9)

HT can be used to generate a unique complex signal from real signals. As Equation (10)
shows, the real part is the original signal iA(t) and the imaginary part is H[iA(t)]. The com-
plex exponential signal can be obtained as follows:

IA(t) = iA(t) + jH[iA(t)] = A(t)ejφ(t), (10)

where A(t) and φ(t) are the instantaneous amplitude and phase of the origin signal,
respectively, in the complex exponential signal. φ(t) = arctan H[iA(t)]

iA(t)

A(t) = |IA(t)| =
√

i2A(t) + H2[iA(t)]
. (11)

The instantaneous frequency fe(t) can be finally obtained as follows:

fe(t) =
1

2π
× dφ(t)

dt
. (12)
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3.2. VMD Denoising Method for Instantaneous Frequency
3.2.1. Constructing the Variational Problem

VMD is a multi-component signal decomposition method with quasi-orthogonal
adaptation. The component u(t) is defined as follows:

u(t) = A(t) cos[φ(t)], (13)

where A(t) donates the amplitude of u(t) and φ(t) means the phase of u(t).
Assume that the multi-component signal f is decomposed into several components u

of intrinsic mode function (IMF) with limited bandwidth by VMD. Therefore, a constrained
variational model is established to ensure that the sum of the bandwidth of each component
is minimal in the VMD algorithm.

The formula of the VMD algorithm is expressed as follows:

L({uk}, {ωk}, λ) = α
K
∑

k=1
‖∂t

[(
σ(t) + j

πt

)
∗ uk(t)

]
e−jωkt‖

2

2

+‖ f (t)−
K
∑

k=1
uk(t)‖

2

2
+

〈
λ(t), f (t)−

K
∑

k=1
uk(t)

〉 , (14)

where α is the quadratic penalty term; σ(t) donates the Dirac distribution; λ(t) means
the Lagrangian multiplier; and uk and ωk (k = 1, · · ·, K) represent the component and
frequency center of the kth IMFs (IMFk), respectively.

The alternate direction method of multipliers (ADMM) is a method to solve convex op-
timization problems [42], which can be used to continuously update ωk and the bandwidth
of uk. The frequency domain component is updated as follows:

ûk(ω) =
f̂ (ω)−∑m 6=k ûm(ω) + λ̂(ω)/2

1 + 2α(ω−ωk)
2 , (15)

where ûk(ω) is the Fourier transform of uk, which can be considered as the output of
Wiener filtering of f̂ (ω)−∑m 6=k ûm(ω) with VMD. f̂ (ω) and λ̂(ω) are Fourier transforms
of f (t) and λ(t), respectively. In the same way, the estimation of the center frequency
of each IMF and the center of gravity of the power spectrum is also based on the above
mathematical ideas, which can be derived as follows:

ωk =

∫ ∞
0 ω|ûk(ω)|2dω∫ ∞
0 |ûk(ω)|2dω

. (16)

3.2.2. Feature Selection Based on MIC

Maximum information coefficient (MIC) is a suitable method of determining the
dependency relationship between two variables with two essential attributes of broadness
and fairness [43]. The MIC is applied to calculate the degree of correlation between
two variables and is more robust than the Pearson correlation coefficient. Furthermore,
the Pearson correlation coefficient can only be used for linear relationships.

The idea of the MIC is to discretely represent the relationship between two variables
in two-dimensional space by using a scatter plot and dividing the current two-dimensional
space into certain interval numbers in the x and y directions, respectively. The joint proba-
bility of the current scatter falling in each grid is shown as follows:

I(x; y) =
∫

p(x, y) log2
p(x, y)

p(x)p(y)
dxdy, (17)

where x and y are two variables.
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Then, the maximum mutual information values at different scales are obtained, and the
maximum value is taken as the MIC value. The MIC is calculated by the following:

MIC(x; y) = max
xy<C(n)

I(x; y)
log2(min(a, b))

, (18)

where C represents a function of sample size n, usually C = n0.6; and a and b are the
number of partitions in the x and y directions. The larger the MIC value is, the more
relevant x and y variables are. The instantaneous frequency of stator current contains the
fault characteristic signal and noise. Only one IMF has a fault characteristic frequency
free of noise. Assume that x is the instantaneous frequency fe of the stator current and y
is the IMFk (k = 1, 2, . . . , K). The IMF with the largest MIC value, which contains fault
feature frequency f f ault, is selected as the feature selection component. The IMF selected
by MIC is used for PSD analysis. The instantaneous frequency after denoising is analyzed
by PSD to obtain the power signal of unit frequency. According to the principle of VMD,
each component is obtained by bandpass filtering of upper and lower cut-off frequencies
through updated center frequencies. That is, each IMF component only has information
within its upper and lower cut-off frequencies. Therefore, the upper and lower cut-off
frequencies of IMF1 are used to screen the power signals of unit frequency to reduce the
dimension of samples and improve the accuracy.

3.3. S-LDA Is Used to Classify the Fault Severities Based on the Samples of Power Signals
3.3.1. Preliminary Screening by Passband Frequency

The component selected by MIC is analyzed by PSD to obtain the power signals.
However, each sample of the obtained power signals has 2048 sampling points, which are
too excessive to be classified accurately and fast. It is necessary to pre-screen the samples
before they are classified. The preliminary screening method is used by cut-off frequency.

As Equation (15) shows, each basis function is updated based on other basis functions,
which is equivalent to a low-pass filter for the remaining part of the original signal and
retains the low-frequency part of the remaining signal in each iteration. The transfer
function of the filter can be simplified as the following:

H(jω) =
1

2α(jω− jωk)
2 − 1

. (19)

The amplitude of the transfer function can be calculated by the following:

A(ω) = |H(jω)| = 1

1 + 2α(ω−ωk)
2 . (20)

When the amplitude of the input signal is kept unchanged, the frequency is changed
so that the output signal is reduced to 2 times the maximum value (A(ω) = 1√

2
), which is

expressed in terms of frequency response characteristics; namely, the cut-off frequency fC is
at the point of −3 dB. Since each IMF has an upper bound cut-off frequency, the passband
of each IMF can be expressed as follows:{

fBW = fCk k = 1
fBW = fCk − fCk−1 k = 2, · · · , K . (21)

Therefore, the obtained power signal has valid information only at the corresponding
passband frequency, which is analyzed by PSD for each IMF component. The samples of
the obtained power signal are screened based on the passband frequency, which could
reduce the dimension of samples and reduce the impact of invalid information on the
dimension reduction in LDA.
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3.3.2. Dimension Reduction Based on LDA

Linear discriminant analysis (LDA) is a dimension reduction technique for supervised

learning [44] introducing the mean of all the training samples µ = 1
N

m
∑

i=1
µi, the global

scatter matrix St = Sb + Sw =
m
∑

i=1
(xi − µ)(xi − µ)T , the within-class scatter matrix Sw =

∑
x∈Xi

(x− µi)(x− µi)
T , and the between-class scatter matrix Sb = St − Sw =

N
∑

i=1
mi(µi − µ)

(µi − µ)T , where µi and µj are the means of class i and class j, respectively, m is the samples
of all classes, mi is the samples of class i, and ω is the projection vector.

The main idea of this method is to make the data points of the same class as close as
possible and the distance between the centers of different classes as large as possible after
dimension reduction.

When the N classification problem is solved, the optimization goal can be expressed
as follows:

J =
‖ωTµi −ωTµj‖

2
2

ωT∑i ω + ωT∑j ω
=

ωT(µi − µj
)(

µi − µj
)T

ω

ωT
(

∑i +∑j

)
ω

=
ωTSbω

ωTSwω
, (22)

where ω is the projection vector and ∑i and ∑j are the covariances of classes i and j,
respectively.

The target of LDA: generalized Rayleigh quotient. Let ωTSWω = 1, the equivalent
form of the generalized Rayleigh quotient is expressed as:

min
ω
−ωTSbω

s.t.ωTSWω = 1
. (23)

According to the Lagrange multiplier method, Equation (24) is obtained as the following:

S−1
w Sbω = λω. (24)

Therefore, λ and ω can be considered as generalized eigenvalues and generalized
eigenvectors of S−1

w Sb. The closed solution of ω is the matrix composed of the eigenvectors
corresponding to d′ maximal non-zero generalized eigenvalues of S−1

w Sb. Based on the
above principles, after data screening, power signals with different fault severities in history
can be taken as labeled training samples into LDA to calculate the projection vector ω.

3.3.3. Fault Classification Based on Probability Mode

If the sample data of each class conform to Gaussian distribution, maximum likelihood
estimation can be used to calculate the mean value and variance of the projected data of
each class, which can be expressed by the following:

ln p
(

x
∣∣∣µ, σ2

)
= − 1

2σ2

N

∑
n=1

(xn − µ)2 − N
2

ln σ2 − N
2

ln(2π), (25)

where xn are the training samples of each class and N represents the class number.
The mean value µ and variance σ2 are solved as follows:

µ =
1
N

N

∑
n=1

xn, (26)

σ2 =
1
N

N

∑
n=1

(xn − µ)2. (27)
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The Gaussian probability density function of that class can be obtained by the following:

f (X) =
1

(2π)d/2|Σ|1/2 exp
[
−1

2
(X− µ)TΣ−1(X− µ)

]
, µ = (µ1, µ2, . . . , µn), (28)

where d represents dimensions of each sample and µ and Σ are the mean values and
covariance matrixes of the training samples for each class, respectively.

When a new sample is classified, the projected sample characteristics will be substi-
tuted into the Gaussian distribution probability density function of each class to calculate
the probability that it belongs to this class. The class corresponding to the maximum
probability is the prediction class. The proposed method is detailed in Figure 3.
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4. Experimental Results and Analysis

In order to verify the effectiveness of the proposed method, an experiment was carried
out on a 230-W marine current prototype. The collected stator current signatures are used
by the proposed method for verification. As shown in Figure 4, the system is composed of
five parts: a water current simulation system, a permanent magnet synchronous generator
(PMSG) prototype, load, data acquisition, and a monitoring system. The specific parameters
of the prototype are presented in Table 1. Different severities were simulated by attaching
different masses (0, 80, and 150 g) of attachments to the blades. In this study, the blade
imbalance faults were classified by the percentage of blade attachment mass and blade
mass so as to generalize them to all MCTs. Therefore, the healthy state, the severity of the
8% fault, and the severity of the 15% fault can be classified as class 1, class 2, and class
3, respectively. By adjusting the flow speed, it fluctuated from 1.4 to 1.6 m/s, making
the electrical frequency of the current machine fluctuate within the range of 18 to 19 Hz,
thus achieving a simulated ocean under non-stationary conditions. In the experiment,
each set of data had 3000 sample points. Healthy samples (380 × 3000) and fault samples
for each class (380 × 3000) were collected.
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Table 1. List of parameters of the MCT prototype.

Parameters Value

Stator resistance 3.3 Ω
q-axis inductance 11.875 mH
d-axis inductance 11.875 mH

Permanent magnet flux 0.1775 Wb
Pole pair number 8

System total inertia 3.5 kg m2

Radius of turbine blade 0.3 m
Mass of single blade 1 kg

Figure 5a,b are the oscillographs of the collected stator current signals and the power
spectra of the stator current, respectively. As Figure 5a shows, the stator currents almost
coincide with each other at different severities of imbalance fault. Therefore, it is difficult to
detect faults with the time domain analysis of stator current signal, making the fault classifi-
cation impossible. However, it can be known from the analysis of the blade imbalance fault
mechanism that the stator current signal contains fault characteristic frequency. When a
blade imbalance fault occurs, in addition to the corresponding fundamental frequency,
excitation will also appear at the fundamental frequency plus or minus the rotating shaft
frequency when the stator current spectrum analysis is carried out. However, due to the
non-stationary condition, the fault characteristics in the frequency domain of the stator
current are easily submerged, as shown in Figure 5b. Therefore, it is not possible to detect
faults directly by spectrum analysis of stator current. However, it can be seen from Figure 6
that with the more serious fault, the amplitude is larger and fluctuates more frequently.
Therefore, the calculated instantaneous frequency by HT contains fault information. The in-
stantaneous frequency is decomposed into IMF1–IMF14 based on VMD denoising, which is
obtained by using the stator current signal. As Figure 7 shows, only the fault harmonic
component with 1P frequency appears in IMF1. IMF1 was selected as the component with
fault characteristic frequency by MIC. Figure 8 shows the PSD spectra of IMFs selected by
MIC with different blade imbalance fault severities (0%, 8%, and 15%). As Figure 8 shows,
a larger amplitude of the PSD spectrum near the 1P frequency can correspond to a more
serious fault.
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After that, S-LDA is applied to make fault classifications for the power signals per unit
frequency. If the traditional LDA is applied, the signal’s sample size to extract fault features
by dimension reduction will be large, and there will be too much useless information,
which will affect the effect. The classical classification methods are k-Nearest Neighbor
(KNN) and Support Vector Machine (SVM). Because KNN is highly dependent on training
data, its fault tolerance of training data is very poor. SVM is sensitive to the selection of
parameter adjustments and sum functions, which directly affects the classification accuracy.

Figure 9 is the dimension reduction result by the S-LDA method that was trained
with 600 training samples (200 samples for each of the three classes). As Figure 9 shows,
there are many points clustered among classes and distributed irregularly.
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Figure 11 shows the confusion matrix that is obtained based on S-LDA. It can be seen
that the number misclassifications is lower than that from SVM and KNN for the samples
of class 2. Furthermore, the false positive rate in class 3 of sample classification is close to
zero. Table 2 shows that in the proposed method, the classification accuracy of S-LDA is
92.04%. However, the accuracy of the traditional LDA is only 33.33%, and the accuracy of
other classical classification methods is lower than S-LDA.

Table 2. Comparison of different combination methods.

S-LDA LDA KNN SVM

Accuracy 92.04% 33.33% 87.22% 87.96%
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5. Conclusions

The objective of this research was to propose a severity classification framework for
MCT blade imbalance faults. A fault results in modulation of the amplitude and phase
of the stator current. Therefore, analysis of the frequency spectrum of the stator current
can be applied to make a fault classification. However, due to the influence of ocean noise
and current fluctuation, the fault characteristics are variable, which causes difficulties in
fault classification.

In the proposed framework, HT is firstly utilized to obtain the instantaneous frequency
of the single-phase stator current. Then, the component with fault characteristic frequency
(1P frequency) is obtained by VMD denoising. Finally, S-LDA is applied to classify the
severities of blade imbalance faults based on the samples of the power signal obtained by
PSD analysis.

The experimental results from a 230-W marine current turbine test platform showed
the efficiency of the proposed method to classify the degree of the imbalance faults. The ex-
perimental results showed that the fault characteristics are relatively concentrated, free from
the influence of velocity fluctuation with a small range. The proposed method can be used to
detect faults through the feature representation obtained by PSD analysis. It was shown that
the fault indicator increased monotonically with the fault severity. Moreover, the compari-
son of performance indicators between the proposed method and the classical classification
methods shows that the accuracy of fault classification (with different severities of 0%, 8%,
and 15%) is higher, which can reach 92.04% under variable marine current velocities.
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