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Abstract:    Targeting the mode-mixing problem of intrinsic time-scale decomposition (ITD) and the parameter optimization 
problem of least-square support vector machine (LSSVM), we propose a novel approach based on complete ensemble intrinsic 
time-scale decomposition (CEITD) and LSSVM optimized by the hybrid differential evolution and particle swarm optimization 
(HDEPSO) algorithm for the identification of the fault in a diesel engine. The approach consists mainly of three stages. First, to 
solve the mode-mixing problem of ITD, a novel CEITD method is proposed. Then the CEITD method is used to decompose the 
nonstationary vibration signal into a set of stationary proper rotation components (PRCs) and a residual signal. Second, three 
typical types of time-frequency features, namely singular values, PRCs energy and energy entropy, and AR model parameters, are 
extracted from the first several PRCs and used as the fault feature vectors. Finally, a HDEPSO algorithm is proposed for the 
parameter optimization of LSSVM, and the fault diagnosis results can be obtained by inputting the fault feature vectors into the 
HDEPSO-LSSVM classifier. Simulation and experimental results demonstrate that the proposed fault diagnosis approach can 
overcome the mode-mixing problem of ITD and accurately identify the fault patterns of diesel engines. 
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1  Introduction 

Recently, vibration analysis has attracted con-
siderable attention and has been widely applied to the 
fault diagnosis of diesel engines (Tay and Shen, 2003; 
Li et al., 2010; Wang et al., 2013). The main ad-
vantage of using vibration analysis is that the vibra-
tion signal can provide a variety of information about 
the reciprocating and rotating motions, mechanical 
impacts, and high-speed flow of gas. Moreover, the 

acquisition of vibration signals is very convenient and 
nonintrusive (Wang et al., 2008). In this study, we use 
vibration analysis for the fault diagnosis of diesel 
engines. 

The vibration signals from diesel engines are 
highly transient and nonstationary (Wang et al., 2008). 
Therefore, the traditional stationary assumption based 
Fourier transform (FT) is not suitable for processing 
such vibration signals. To deal with nonstationary 
signals, time-frequency analysis methods are often 
used because they can provide the whole and local 
characteristics of the signals in time and frequency 
domains simultaneously. Commonly used time-  
frequency analysis methods include wavelet trans-
form (WT) (Vong and Wong, 2011), Wigner-Ville 
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distribution (WVD) (Martin and Flandrin, 1985), and 
empirical mode decomposition (EMD) (Li et al., 
2010). Vong and Wong (2011) extracted the ignition 
fault features of diesel engines by using the WT 
method, then fed these features into the least-square 
support vector machine (LSSVM), and obtained a 
satisfactory fault diagnosis result. Nevertheless, WT 
is essentially an adjustable-window FT and energy 
leakage is inevitable. In addition, this method is 
non-adaptive because it is based on projecting the 
signals onto a predefined set of base functions (Li et 
al., 2011). Wang et al. (2008) used the WVD method 
to generate the time-frequency distribution of vibra-
tion signals and achieved good performance in diag-
nosing faults in diesel valve trains. However, the 
application of WVD is also limited because it suffers 
from inevitable cross-term interferences when used to 
process multicomponent signals (Kadambe and 
Boudreaux-Bartels, 1992). EMD is a self-adaptive 
time-frequency analysis method by which a multi-
component signal can be decomposed into a set of 
intrinsic mode functions (IMFs) and a residual signal 
(Huang et al., 1998; Rilling et al., 2003; Hong et al., 
2011). By analyzing each IMF which includes the 
local characteristic of the signal, the characteristic 
information of the original signal can be extracted 
accurately and effectively. However, there still exist 
some problems to be resolved in EMD, such as the 
end effects, mode-mixing, and the unexplainable 
negative frequency (Chen et al., 2011). Recently, Frei 
and Osorio (2007) proposed a new self-adaptive 
time-frequency analysis method called intrinsic time- 
scale decomposition (ITD), by which a multicompo-
nent signal can be decomposed into a set of stationary 
proper rotation components (PRCs) and a residual 
signal. Cheng et al. (2012) applied ITD to the fault 
diagnosis of rotating machinery, and their study 
showed that ITD could effectively extract the non-
linear fault features. Compared with EMD, by using 
ITD, more information of the signal itself can be used, 
and the end effects and the unexplainable negative 
frequency can be relieved. In addition, the computa-
tional efficiency is also improved significantly. Nev-
ertheless, when using ITD to process complex signals, 
the mode-mixing problem, which causes the decom-
position results to lose their physical meaning and 
provides false characteristic information, is still a 
major drawback (Lin, 2012). To alleviate the mode- 

mixing problem of EMD, Wu and Huang (2009) 
proposed an improved version of EMD, called en-
semble empirical mode decomposition (EEMD). 
EEMD is based on the noise-assisted analysis tech-
nique, by which the mode-mixing problem can be 
eliminated automatically. Zhang et al. (2015) applied 
EEMD to the fault diagnosis of rolling bearing, and 
compared EEMD with the original EMD method. 
Their results indicated that EEMD is effective in 
solving the mode-mixing problem. Similar conclu-
sions were obtained by applying EEMD to the fault 
diagnosis of the fuel system of a diesel engine and 
rotor system (Lei et al., 2009; Wang et al., 2013). 
However, even though EEMD was shown to be ef-
fective in many applications, it also created two major 
problems. One is that the residual noise cannot be 
completely canceled out; the other is that different 
realizations of signal plus noise may produce different 
numbers of modes, which will make the final aver-
aging very difficult to implement (Torres et al., 2011; 
Xue et al., 2015). Therefore, to alleviate the mode- 
mixing problem of ITD, simply using the framework 
of EEMD cannot produce a satisfactory result. To 
address this problem, a novel complete ensemble 
intrinsic time-scale decomposition (CEITD) method 
is proposed in this paper for processing the vibration 
signals of diesel engines. 

Apart from signal processing, pattern recogni-
tion is another important part of fault diagnosis. 
Conventional statistical pattern recognition methods, 
such as decision tree (Chen et al., 2004) and rough set 
theory (Tay and Shen, 2003; Huang et al., 2015), once 
provided satisfactory results in fault diagnosis. 
However, each pattern recognition method has its 
own insurmountable problems. For decision tree, 
professional knowledge is required for the users, and 
its computation load is relatively large. Therefore, it is 
not suitable for solving complex problems. The ap-
plication of rough set theory is also limited because it 
is not stable and is very susceptible to noise inter-
ference. Artificial neural network (ANN) has strong 
nonlinear fitting ability and high reliability, and it has 
been widely used in fault diagnosis in the past dec-
ades. Moosavian et al. (2013) applied ANN to the 
fault diagnosis of a main engine journal-bearing and 
compared it with the K-nearest neighbor (K-NN) 
method. The results showed that the performance of 
ANN was better than that of K-NN.  
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Martínez-Martínez et al. (2015) predicted the status 
of the rotary components by using ANN, and used the 
genetic algorithm (GA) to fit the ANN weights and 
biases. The results indicated that the proposed method 
could achieve a mean success rate of 92.96%. Alt-
hough it has many successful applications, ANN is 
still not an ideal pattern recognition method. This is 
because, when the number of samples is insufficient, 
the inherent deficiencies, such as local optimal solu-
tion and overfitting, become significant issues 
(Huang et al., 2011). All these problems of ANN can 
be relieved by support vector machine (SVM) (Vap-
nik, 1999). SVM is based on the structural risk 
minimization principle, which can minimize an upper 
bound on the expected risk, so that it can solve the 
problems of overfitting and local optimal solution. 
Moreover, SVM implements classification by using a 
separating hyperplane that is determined by a few 
samples called support vectors, so that it is applicable 
to small sample cases. However, the computational 
complexity of training SVM is rather high, and the 
solving difficulty of the quadratic programming 
problem increases with the increase of the number of 
training samples (Suykens and Vandewalle, 1999). To 
make SVM more practical in engineering applications, 
Suykens and Vandewalle (1999) proposed a modified 
version of SVM called LSSVM. In contrast to SVM, 
the training process of LSSVM is highly simplified, 
since a linear problem is resolved instead of a quad-
ratic programming problem in the SVM case. Jiang et 
al. (2015) proposed a novel gearbox fault diagnosis 
method, which uses the scaling crossover character-
istics of signals for self-adaptive feature extraction 
and LSSVM for pattern recognition. Their method 
was sensitive to multiple-fault vibration data of a 
gearbox with similar fault patterns and had a better 
performance than other methods. In addition, LSSVM 
has been successfully employed in the fault diagnosis 
of other machineries because of its good generaliza-
tion ability and less computational cost (Vong and 
Wong, 2011; Li et al., 2015; Su et al., 2015). From 
these applications, we can find that the performance 
of LSSVM depends heavily on the selection of the 
regularization parameter and kernel parameter. In 
recent decades, research on how to determine the best 
parameters of LSSVM has been a hot topic (Cheng et 
al., 2013; Xu and Chen, 2013). Commonly used pa-
rameter optimization algorithms include GA (Xie et 

al., 2009), particle swarm algorithm (PSO) (Xu and 
Chen, 2013), and differential evolution (DE) (Cheng 
et al., 2013). GA was the most widely used parameter 
optimization algorithm in the past decades. However, 
its computation cost is relatively high for adopting the 
bit-string encoding strategy. In addition, GA often 
falls into the local optimal solution. The PSO algo-
rithm simulates the social behavior of bird flocks 
foraging, and it is simple to implement and easy to 
compute. However, it also suffers from the problem of 
being trapped into a local optimal solution (Ardia et 
al., 2011). As an improved version of GA, DE has 
attracted much attention recently for using float-
ing-point instead of bit-string encoding of population 
members and arithmetic operations instead of logical 
operations in mutation (in contrast to classic GA) 
(Ardia et al., 2011). However, the performance of DE 
is sensitive to the selection of the mutation strategy 
(Mallipeddi et al., 2011). Usually, a reliability muta-
tion strategy is selected to guarantee the global 
searching ability, whereas this strategy often leads to 
slow convergence. In other words, different parameter 
selection methods have their own advantages and 
disadvantages. To realize advantageous complemen-
tarities between DE and PSO algorithms, a hybrid 
differential evolution and particle swarm optimization 
(HDEPSO) algorithm is proposed in this paper for the 
parameter optimization of LSSVM. 

 
 

2 Complete ensemble intrinsic time-scale 
decomposition 

2.1  Intrinsic time-scale decomposition method 

For details of ITD, we refer readers to Frei and 
Osorio (2007). In the original ITD method, the base-
line is obtained by using linear interpolation, but 
linear interpolation is not accurate enough for pro-
cessing the vibration signals of diesel engines. 
Therefore, in this study, Hermite interpolation is used 
to fit the baseline of ITD. 

2.2  Mode-mixing in ITD 

The appearance of mode-mixing is a major 
shortcoming of the ITD method. Mode-mixing is 
defined as a random PRC consisting of fluctuation of 
different timescales or oscillations with similar scales 
residing in different PRCs. The mode-mixing  
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problem, which usually results from signal intermit-
tency, would not only make the corresponding PRC 
lose its physical meaning but also cause serious ali-
asing in the time-frequency distribution (Lei et al., 
2009; Lin, 2012). To illustrate the mode-mixing 
problem in ITD, a simulated signal is considered in 
this section. The simulated signal x(t) has a 
low-frequency sinusoidal wave x1(t) with unit am-
plitude as the fundamental part. At two middle crests 
of the low-frequency wave, an intermittent 
high-frequency oscillation x2(t) with an amplitude of 
0.2 rides on the fundamental. The waveforms of the 
simulated signal x(t) and its two components x1(t) and 
x2(t) are shown in Fig. 1. The ITD method is used to 
decompose signal x(t) into several PRCs and a re-
sidual signal.  

 
 
 
 
 
 
 
 
 
 
 
 
 
The decomposition results are shown in Fig. 2, 

which shows that mode-mixing occurs between PRC1 
and PRC2. Both the sinusoidal wave x1(t) and the 
high-frequency intermittent oscillation x2(t) are de-
composed into PRC1. Moreover, part of the sine wave 
x1(t) is decomposed into PRC2. The mode-mixing 
problem of ITD makes the PRCs lose their physical 
meaning, and these PRCs cannot represent the char-
acteristics of their corresponding true components 
accurately. 

2.3  Ensemble intrinsic time-scale decomposition 
based on noise-assisted analysis 

To solve the mode-mixing problem of EMD, 
many researchers employed the noise-assisted analy-
sis technique (Lei et al., 2009; Wu and Huang, 2009; 
Torres et al., 2011; Xue et al., 2015; Zhang et al., 
2015). The motivation of this method is that the white 
noise could provide a uniformly distributed scale in 
the time-frequency space. When a signal is added to  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
this white-noise background, the components in dif-
ferent scales of the signal can automatically associate 
with the similar scales of the background. Therefore, 
the mode-mixing problem can be controlled by the 
reference established by the white noise (Wu and 
Huang, 2009). Inspired by using the noise-assisted 
analysis technique for EMD, the ITD method is used 
to replace EMD in the EEMD method, and this 
method is named ensemble intrinsic time-scale de-
composition (EITD). The detailed EITD method is 
given as follows: 

Step 1: Initialize the number of ensembles M, the 
amplitude A of the added white noise, and i=1. 

Step 2: Add a random white noise with ampli-
tude A to the targeted signal x(t), and a new mixing 
signal yi(t) can be obtained: 
 

 ( ) ( ) ( ),i iy t x t n t= +  (1) 
 
where yi(t) is the noise-added signal of the ith reali-
zation and ni(t) is the ith added white noise. 

Step 3: Decompose signal yi(t) into p PRCs by 
using the ITD method: 
 

 
1

( ) PRC ( ) ( ),
p

i ij i
j

y t t u t
=

= +∑  (2) 

 
where PRCij(t) denotes the jth PRC of the ith  
realization. 

Step 4: If i<M, repeat steps 2–4 with i=i+1; else, 
go to step 5. 

Step 5: Regard the ensemble PRC ( )j t  of the M 

Fig. 1  Simulated signal x(t) and its two components x1(t) 
and x2(t) 

Fig. 2  Decomposition results PRC1, PRC2, and PRC3 and 
the residue e of the simulated signal x(t) shown in Fig. 1 
by using ITD  
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realizations for each PRCj(t) as the final decomposi-
tion result: 
 

1

PRC ( )
PRC ( ) , 1,2, , , 1,2, , ,

M
ij

j
i

t
t i M j K

M=

= = =∑    

(3) 
 
where K is the number of PRCs. 

To demonstrate EITD’s performance in over-
coming the mode-mixing problem, the simulated 
signal x(t) in Section 2.2 is decomposed again by 
using EITD with the ensemble number 100 and the 
added noise amplitude 0.05 times the standard devia-
tion of the simulated signal x(t). The decomposition 
results are shown in Fig. 3. 

Comparing Figs. 1 and 3, it can be observed that 
the intermittent high-frequency oscillation x2(t) is 
decomposed into PRC1 perfectly, while the sinusoidal 
wave x1(t) is decomposed into PRC3, PRC4, and PRC5. 
Compared with the ITD method, EITD has alleviated 
the mode-mixing problem to some extent. However, 
further improvement is still needed to completely 
eliminate the problem. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

2.4 Complete ensemble intrinsic time-scale  
decomposition 

Besides mode-mixing alleviation, it can be 
found that the mixing signals of each realization in 

EITD are different, and they are decomposed inde-
pendently. In other words, there is no connection 
between different realizations during the EITD. This 
situation may cause the number of PRCs to be not 
equal in different realizations and make the final av-
eraging very difficult to implement. In addition, since 
white noise has a strong randomness, even if a large 
number of ensembles is selected, the noise still cannot 
be completely canceled out in the ensemble-  
averaging process (Xue et al., 2015). Taking into 
account these drawbacks, a CEITD method is pro-
posed. Define the operator Hj(·) which, given a signal, 
produces the jth component obtained by ITD. The 
detailed CEITD method is described as follows: 

Step 1: Initialize different realizations of random 
white noise ni(t) (i=1, 2, ..., M) with amplitude A, 
where M is an even number and ni(t)=−nM/2+i(t) (i=1, 
2, ..., M/2). In this way, the white noise is added in 
pairs (one positive and one negative) to the targeted 
signal x(t). 

Step 2: For i=1, 2, ..., M, decompose each x(t)+ 
ni(t) by using ITD until the first PRC is obtained. 
Calculate the first PRC of CEITD: 
 

 1
1

1

PRC ( )PRC ( ) ,
iM

i

tt
M=

= ∑  (4)
 

 
where 1PRC ( )i t  is the first PRC of the ith mixing 
signal x(t)+ni(t). 

Step 3: Calculate the first residue: 
 
 1 1( ) ( ) PRC ( ).ir t x t t= −  (5)

  
Step 4: Obtain the first PRC of r1(t)+α1H1(ni(t)) 

by using ITD and define the second PRC of CEITD as 
 

 1 1 1 1
2

1

( ( ) ( ( )))PRC ( ) .
M

i

i

H r t H n tt
M
α

=

+ ⋅
=∑  (6) 

 
Step 5: For k=2, 3, …, K, calculate the kth  

residue:  
 1( ) ( ) PRC ( ).i

k k kr t r t t−= −  (7) 
 

Step 6: Obtain the first PRC of rk(t)+αk·Hk(ni(t)) 
by ITD and define the (k+1)th PRC of CEITD as 
 

 1
1

1

( ( ) ( ( )))
PRC ( ) ,

M
k k k i

k
i

H r t H n tt
M
α

+
=

+ ⋅
= ∑  (8) 

Fig. 3  Decomposition results PRC1, PRC2, …, PRC5 and 
the residue e of the simulated signal x(t) shown in Fig. 1 
by using EITD 
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where the coefficients αk=ε·std(rk(t))/std(Hk(ni(t))) are 
used to ensure a constant signal-to-noise ratio (SNR) 
between the added noise and the residue to which the 
noise is added, and ε is the ratio between noise am-
plitude and the standard deviation of signal x(t). 

Step 7: Go to step 5 with k=k+1, and repeat steps 
5–7 until rK(t) meets the termination condition of ITD. 
Finally, signal x(t) can be expressed as 
 

 
1

( ) PRC ( ) ( ).
K

k K
k

x t t r t
=

= +∑  (9) 

 
To demonstrate CEITD’s performance in overcoming 
the mode-mixing problem, the simulated signal x(t) in 
Section 2.2 is decomposed again by using CEITD 
with the ensemble number 100 and the added noise 
amplitude 0.05 times the standard deviation of signal 
x(t). The decomposition results are shown in Fig. 4. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
Comparing Figs. 1 and 4, it can be found that the 

two components contained in signal x(t) are decom-
posed into two PRCs perfectly. PRC1 and PRC3 are in 
accordance with x2(t) and x1(t), respectively. There-
fore, it can be concluded that the CEITD method can 
solve the mode-mixing problem of ITD and that it is 
better than the EITD method. In addition, PRC2 is a 
false component caused by the sudden change of the 
extreme point in the signal, and it can be eliminated 
by calculating the correlation coefficients between the 
PRCs and the simulated signal x(t). 

3  Least-square SVM with hybrid differential 
evolution and particle swarm optimization 

3.1  Least-square SVM 

Given a training set 1{ , }N
i i iy =x , where n

i ∈x   is 
the ith training sample and yi∈(0, 1) is the class label 
of xi. To classify the training set, the LSSVM (Suy-
kens and Vandewalle, 1999) approach constructs the 
optimal separating hyperplane in the form of 
 
 T( ) sign( ( ) ),y bϕ= +x w x  (10) 
 
where φ(·) is a nonlinear function that maps the input 
data into a higher dimensional feature space, w is the 
weight vector of the separating hyperplane, and b is 
the basis term. 

Parameters w and b can be obtained by solving 
the optimization problem as follows: 
 

 
T 2

, 1

T

1min ( , )
2 2

s.t. [ ( ) ] 1 , 1,2, , ,

N

i
i

i i i

J

y b i N

γξ ξ

ϕ ξ
=

= +

+ = − =

∑w e
w w w

w ξ 

 (11) 

 
where γ is the regularization parameter and ξi is the 
nonnegative error for misclassification. For the 
minimization function in Eq. (11), the first term in the 
right-hand side stands for the minimization of the 
Vapnik-Chervonenkis (VC) dimension, while the 
second term in the right-hand side minimizes the 
training errors. Define the Lagrangian function as 
follows: 
 

 T

1

( , , , ) ( , )

{ [ ( ) ] 1 },
N

i i i i
i

L b J

y b

ξ α ξ

µ ϕ ξ
=

=

− + − +∑

w w

w ξ
 (12) 

 
where μi is the Lagrange multiplier and only the 
support vectors obtain nonzero μi. The optimal solu-
tion of Eq. (12) must satisfy ∂L/∂w=0, ∂L/∂b=0, 
∂L/∂ξi =0, and ∂L/∂μi=0. After the elimination of w 
and ξ, the following linear system is obtained: 
 

 
T

T 1

0 0
,

b
γ −

     
=     +       1

Y
μY ZZ I

 (13) 

Fig. 4  Decomposition results PRC1, PRC2, and PRC3 and 
the residue e of the simulated signal x(t) shown in Fig. 1 
by using CEITD 
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where  
 

T
1 1

T
2 2

T

( )
( )

,

( )N N

y
y

y

ϕ
ϕ

ϕ

 
 
 =
 
 
  

x
x

Z

x
 

 

 
Y=[y1, y2, …, yN]T, μ=[μ1, μ2, …, μN]T, and 1=[1, 1, …, 
1]T. 

Then, a kernel function satisfying the Mercer 
condition is introduced: 

 
 T( , ) ( ) ( ).i j i jK jj =x x x x  (14) 

 
Finally, the classification function of LSSVM is 

given by 
 

 
1

( ) sgn ( , ) .
N

i i k
i

y y K bµ
=

 
= + 

 
∑x x x  (15) 

 
Commonly used kernel functions include the 

polynomial function, radial basis function (RBF), and 
sigmoid kernel function, among which the RBF ker-
nel function has been proven to be very effective 
(Vong and Wong, 2011; Xu and Chen, 2013; Su et al., 
2015). Therefore, in this study, the RBF kernel func-
tion is adopted as the kernel function of LSSVM. 

3.2  Parameter optimization of LSSVM based on 
HDEPSO 

The performance of LSSVM depends heavily on 
the selection of two parameters. One is the regulari-
zation parameter γ, by which the trade-off between 
the training error minimization and smoothness of the 
classification function can be determined. The other is 
the kernel parameter σ, which has an important in-
fluence on the distribution of the data in a high-  
dimensional space. To obtain a satisfactory classifi-
cation model of LSSVM, in this section, a novel 
HDEPSO algorithm is proposed to optimize the reg-
ularization parameter and kernel parameter of 
LSSVM. 

3.2.1  Particle swarm optimization 

For an optimization problem in a D-dimensional 
space, the PSO algorithm is initialized with a group of 

random particles, and each particle is a possible so-
lution. To find the optimal solution, each particle 
adjusts its searching velocity and direction according 
to the experience of the particle population and its 
own experience, and this process will be repeated 
until a terminal condition is met. The velocity and 
position updating formulas are as follows (Eberhart 
and Kennedy, 1995): 

 
1

1 1 2 2( ) ( ),m m m m m m
i i i i g iw c r c r+ = ⋅ + − + −v v p x p x      (16) 

 1 1,m m m
i i i
+ += +x x v  (17) 

 
where 1 2( , , , )m m m m

i i i iDx x x= x  is the position of the ith 

particle at the mth iteration, 1 2( , , , )m m m m
i i i iDv v v= v  is 

the velocity of the ith particle at the mth iteration, 

1 2( , , , )m m m m
i i i iDp p p= p  is the optimal position that the 

ith particle has reached, 1 2( , , , )m m m m
g g g gDp p p= p  is 

the optimal position that the population has reached, 
w is the inertia weight factor, c1 is the cognition 
learning factor, c2 is the social learning factor, and r1 
and r2 are two random numbers in the range [0, 1]. 
Previous studies have shown that the inertia weight 
factor w, which is used to control the impact of pre-
vious velocity on current iteration, is a very important 
parameter for the PSO algorithm (Xu and Chen, 
2013). A large w can improve the global searching 
ability but with worse local searching ability and 
lower convergence speed, while a relatively small w 
can improve the local searching ability and conver-
gence speed but with more likelihood of falling into a 
local optimum. Here, a variable inertia weight is used 
to ensure strong global searching ability in the pro-
phase of the whole searching process and strong local 
searching ability and high convergence speed in the 
anaphase of the whole searching process: 

 

 
2

max max min
1( ) ,m

mw w w w
t
− = − − ⋅ 

 
 (18) 

 
where m is the index of the current generation, t is the 
maximum number of generations, wmax is the maxi-
mum inertia weight factor, and wmin is the minimum 
inertia weight factor. 
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3.2.2  Differential evolution 

For an optimization problem in a D-dimensional 
space, the DE algorithm randomly initializes a pop-
ulation of NP individuals within the search space 
(Storn and Price, 1997). The ith individual of the 
population xi, the so-called target, can be expressed as 
xi=(xi,1, xi,2, …, xi,D), i=1, 2, …, NP. 

After initialization, DE employs the mutation 
operation to produce a mutant vector vi for each in-
dividual in the population. There are many strategies 
for the mutation operation, among which the follow-
ing strategy is frequently used: 
 
 

1 2 3
( ),i i i iF= + ⋅ −v x x x  (19) 

 
where indices i1, i2, and i3 are mutually exclusive 
integers randomly generated within range [1, NP]. For 
each mutant vector, these indices are randomly gen-
erated once. F is a positive scaling factor, used to 
control the influence of the difference vector. 

After the mutation phase, the binomial crossover 
operation is applied to each pair of the mutant vector 
vi and its corresponding target vector xi to generate a 
trial vector ui=(ui,1, ui,2, …, ui,D): 
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where randb is a random number in the range [0, 1], 
CR is the crossover probability, which controls the 
fraction of parameter values that are copied from the 
mutant vector, and randr is a randomly chosen integer 
in the range [1, D], used to ensure that the trial vector 
ui has some difference with the target vector xi. 

If an element of the trial vector is found to ex-
ceed the bounds after mutation and crossover, it will 
be reset in the pre-specified range. Then, the objective 
function values for all trial vectors are evaluated. If a 
trial vector f (ui) has an objective function value which 
is not larger than that of the corresponding target 
vector f (xi), it will replace the corresponding target 
vector in the population for the next generation; oth-
erwise, the target vector xi will be retained. The se-
lection operation is expressed as follows: 

 
, ( ) ( ),
, otherwise.

i i i
i

i

f f≤
= 


u u x
x

x
 (21) 

 
The mutation, crossover, and selection operations will 
be repeated until a termination condition is met.

 
3.2.3  Hybrid differential evolution and particle 
swarm optimization 

Targeting the commonality of iterative optimi-
zation of DE and PSO, and to realize advantageous 
complementarities, a hybrid optimization algorithm 
called HDEPSO is proposed. The detailed HDEPSO 
algorithm is as follows (Fig. 5): 

Step 1: Initialize the control parameters of DE 
and PSO, including the maximum number of genera-
tions, scaling factor of mutation operation, crossover 
probability, cognition learning factor, social learning 
factor, maximum inertia weight factor, and minimum 
inertia weight factor. 

Step 2: Initialize the population of DE, and use 
this population also for PSO. Initialize the velocities 
of the particles in the PSO algorithm. 

Step 3: Calculate the individual fitness and select 
the optimal individual of DE. Calculate the individual 
fitness and find out the optimal position of each par-
ticle and the optimal position of the population of 
PSO. 

Step 4: Compare the optimal solution of DE and 
PSO in each generation. If the optimal solution of 
PSO has an objective function value which is not 
larger than that of DE, the optimal solution of DE will 
be regarded as the overall optimal solution, and the 
worst particle of PSO will be replaced by the best 
individual of DE; otherwise, the optimal solution of 
PSO will be regarded as the overall optimal solution, 
and the worst individual of DE will be replaced by the 
best particle of PSO. 

Step 5: Perform the mutation, crossover, and 
selection operations on the population of DE. Update 
the velocity and position of each particle in the PSO 
algorithm. 

Step 6: Repeat steps 3–5 generation after gener-
ation until a termination criterion (reaching the 
maximum number of generations) is satisfied. Then 
the overall optimal solution is outputted as the opti-
mization results of the HDEPSO algorithm. 
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4  Feature extraction and the fault diagnosis 
approach based on CEITD and LSSVM 

4.1  Feature extraction 

4.1.1  Singular value decomposition 

On the basis of matrix theory, singular values 
can reflect the nature and characteristics of matrix. 
However, its application is often limited in fault di-
agnosis because the reconstruction parameters, such 
as embedding dimension and lag time, must be de-
termined before the singular value decomposition 
(SVD) technique is used. Fortunately, after the de-
composition of CEITD, the initial feature vector ma-
trices of the SVD technique are formed automatically 
by the PRCs. Therefore, the characteristics of the fault 
signal can be described by the singular values of the 
PRCs matrices. For a detailed definition of the SVD 
technique, readers can refer to Zhao and Ye (2011). 

4.1.2  PRCs’ energy and energy entropy 

When a fault occurs in a diesel engine, the cor-
responding energy distribution will change signifi-
cantly. Therefore, the energy of PRCs, which can 
reflect the energy distribution in different frequency 
bands of the vibration signal, is used as the fault fea-
tures in this study. In addition, to measure the ran-
domness of energy distribution, the energy entropy is 
selected as the fault feature. Suppose E1, E2, …, En are 
the energy of the PRCs produced by CEITD. The 
energy entropy is defined as follows: 

 EN
1

log ,
n

i i
i

H p p
=

= −∑  (22) 

 
where pi=Ei/E represents the percentage of energy of 
each PRCi in the signal energy, where the signal en-

ergy is 
1

n
ii

E E
=

=∑ . 

4.1.3  Autoregressive model parameters 

As a typical time-series analysis method, the 
autoregressive (AR) model can effectively reflect the 
essential characteristics of a dynamic system, and its 
coefficients are very sensitive to the variations in the 
condition (Cheng et al., 2006). The AR model was 
established for each PRCi as follows: 
 

 
1

PRC ( ) PRC ( ) ( ),
n

i ik i i
k

t a t k e t
=

= − − +∑  (23) 

 
where aik is the autoregressive coefficient, n is the 
model order, which is decided by the Akaike infor-
mation criterion (AIC) (Shibata, 1976), and ei(t) is a 
Gaussian white noise series with zero mean and var-
iance 2

iσ . Since the first several aik values contain the 
major characteristics of a dynamic system and the 
remnant variance 2

iσ
 
is closely related to its output 

characteristics (Cheng et al., 2006), the first four 
autoregressive coefficients and the remnant variance 
of the PRCs were selected as the fault features. 

4.2  Fault diagnosis approach for diesel engines 
based on CEITD and LSSVM 

The fault diagnosis approach for diesel engines 
based on CEITD and LSSVM is as follows (Fig. 6): 

Step 1: Collect the vibration signals of the diesel 
engine in normal and fault conditions, and divide the 
vibration signals into several samples. 

Step 2: Each sample is decomposed into a series 
of PRCs and a residual signal by CEITD.  

Step 3: Extract the singular values, PRCs energy 
and energy entropy, and AR model parameters of the 
first several PRCs as the fault feature vectors. 

Step 4: Divide the samples into two subsets: the 
training samples and the testing samples. 

Step 5: Use the fault feature vectors of the 
training samples to train the HDEPSO-LSSVM 
model. 

Fig. 5  Flowchart of the hybrid differential evolution and 
particle swarm optimization (HDEPSO) algorithm 
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Step 6: The fault feature vectors of testing sam-
ples are fed into the trained HDEPSO-LSSVM model, 
and the fault results are obtained. 

 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

 
 
5  Experiment and application 

5.1  Experimental setup 

All the data used in this work were collected 
from an experimental test rig (Fig. 7), which consists 
mainly of a diesel engine, a computer, and an LMS 
SCADA III multi-analyzer system (LMS Company, 
Belgium). 

The 3D accelerometer is attached to the sixth 
cylinder head of the diesel engine, and the signals of 
its vertical direction were selected for fault diagnosis. 
The photoelectric sensor and the reflective stripe were 
used for the measurement of the engine speed and the 
top dead center position of the sixth cylinder. The 
LMS SCADA III multi-analyzer system was used to 
control the data acquisition, and the collected signals 
were stored in the computer for further analysis. 

5.2  Fault simulation and data acquisition 

One normal and five fault conditions were sim-
ulated on the sixth cylinder of the diesel engine; the 
specific parameters of the six working conditions are  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
listed in Table 1. The clearance faults of intake and 
exhaust valve trains were simulated by adjusting the 
valve clearance adjustment screw of the sixth cylinder. 
Fuel supply faults were simulated by adjusting the 
fuel supply advance angle. Engine misfire refers to 
the phenomenon in which the mixture combustion 
flame cannot spread in the cylinder; i.e., there is no 
combustion in the cylinder. Therefore, misfire fault 
was simulated by cutting off the fuel supply system 
(Yang et al., 2015; Zheng et al., 2015). To reduce the 
crankshaft speed fluctuation and to keep the fault 
detection as simple as possible, the measurement was 
performed at the idle speed of 950 r/min. The sam-
pling frequency was set to 25 000 samples per second, 
and a total of 30 samples under each condition were 
collected. Each sample contained 3158 data points, 
which correspond to one combustion cycle. Fig. 8 
presents the vibration signals of the diesel engine in 
six working conditions. 

 

 

 
 

 

 

 

 

 

Table 1  Six working conditions of the diesel engine 
Working 
condition Description 

1 Normal 
2 Intake valve clearance increased by 0.2 mm  
3 Exhaust valve clearance increased by 0.2 mm 
4 Fuel supply advance angle decreased by 3° 
5 Fuel supply advance angle increased by 3° 
6 Misfire of the sixth cylinder 

 

Fig. 6  Flowchart of the proposed fault diagnosis ap-
proach 
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5.3  Application and comparison 

5.3.1  Fault diagnosis results 

The vibration signals of different working con-
ditions were decomposed into several PRCs by using 
the CEITD method with the ensemble number 100 
and the added noise amplitude 0.05 times the standard 
deviation of the signal. Considering the limited space, 
only the decomposition results of the early fuel supply 
condition (working condition 5) are presented in  
Fig. 9. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Since the information of the vibration signals of 
diesel engines is contained mainly in the first several 
PRCs, three typical types of time-frequency features, 
namely singular values, PRC energy and energy  

Fig. 8  Vibration signals of the diesel engine in six work-
ing conditions: (a) the normal condition; (b) the intake 
valve train in the excessive clearance condition; (c) the 
exhaust valve train in the excessive clearance condition; 
(d) the late fuel supply condition; (e) the early fuel supply 
condition; and (f) the 6th cylinder misfire condition 

Fig. 9  CEITD decomposition results PRC1, PRC2, …, 
PRC8 and the residue e of the diesel engine in the early 
fuel supply condition (Fig. 8e and working condition 5) 
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entropy, and AR model parameters, were extracted 
from the first five PRCs and used as the fault feature 
vectors. For the purpose of eliminating the influence 
of the range of features, all the values of fault features 
were normalized into range [0, 1] and randomly di-
vided into two subsets: the training set (20 samples of 
each condition) and the testing set (10 samples of 
each condition). Finally, the one-versus-one method 
was used to construct the multi-LSSVM model, and 
the proposed HDEPSO algorithm was used to opti-
mize the regularization parameter γ and the kernel 
parameter σ of LSSVM. Here, the average classifica-
tion accuracy of K-fold (K=5) cross-validation was 
selected as the fitness function. The searching range 
of γ and σ was set to (0, 100]. After implementing a 
number of different trials on the same processor, the 
maximum number of generations was set to 100, the 
number of individuals was set to 20 (10 for each di-
rection), the scaling factor of mutation operation F 
was set to 0.9, the crossover probability CR was set to 
0.5, the cognition learning factor c1 was set to 1.5, the 
social learning factor c2 was set to 1.7, the maximum 
inertia weight factor wmax set to 0.9, and the minimum 
inertia weight factor wmin was set to 0.4. The fitness 
curve of the HDEPSO algorithm is given in Fig. 10. 
After the optimization process was finished, the best γ 
was 65, and the best σ was 0.019. Training LSSVM 
with these parameters, the fault patterns of testing 
samples were obtained by putting the fault feature 
vectors into the trained HDEPSO-LSSVM classifier. 
The corresponding fault diagnosis results are listed in 
Table 2. 

 
 
 
 
 
 
 
 
 
 
 
From Fig. 10, it can be observed that DE and 

PSO algorithms promote each other, and after 60 
generations they converge to the overall optimal so-
lution. From Table 2, it can be observed that only one 
sample of condition 1 is misclassified to condition 2, 

 
 
 
 
 
 
 
 
 
 
 
 
 
one sample of condition 3 is misclassified to condi-
tion 1, and the total recognition rate of the six working 
conditions is 96.3%. Therefore, it can be concluded 
that the proposed fault diagnosis approach can accu-
rately identify the fault patterns of diesel engines.  

5.3.2  Comparison 

To further illustrate the effectiveness of the 
proposed fault diagnosis approach, several compari-
sons were made. First, the ITD, EEMD, and EITD 
methods were selected to replace the CEITD method 
in signal processing. The ensemble number and the 
added noise amplitude of EEMD and EITD were the 
same as those used for CEITD. Then, the singular 
values, energy and energy entropy, and AR model 
parameters of the first five components (PRCs or 
IMFs) were extracted as the fault feature vectors. 
Finally, to accomplish the fault diagnosis of the diesel 
engine, all fault features were normalized into the 
range 0 to 1, and the fault features obtained by each 
signal processing method were respectively fed into 
the LSSVM classifiers optimized by different pa-
rameter optimization methods, namely GA, PSO, DE, 
and HDEPSO. For GA, the maximum number of 
generations was set to 100, the number of individuals 
was set to 20, the mutation probability was set to 0.01, 
and the crossover probability was set to 0.4. The pa-
rameters of PSO, DE, and HDEPSO were the same as 
those used in Section 5.3.1. The fault diagnosis results 
are presented in Table 3. 

From Table 3, it can be observed that the average 
fault diagnosis accuracy of using CEITD for signal 
processing is higher than that when using EEMD and 
EITD, and the average accuracy of using ITD is the 
lowest. The main reason is the appearance of mode- 
mixing in ITD, which makes some PRCs lose their 

Table 2  Fault diagnosis results 

Working 
condition 

Recognition rate (%) 
1 2 3 4 5 6 

1 90 10 0 0 0 0 
2 0 100 0 0 0 0 
3 10 0 90 0 0 0 
4 0 0 0 100 0 0 
5 0 0 0 0 100 0 
6 0 0 0 0 0 100 

 

Fig. 10  Fitness curve of the HDEPSO algorithm 
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physical meaning and provides false characteristic 
information. The mode-mixing problem can be 
solved to a certain extent by EEMD and EITD, so that 
the corresponding fault diagnosis accuracies of using 
EEMD and EITD for signal processing are higher 
than that when using ITD. However, besides mode- 
mixing alleviation, two problems were introduced. 
One is that the residual noise could not be completely 
canceled out; the other is that the final averaging was 
very difficult to implement. These two problems will 
cause large errors in the components produced by 
EEMD and EITD. In the CEITD method, the white 
noise is added in pairs (one positive and one negative), 
so that the residual noise can be almost completely 
eliminated. Moreover, the PRCs of CEITD are ob-
tained in sequence by adding different amplitudes of 
the noise to the residue, so there is no difficulty in 
performing the final averaging. Therefore, the fault 
diagnosis accuracy of using CEITD for signal pro-
cessing is the highest. In addition, it can be observed 
that no matter what signal processing method is used, 
the fault diagnosis accuracy of HDEPSO-LSSVM is 
higher than those of GA-LSSVM, PSO-LSSVM, and 
DE-LSSVM. This is due mainly to the fact that the 
information is transferred between DE and PSO in 
each generation during the optimizing process of the 
HDEPSO algorithm. By replacing the worst particle 

of PSO with the best individual of DE, or replacing 
the worst individual of DE with the best particle of 
PSO, HDEPSO realized advantageous complemen-
tarities between DE and PSO algorithms. Therefore, it 
is easier for the HDEPSO algorithm to jump out the 
local optimal solution and rapidly converge to the 
global optimal solution. 

To show the efficacy of the fault features used in 
this study, the time-domain features, frequency-  
domain features, singular values, PRC energy and 
energy entropy, and AR model parameters were se-
lected to replace the fault feature vectors used in 
Section 5.3.1. The time-domain features, including 11 
commonly used time-domain statistical characteris-
tics, were calculated for the first five PRCs, and a 
total of 55 time-domain features were obtained. The 
frequency-domain features, including 13 commonly 
used frequency-domain statistical characteristics, 
were also calculated for the first five PRCs and a total 
of 65 frequency domain features were obtained. The 
detailed definition of the time- and frequency-domain 
features can be found in Lei et al. (2007). Then, all 
fault features were normalized into the range 0 to 1, 
and HDEPSO-LSSVM was selected as the classifier 
for fault diagnosis. The fault diagnosis results with 
different fault feature vectors are shown in Table 4. 
 
 
 
 
 
 
 
 
 
 

Table 4 indicates that the time- and frequency- 
domain features, which have been successfully used 
in the fault diagnosis of rotating machinery, are infe-
rior to the fault features used in the proposed ap-
proach. This is due mainly to the fact that the time- 
and frequency-domain features are not suitable for 
describing the characteristics of the transient and 
nonstationary vibration signals. Moreover, these 
features fail to reflect the relationship between dif-
ferent PRCs. By adopting singular values, PRC en-
ergy and energy entropy, and AR model parameters 
together as the fault feature vectors, the optimal fault 
diagnosis accuracy is obtained, and the combination 

Table 3 Comparisons of different signal processing 
methods and parameter optimization methods 

Signal 
processing 

method 

Parameter 
optimization 

method 

Recognition 
rate 

Average 
recognition 

rate 

ITD 

GA 83.3% 

83.3% 
PSO 80.0% 
DE 83.3% 

HDEPSO 86.7% 

EEMD 

GA 91.7% 

90.8% 
PSO 90.0% 
DE 90.0% 

HDEPSO 91.7% 

EITD 

GA 91.7% 

90.8% 
PSO 88.3% 
DE 90.0% 

HDEPSO 93.3% 

CEITD 

GA 86.7% 

92.0% 
PSO 91.7% 
DE 93.3% 

HDEPSO 96.7% 
 

Table 4  Fault diagnosis results with different fault features 
Fault feature Recognition rate 

Time-domain features 76.7% 
Frequency-domain features 80.0% 
Singular values 65.0% 
Energy features 62.0% 
AR model parameters 81.7% 
Three typical time-frequency features 96.7% 
 



Zhang et al. / Front Inform Technol Electron Eng   2017 18(2):272-286 285 

of different types of features is obviously superior to 
using one type of feature alone. The main reason is 
that the AR model can effectively reflect the essential 
characteristics of a dynamic system, and its coeffi-
cients are very sensitive to condition variation. 
Moreover, the singular values and PRC energy and 
energy entropy can be a supplement to the AR model 
parameters, although the fault diagnosis accuracy of 
using one of them alone as fault feature vectors is not 
high. Therefore, it can be concluded that the fault 
features used in this study are effective, and the 
combination of different types of time-frequency 
features is essential. 
 
 
6  Conclusions 
 

In this study, a novel approach based on CEITD 
and HDEPSO-LSSVM was proposed for the identi-
fication of diesel engine faults. First, targeting the 
nonstationary characteristics of the vibration signals 
of diesel engines, a new nonstationary signal pro-
cessing method, ITD, was introduced to process the 
vibration signals. However, the mode-mixing prob-
lem, which makes the decomposition results devoid 
of physical meaning, often occurs when the ITD 
method is performed in practice. Therefore, to alle-
viate the mode-mixing problem of ITD, a CEITD 
method based on the noise-assisted analysis technique 
was presented. By applying the CEITD method to the 
vibration signals of the diesel engine, a set of sta-
tionary PRCs with no mode-mixing could be obtained. 
Second, the singular values, PRC energy and energy 
entropy, and AR model parameters of the first five 
PRCs were extracted as the fault feature vectors. 
Finally, targeting the parameter optimization problem 
of LSSVM, a HDEPSO algorithm was proposed, and 
the HDEPSO-LSSVM classifier was used to fulfill 
the fault diagnosis of the diesel engine. Experimental 
results showed that the proposed fault diagnosis ap-
proach could obtain satisfactory diagnosis results and 
offer superior fault diagnosis ability to traditional 
methods. 
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