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ABSTRACT As one kind of current main power sources, internal combustion engines require high-reliability
to ensure mechanical systems working well in normal operation. This paper studies vibration signals in order
to detect multiple types of faults by a single channel signal. First, for the decomposition level of variational
mode decomposition (VMD) which needs to be chosen non-automatically, this paper analyzes the features
of various faults and optimizes the iteration initial values of center frequency so as to reduce the adverse
effect of inappropriate decomposition level. Moreover, considering that VMD cannot decompose different
signal sources in the same frequency, robust independent component analysis (ICA) is an excellent method
to overcome this challenge. Then, the fourth-order cumulant of restructured signals from VMD and robust
ICA is taken as fault indexes. Finally, because of the high error rate of original fuzzy C-Mean clustering,
Euclidean distance between test points and cluster center of fuel injection failure is taken as a fault detection
threshold in order to achieve high-recognition rate. In conclusion, through optimizing several algorithms,
the purpose of detecting multiple types of faults by single channel signal is achieved in the current research.

INDEX TERMS IC Engine, fault diagnosis, vibration, variational mode decomposition (VMD).

I. INTRODUCTION
IC engines are one kind of currently main power sources
which have been widely used in transportation and electricity
generation because of its high thermal efficiency and power
performance. An IC engine is an important assembly compo-
nent of mechanical system whose working conditions influ-
ence the safety and reliability of the whole system [1], [2].
It is necessary to develop an accurate and fast algorithm to
detect engine faults.

At the present stage, there are several methods to detect
engine faults such as vibration detection method, noise detec-
tion method, oil analysis method [3]–[5]. Among those, oil
analysis method is used for analyzing the physical and chem-
ical characteristics of particles in lubricating oil to determine
working conditions [6]. However, this method cannot detect
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faults in real time. It can only be used to identify fault sources
after failures. Noise detection method uses radiated noise
to diagnose faults, which could possibly be used for faults
detection online. But the disadvantage of this method is that
noise signals are easily affected by uncontrollable factors [7].
Compared to these fault sources, the vibration signal of diesel
engines contains a lot of information related to working status
and fault characteristic. Extracting characteristic parameters
from vibration signal should be able to effectively identify the
working status and related faults of diesel engines.

As the structure of diesel engines is very complex and
there are many different vibration sources, that means the
original vibration signal has to be analyzed by accurate
algorithms [8], [9]. In recent years, many algorithms have
been used for vibration signal processing [10], Siano and
D’Agostino [11] collected vibration signals and calculated
knock characteristic frequencies using Short time Fourier
Transform (STFT). Wang et al. [12] proposed an adaptive
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threshold wavelet denoising method which was successfully
applied to diagnose fuel injection fault. Bustos et al. [13] used
Empirical Mode Decomposition (EMD) to analyze vibration
signals for railway vehicle faults detection. However, all of
those algorithms have their own disadvantages, such as that
STFT can’t balance the resolution between time domain and
frequency domain. Although wavelet method can adjust the
resolution of time domain and frequency domain, it is not an
adaptive method. Beyond that, there are no accepted selec-
tion criteria for wavelet basis, which affects the accuracy of
decomposition [14]. EMD is a relatively adaptive algorithm
but works as a recursive decomposition method. Mode mix-
ing often occurs because errors accumulated in the formation
process of envelopes [14]. In addition, end effect, over/under
envelope, and low accuracy for signals with close frequencies
in EMD are still unresolved problems [15]. The Ensemble
Empirical Mode Decomposition (EEMD) method proposed
by Wu and Huang [16] can improve the disadvantage of
EMD method, but EEMD’s computational efficiency limited
its application for online detection.

Variational Mode Decomposition (VMD) is a new algo-
rithm proposed by Dragomiretskiy and Zosso [17], [18]
in 2014. This method uses variational model to replace the
recursive decomposition model. It avoided inherent defects
of recursive decomposition and showed better robustness.
And, it can successfully separate two harmonic signals with
similar frequencies. Compared with EEMD, VMD has high
computational efficiency.

Due to these advantages, VMD algorithm has been widely
used in the field of fault diagnosis. For instance, VMD
method optimized by particle swarm was used to rolling
bearing fault diagnosis by Yi et al. [19]. VMD method
optimized by Support Vector Machine (SVM) has been
used for mechanical fault analysis [20]–[22]. Furthermore,
VMD algorithm is also applied in the field of engine fault
diagnosis [23], [24].

Independent Component Analysis (ICA) was originally
developed for signal processing applications and later has
been generalized for feature extraction. This method is
a Blind Source Separation (BSS) approach [25]. Even
though the transmission channel characteristics and signal
sources are unknown, each signal source can be separated
from it only by measuring the signal and using the ICA
algorithm [26], [27].

Previous research results indicated that [28]–[30], there
are two main challenges which need to be attained. One
is improving the calculation efficiency of VMD and robust
Independent Component Analysis (ICA) with high accuracy.
Another is detecting several different faults by single chan-
nel signal. In the current study, the research process can
be summarized as the following steps. Firstly, decomposing
vibration signals by VMD. Secondly, analyzing the results
by Robust ICA. Finally, the fourth-order cumulants of VMD
and robust ICA decomposing restructure signals are taken
as fault indices in order to detect faults by fuzzy C-mean
clustering (FCM) and Euclidean distance.

This paper is organized as follows. The research back-
ground and significance are introduced in Section 1, and
algorithms are introduced in Section 2. The experiment pro-
cess is briefly described in Section 3. VMD is optimized
in Section 4. The fault type distinction by optimized FCM
is in Section 5, and finally conclusions and outlook are in
Section 6.

II. ALGORITHM THEORIES
A. VMD ALGORITHM
1) THE VMD ALGORITHM THEORY
The purpose of VMD algorithm is to decompose input signal
f into several Intrinsic Mode Functions (IMFs) uk . The uk
compacts around a center pulsation and reconstructs original
signal [17].

It is needed to estimate the bandwidth of uk . Firstly, the
unilateral spectrum of uk is obtained by Hilbert transform:[

δ(t)+
j
π t

]
uk (t) (1)

Next, an estimated center frequency e−jωk t is mixed into
the analytic signal, so the spectrum of uk will be modulated
to baseband: [

δ(t)+
j
π t

]
uk (t) ∗ e−jωk t (2)

The bandwidth of uk can be obtained by computing its
squared L2-norm. Constrained variational problem is as
shown: min

{uk },{wk }

{∑
k

∥∥∥∥∂t [δ(t)+ j
π t

]
uk (t) ∗ e−jωk t

∥∥∥∥2
2

}
s.t

∑
k
uk = f

(3)

where {uk} = {u1, · · · , uk} and {ωk} = {ω1, · · · , ωk} are the
shorthand notations for the set of all modes and their center
frequencies,

∑
k =

∑k
k=1 is the summation over all modes.

In order to solve the constrained variational problem,
quadratic penalty term α and Lagrange multiplier λ are intro-
duced. The augmented Lagrange L is as shown:

L({uk} , {ωk} , λ)

= α
∑

k

∥∥∥∥∂t [(δ(t)+ j
π t

) ∗ uk (t)]e−jωk t
∥∥∥∥2
2

+

∥∥∥f (t)−∑
k
uk (t)

∥∥∥2
2
+

〈
λ(t), f (t)−

∑
k
uk (t)

〉
(4)

The quadratic problem can be solved easily in Fourier
domain [17]:

ûn+1k (ω) =
f̂ (ω)−

∑
i 6= kûi(ω)+

λ̂(ω)
2

1+ 2α(ω − ωk )2
(5)

ωn+1k =

∫
∞

0 ω
∣∣ûk (ω)∣∣2 dω∫

∞

0

∣∣ûk (ω)∣∣2 dω (6)

The Lagrange multiplier λ is:

λ̂n+1(ω) = λ̂n(ω)+ τ (f̂ (ω)−
∑

k
ûn+1k ) (7)
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The original minimization problem is founded as sad-
dle point of augmented Lagrange. The Alternate Direction
Method of Multipliers (ADMM) is used to update uk , ωk , λ.
So the VMD algorithm is given in detail as follows:

1) The
{
u1k
}
,
{
ω1
k

}
, λ̂1 and n are initialized;

2) The uk is updated by the formula (5);
3) The ωk is updated by the formula (6);
4) The λ is updated by the formula (7);
5) The steps (2)-(7) are repeated until the iteration stop

condition is met:∑
k
(
∥∥∥un+!k − u

n
k

∥∥∥2
2
/
∥∥unk∥∥22) < ε (8)

As soon as the loop is completed, input signal will be
decomposed into K modes.

2) ANALOG SIGNAL TEST
In order to confirm the advantage of VMD, an analog signal
is decomposed by VMD and EMD. The analog signal is
composed by several different frequency signals, as shown
in Fig 1.

FIGURE 1. The analog signal.

Decomposing this analog signal by VMD, the number of
modes is set as K = 4, as shown in Fig 2.
The result of EMD is obtained automatically by cut-off

condition and only 4 of 7 modes are shown in Fig 3.
Fig 2 and Fig 3 showed that the result of VMD has obvious

advantages. For example, it can decompose signals in close
frequencies successfully. EMD not only can’t do that, but also
obtains result with end effect and illusive components. This
demonstrate that introducingVMD into engine fault detection
is feasible.

B. ICA ALGORITHM
VMD can be used for decomposing signals with differ-
ent frequencies. Considering that engine vibration signals

FIGURE 2. The results of VMD. (a) The time domain. (b) The frequency
domain.

are complex, if they have vibration sources with the same
frequency, it can be solved by ICA [31]–[33].

According to ICA, there are n independent signal sources
and m sensors. Ignoring noise and transfer time in account,
the signals received by sensors are linearly mixed source
signals. They are:

X (t) = AS(t) (9)

where X (t) = [x1(t), x2(t), · · · , xm(t)]T are measured sig-
nals, S(t) = [s1(t), s2(t), · · · , sn(t)]T are source signals, A is
a m× n dimensional mixing matrix.
ICA aims to find a m×n dimensional separating matrix W

with the unknown source signals S(t) and mixing matrix A.

W ≈ A−1 (10)
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FIGURE 3. The results of EMD. (a) The time domain. (b) The frequency
domain.

Substituting it to Formula (9) to get:

Y = WX = WAS = A−1AS (11)

The signal Y is considered as an approximate estimation
of the source signal S(t).

C. FCM ALGORITHM
For the sake of detecting different types of faults, FCM is
introduced and described as follows [34]:

There is set of sample data X = {x1, x2, · · · , xn,} fuzzy
membership matrix U = [uij]c×n and cluster center C =
[c1, c2, · · · , cn]T . Where c is the number of cluster centers,
n is the number of samples, uij is the membership of a point
xj to the cluster center cj.

The Euclidean distance from xj to cj is:

dij =
∥∥xj − ci∥∥ = (xj − ci)T (xj − ci) (12)

The objective function of FCM is:

J (U ,C) =
∑n

j=1

∑n

i=1
umij dij (13)

The objective function of FCM is minimized by means of
iteration method as follows:

1) The number of cluster centers c, fuzzy weighted num-
ber m, iteration stop condition ε andmaximum iterative
number kmax are determined. The fuzzy membership
matrix U is initialized;

2) The cluster centers are computed:

ci =
∑n

j=1
umij xj/

∑n

j=1
umij (14)

3) The fuzzy membership matrix U is updated:

uij = 1/
∑c

k=1
(
dij
dkj

)2/(m−1) (15)

4) When
∥∥U k+1

− U k
∥∥ ≤ ε or the iterative number

reaches kmax , stop the iteration.

D. HIGHER ORDER CUMULANT
Fourth order cumulant is one of higher order cumulants,
whose principle is as follows [35]:

Supposing there is a random variable x = [x1, · · · xk ]T ,
whose characteristic function is:

8(ω1, · · ·ωk ) = E{exp[j(ω1x1 + · · · + ωkxk )]} (16)

Its r = ν1 + · · · νk order partial derivative is:

∂
′

8(ω1, · · ·ωk )
∂ω

ν1
1 · · · ∂ω

νk
k
= jrE{xν11 · · · x

νk
k e

j(ω1x1···ωkxk )} (17)

If ω1 = · · · = ωk = 0, the r-th order moment of x is:

mν1···νk = E{xν11 · · · x
νk
k }

= (−j)r
∂r8(ω1, · · ·ωk )
∂ω

ν1
1 · · · ∂ω

νk
k
|ω1 = · · · = ωk = 0 (18)

So, the r-th order cumulant of x is:

cν1···νk = (−j)r
∂r9(ω1, · · ·ωk )
∂ω

ν1
1 · · · ∂ω

νk
k
|ω1 = · · · = ωk = 0

= (−j)r
∂r ln8(ω1, · · ·ωk )
∂ω

ν1
1 · · · ∂ω

νk
k
|ω1 = · · · =ωk=0 (19)

The 8x(ω1 · · ·ωk ) expanded by Taylor formula as shown
below:

8x(ω1 · · ·ωk )
∑

ν1+···+νk≤n

jν1+···+νk

ν1! · · · νk !

×mν1,··· ,νkω
ν1
1 , · · ·ω

νk
k +o(|ω|

n) (20)

So:

ln8x(ω1 · · ·ωk ) =
∑

ν1+···+νk≤n

jν1+···+νk

ν1! · · · νk !

× cν1,··· ,νkω
ν1
1 , · · ·ω

νk
k + o(|ω|

n) (21)

where |ω| = |ω1| + · · · + |ωk |.
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If ν! = ν1! · · · νk !, |ν| = ν1 + · · · + νk , ων = ω
ν1
1 · · ·ω

νk
1 ,

cν = cν1···νk , mν = mν1···νk , then:

8(ω) =
∑

ν1+···+νk≤n

j|ν|

ν!
mνων + o(|ω|n) (22)

ln8(ω) =
∑

ν1+···+νk≤n

j|ν|

ν!
cνων + o(|ω|n) (23)

So, if ν1 = · · · = νk = 1, the k-th order moment and
cumulant can be expressed as:

mk = mom(x1, · · · , xk ) (24)

ck = cum(x1, · · · , xk ) (25)

III. ENGINE BENCH TEST
The engine fault test was performed on a 6-cylinder
in-line diesel engine. The test bench includes the following:
a 6-cylinder in-line diesel engine, an AVL electric power
dynamometer, a LMS Scada ||| noise and vibration test sys-
tem and a computer. The power dynamometer was connected
to the flywheel of the diesel engine through the coupling. The
power dynamometer was used to control the engine during the
test to maintain a constant load and relatively stable speed.
Basic information about the engine is listed in Table 1.

TABLE 1. The main parameters of testing engine.

TABLE 2. The parameters of the engine testing equipment.

The testing equipment used in experiment is shown
in Table 2:

There are four vibration measuring points in this testing,
and four acceleration sensors were installed on the cylinder
head cover and block close to the first and third cylinder,
respectively. The measuring range of acceleration sensors
are 500 m/s2, and the sensitivity are 50 mV/(m/s2) and the
resolution of are 0.02m/s2. The sensor positions are shown
in Fig 4.

In the process of testing, the sampling frequency will
have important effect on the test results. Too low sampling

FIGURE 4. The measuring points. (a) Two measuring points on cylinder
head cover. (b) The first measuring point on the block. (c) The second
measuring point on the block.

frequency will cause the collected signal unable to con-
tain fault features, leading to the failure of fault diagnosis.
Too high sampling frequency will cause too large amount
of data and too long time for signal analysis, which is not
conducive to the realization of real-time fault diagnosis.
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Previous studies showed that the energy of diesel engine
vibration signal is mainly concentrated in 10 kHz. According
to the Nyquist’s sampling theorem (the sampling frequency
needs to be 2 times higher than the analytical frequency)
and the previous pre-experiments, the sampling frequency
was 25600 Hz, and the analysis frequency was 12800 Hz.
Because of the excellent ability for identifying the fault char-
acteristics, the Y-direction (the horizontal which is perpendic-
ular to crankshaft) signal is chosen to analyze the vibration.

IV. THE OPTIMIZATION OF VMD
A. THE ANALYSIS OF VMD
VMD algorithm has a shortcoming that the number of
modes, K, has to be set manually and properly. An inaccu-
rate selection can cause over/under decomposition. Hence,
to solve this problem, there are two most frequently used
methods. The first one is determining a fixed K by priori
knowledge. The second one is decomposing signals with
VMD in several different K, and then selecting the best by
comparison. The first method is convenient and efficient for
analyzing simple vibration signals, but engine has so many
unknown vibration sources that one fixed K cannot be suit-
able for every work condition. The second method can get the
optimal value of every signal, but its calculation efficiency
is too low. As there is not a generally accepted method for
selecting K, a new idea is proposed in this paper.

As shown above, the main process of VMD is an iteration
of uk and ωk . Relatively, the center frequencies ωk is easier to
control. Dragomiretskiy et al provided three ways to initialize
ωk in original VMD [17]: initializing ωk to zero, initializing
ωk linearly and initializing ωk randomly. Thereinto, initial-
izing ωk randomly leads to the highly random results, and
initializing ωk to zero is suitable for the signals with narrow
bandwidth in low frequencies, while initializing ωk linearly
is suitable for the signals with wide bandwidth, which have
the same characteristic as engine vibration signals.

Besides accuracy, ωk also has a significant effect on the
number of iterations which reflects calculation efficiency.
In other words, if the initial values of ωk are set properly,
the iteration will converge quickly. Therefore, the initial val-
ues of ωk need to be set as the characteristic frequencies
of engine faults in order to improve calculation efficiency
under high accuracy without over/under decomposition. The
initial values don not require high precision, but need tak-
ing into account several characteristics of different working
conditions. Taking above experiments as an example, how to
estimate initial values of ωk and K is explained as follows.

B. THE OPTIMIZATION METHOD
As among all kinds of engine faults, the fuel injection fail-
ure and valve clearance failure are common and difficult
to distinguish, 50 sets of signals of fuel injection failure,
big valve clearance failure, small valve clearance failure and
normal working condition in the conditions are selected. The
engine working condition is at 2100 rpm and 100% load.
At this speed, each working cycle takes 0.057 s. The length of

FIGURE 5. The decomposition results of fuel injection failure. (a) K = 5.
(b) K = 6. (c) K = 7. (d) K = 8.

each set of signal for analysis is 0.06 s, and this length ensures
each set of the analysis signals to contain a complete working
cycle.

When the outtake valve clearance of first cylinder increases
by 0.1 mm and the intake valve clearance of third cylinder
increases by 0.1 mm in big valve clearance condition, the out-
take valve clearance of first cylinder reduces by 0.1 mm and
the intake valve clearance of third cylinder is reduces by
0.1 mm in small valve clearance condition.

To determine suitable ωk initial values and K, all of the
200 sets of signals are decomposed in K = 5/6/7/8 and the
center frequencies of each mode are shown as Fig 5-8:

To determine suitable K in all conditions, the figures need
to be analyzed as follows. In fuel injection failure condition,
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FIGURE 6. The decomposition results of big valve clearance. (a) K = 5.
(b) K = 6. (c) K = 7. (d) K = 8.

K = 7 is the best value, because when K < 7, the center
frequency curves fluctuate extremely due to the complexity of
components in a mode, which is under decomposition. When
K > 7, some center frequencies are quite close to each other,
which is over decomposition. In the big valve clearance, small
valve clearance and normal working condition, K = 6 is
the best value, because when K < 6, the deviation between
IMF2 and IMF3 is significant, which is also under decom-
position. When K > 6, some center frequencies fluctuate
extremely and are quite close to each other. According to
above, the average values of center frequencies with the best
value of K are computed and shown in Table 3.

FIGURE 7. The decomposition results of small valve clearance. (a) K = 5.
(b) K = 6. (c) K = 7. (d) K = 8.

Therefore, K is set as 6 and the initial values of cen-
ter frequencies corresponding to K are: 0.82kHz, 2.11kHz,
3.93kHz, 5.75kHz, 7.70kHz, 10.49kHz. Thereinto, the first to
fifth values are the average of all IMF, and the sixth value is
the average of IMF6 and IMF7. Based on that, the center fre-
quencies of the every 50 sets of signals are shown in Fig 9-12:

In summary, the core method of optimization for decompo-
sition level in VMD is: selecting the best K for most signals
by comparison and getting the center frequencies of engine
vibration components. And then, those center frequencies can
be taken as the initial values to control alternative processes
in order to get IMF components in expected frequencies
quickly. It also can reduce the effect of K selection on results.
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FIGURE 8. The decomposition results of normal working condition.
(a) K = 5. (b) K = 6. (c) K = 7. (d) K = 8.

As shown in figures, the optimization achieves ideal results
that adjacent IMFs have reasonable different values between
each other and fluctuate gently. Besides, the average number
of iterations reduced by 15%. Especially for fuel injection
failure, there is not an over or under decomposition when
K = 6.

In particular, the quadratic penalty term α is taken as the
proven best value: 8400.

V. FAULT DIAGNOSIS
A. THE FAULT DIAGNOSIS METHOD
The VMD algorithm has a disadvantage that it cannot distin-
guish different signal sources with the same (or very similar)
frequencies. ICA is introduced to solve the above-mentioned

TABLE 3. The average values of center frequencies.

FIGURE 9. The fuel injection failure.

FIGURE 10. The big valve clearance.

trouble, but it cannot compose single channel signal, so ICA
is combined into VMD for complementary advantages.

Through comparing the three ICAmethods with each other
in accuracy and calculation efficiency, Robust ICA is the best
one, but it is not noteworthy enough to expound concretely in
this extent limited paper. So, unless otherwise mentioned, all
through this text the ICA means Robust ICA.

Original signal is decomposed by VMD firstly, and then
the fourth-order cumulant of restructure signal turns into the
first fault index (FI1). The results of VMD are decomposed
by Robust ICA again, and then the fourth-order cumulant of
this restructured signal turns into the second fault index (FI2).
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FIGURE 11. The small valve clearance.

FIGURE 12. The normal working condition.

FIGURE 13. The scatter plot of different fault conditions.

FIGURE 14. The results of original FCM.

Both FI1 and FI2 are taken as input parameters of FCM to
detect faults.

Scatter plot of the 200 sets of signals in different fault
conditions is shown in Fig 13:

The result of original FCM is shown in Fig 14:
The detailed explanations are shown in Table 4:
According to Table 4, the whole recognition rate is 89%

(22 points are diagnosedwrongly in all of the 200 points). The
results for the small sample is not satisfactory, which shows
original FCM cannot be applied to engine fault detection
directly. Based on the normal working condition with high
accuracy, optimization is proposed. By means of analyzing

TABLE 4. The detailed explanations for the results.

one of the fault conditions and the normal condition by FCM,
two cluster centers were obtained (FCM require at least two
clusters). After that, through analyzing every fault condition
respectively, each fault condition cluster center and three
normal working condition cluster centers were obtained. The
average of three normal working condition cluster centers is
taken as the final value (the result shows that the three values
are very close to each other). Finally, the Euclidean distance
between a certain scatter point and one of the cluster center
is taken as the parameter to distinguish different faults. The
flow chart of diagnosis is shown as Fig 15.

The cluster centers obtained by above method are shown
in the Table 5:

To determine a suitable cluster center, the Euclidean dis-
tance between every point and corresponding cluster center
is shown as Fig 16-19:

As shown in Fig 16, in the situation that taking the cluster
center of fuel injection failure as reference point, the discrimi-
nation among different working conditions is obvious and the
coincidence degree of every working point is extremely low.
As shown in Fig 17, in the situation that taking the cluster
center of big valve clearance as reference point, the coinci-
dence degree between fuel injection failure and normal work-
ing condition is very high, which means those two working
conditions can’t be distinguished. As shown in Fig 18, in the
situation that taking the cluster center of small valve clear-
ance as reference point, the coincidence degree between fuel
injection failure and big valve clearance is too high. As shown
in Fig 19, in the situation that taking the cluster center of
normal working condition as reference point, the discrimina-
tion among different working conditions is obvious, but some
working points in big valve clearance and normal working
conditions are too close to each other. Meanwhile, compared
with the maximum values, the minimum values of normal
working condition in different situations are very stable.
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FIGURE 15. The flow chart of diagnosis.

TABLE 5. The cluster centers.

FIGURE 16. The Euclidean distance to the cluster center of fuel injection
failure.

So, taking normal working condition at the maximum region
is reasonable. In summary, as shown in Fig 16-19, taking clus-
ter center of fuel injection failure as reference point achieved
the highest accuracy. Based on that, the threshold is obtained:

If the Euclidean distance to cluster center of fuel injection
failure: ≤ 1000, the condition is recognized as fuel injection
failure.

If the Euclidean distance to the cluster center of fuel injec-
tion failure: 1000-2900, the condition is recognized as small
valve clearance.

FIGURE 17. The Euclidean distance to the cluster center of big valve
clearance.

FIGURE 18. The Euclidean distance to the cluster center of small valve
clearance.

FIGURE 19. The Euclidean distance to the cluster center of normal
working condition.

FIGURE 20. The diagnosis result of measured signals.

If the Euclidean distance to the cluster center of fuel injec-
tion failure: 2900-7500, the condition is recognized as big
valve clearance.

If the Euclidean distance to the cluster center of fuel injec-
tion failure: > 8500, the condition is recognized as normal
working condition.

B. VERIFICATION
1) THE VERIFICATION OF MEASURED SIGNALS
In order to verify the accuracy of threshold proposed in
this paper, authors selected another 30 sets of signals of
fuel injection failure, big valve clearance failure, small valve
clearance failure and normal working condition to distinguish
by the method above. The result is shown as Fig 20. There are
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only 1 set of fuel injection failure signal and 2 sets of big valve
clearance signal recognized erroneously and the recognition
rare is 98.3%. The result proved that the method proposed in
this paper can diagnose different working conditions. Com-
pared with original FCM, the above method has a prominent
improvement, which is expected to be applied in engineering
practice.

FIGURE 21. The diagnosis result of kurtosis index.

FIGURE 22. The diagnosis result of variance index.

FIGURE 23. The diagnosis result of square root amplitude index.

2) THE VERIFICATION FOR ADVANTAGE OF THE
FOURTH-ORDER CUMULANT
Kurtosis, skewness, variance, square root amplitude, entropy,
the maximum singular value, the fourth-order cumulant and
so on are all high frequently used indexes in faults diagnosis.
Among those, when the fourth-order cumulant of Gaussian
stochastic signal is 0, it can reduce the effect of Gaussian
noise. Besides, the fourth-order cumulant has good ability
in recognizing nonlinear components and can magnify the
difference between different working condition signals. The
fourth-order cumulant is selected as feature parameter to
diagnose engine faults. In order to prove the advantage of
the fourth-order cumulant, authors selected kurtosis, variance
and square root amplitude as feature parameters to diagnose
above 120 sets of signals with the method proposed in this
paper. In particular, authors also researched the other indexes
and only the best three ones are selected to be shown in Fig 21,
Fig 22 and Fig 23.

As shown in Fig 21, the effect of kurtosis index is nega-
tive. The threshold of different working conditions is fuzzy.
As shown in Fig 22, the variance index can’t distinguish
the small valve clearance and big valve clearance accurately.
As shown in Fig 23, besides small valve clearance and big
valve clearance, the square root amplitude index can’t dis-
tinguish fuel injection failure either. Compared with those
indexes, the fourth-order cumulant shown in Fig 20 has
the highest accuracy. The results prove that the fourth-order
cumulant has advantage in faults diagnosis.

3) THE COMPARISON WITH LEAST SQUARES
SUPPORT VECTOR MACHINE
The Least Squares Support Vector Machine (LSSVM) is a
classic classifier. The fourth-order cumulant of VMD decom-
position reconstruction signal (FI1) and Robust ICA recon-
struction signal (FI2) was used as the fault diagnosis features.
The LSSVM classifier is trained with respectively 20 sets of
fuel injection failure, small valve clearance, big valve clear-
ance and normal working condition. And 30 sets of signals
mentioned above are taken as test samples, the analysis is
carried out by using LSSVM classifier. In LSSVM analysis,
RBF_kernel is used as kernel function. When regularization
parameter is 0.1, kernel parameter is 0.1 andmultilevel classi-
fication coding is code_MOC (Minimum output coding). The
analysis result is shown in Fig 24.

FIGURE 24. The diagnosis result of LSSVM.

As shown in Fig 24, the four different working conditions
can be broadly distinguished from each other. However, there
are still many samples that cannot be correctly distinguished,
especially small and big valve clearance. The recognition
rate is 79.17%, which is much lower than FCM method. The
LSSVMmethod used in this paper is not fully optimized, and
the recognition rate of LSSVM will rise after optimization.
However, optimization will increase complexity of diagnosis
process. So, the method proposed in this paper is better.
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In summary, the optimized method proposed in this paper
has a prominent improvement, which is expected to be
applied in engineering practice.

VI. CONCLUSION AND OUTLOOK
In order to realize the detection of various different faults
by single channel vibration signal, several algorithms are
optimized. The main conclusions are as follows:

1) To solve the problem that the number ofmodes in VMD
is selected manually, 200 sets of signals in different
working conditions are analyzed. Based on characteris-
tics of VMD and signals, the initial values of center fre-
quencies are optimized and the optimization improves
calculation efficiency under high accuracy.

2) VMD can’t decompose signals with the same fre-
quency, so Robust ICA is introduced in this paper for
complementary advantages. The fourth-order cumulant
of extraction from VMD and Robust ICA decomposi-
tion is taken as faults indices.

3) To improve the accuracy of faults diagnosis, the
Euclidean distance to cluster center of fuel injection
failure is taken as a parameter to distinguish different
faults, which get a satisfactory result. Through compar-
ison, the method proposed in this paper is proved to
have certain advantages.

There are also many problems to be solved, such as:
1) More fault types need to be analyzed.
2) The calculation efficiency should be improved further.
3) Authors also will continue carrying out experiments

and calculations on faults diagnosis of a series of work-
ing conditions (including unsteadyworking conditions)
to build database of faults diagnosis and researching on
the universal diagnosis method.
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