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Abstract: According to the statistics, over 30 % of rotating equipment faults occurred in bearings. Therefore, 
the fault diagnosis of bearing has a great significance. To achieve effective bearing faults diagnosis, a diagnosis 
model based on support vector machine (SVM) and accelerated particle swarm optimization (APSO) for bearing 
fault diagnosis is proposed. Firstly, empirical mode decomposition (EMD) is adopted to decompose the fault 
signal into sum of several intrinsic mode function (IMF). Then, the feature vectors for bearing fault diagnosis 
are obtained from the IMF energy. Finally, the fault mode is identified by SVM model which is optimized by 
APSO. The experiment results show that the proposed diagnosis method can identify the bearing fault type 
effectively. Copyright © 2014 IFSA Publishing, S. L. 
 
Keywords: Accelerated particle swarm optimization, Support vector machine, Parameter optimization, Fault 
diagnosis, EMD decomposition. 
 
 
 
1. Introduction 
 

With the development of modern industrial 
production, operational reliability of mechanical 
equipment has received great attention and the 
diagnostic techniques are also developed rapidly. As 
an important component of rotating equipment, 
bearing is easy to be damaged under the all kinds of 
complicated load. Meanwhile, the variation of 
installment, lubrication and work environment also 
can result in damage. Therefore, diagnosis of bearing 
fault has a great practical significance. 

Currently, diagnosis of bearing fault is mainly 
based on intelligent diagnosis technology. Pu [1] 
proposed a diagnosis method based on neural 
network, i.e. a 3-layer BP neural network diagnosis 
model was constructed with 7 features extracted from 
the bearing monitoring system (to be used as input 

quantity) and 5 output quantities of the corresponding 
fault type. Wu [2] provided a feasible solution for 
diagnosis of rotating bearing, i.e. a self-organizing 
maps neural network diagnosis model was 
constructed with 5 parameter indexes (crest factor, 
form factor, pulse factor, margin factor and kurtosis) 
extracted from vibration time domain waveform of 
the rotating bearing (to be used as input parameters) 
on the basis of analysis on the relationship between 
bearing fault and vibration signal. Jiang [3] built a 
multiple fault diagnosis model based on LVQ neural 
network, i.e. the collected vibration signal of fault 
bearing is decomposed into eight sub-bands using 
db16 wavelet, the signal energy of each sub band is 
used as the input of the neural network. Cheng [4] 

introduced ant colony optimization for the weight 
learning in neural network and improved its accuracy 
of diagnosis model. Peng [5] introduced multi-
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resolution wavelet transform into neural network and 
built a wavelet neural network model for bearing 
fault diagnosis. According to analysis of 
experimental data, wavelet neural network model has 
faster convergence speed than the BP neural network. 
Usually there have a small amount of bearing fault 
samples. Therefore, Li [6] built mechanical fault 
diagnosis with SVM. The experiment results show 
that SVM model is more suitable for this situation. 
However, it takes a lot of time to determine the fittest 
model parameters. 

As an intelligent optimization algorithm, SPSO 
can obtain the globally optimal solution by 
information exchange and sharing of the individual 
particle and population. As a variant of SPSO, APSO 
only adopts globally optimal solution to guide the 
update of particle speed in the speed update formula. 
Hence the convergence speed of SPSO was improved 
effectively. The advantage of APSO algorithm in 
rapid convergence, strong robustness and 
independent from specific solving model is suitable 
for model parameters optimization. In this paper, we 
propose a bearing fault diagnosis model combining 
EMD and SVM model parameter optimized by 
APSO, which has better accuracy and generalization 
performance for bearing fault diagnosis. 
 
 

2. The Support Vector Machine  
 

SVM is a new machine learning method 
developed on the basis of VC dimension theory, the 
statistical learning theories, and structural risk 
minimization principle. Comparing with neural 
network, it overcomes some difficulties such as the 
locally optimum solution and uncertain problems in 
topological structure. Thus the C-SVM [7-9] model is 
applied to fault diagnosis of bearing in this paper. 

Given a set of training data sample of the bearing 
fault T={(x1, y1),…,(xl, yl)∈(X×Y)}, where xi∈X∈Rn, 
yi∈Y={-1,1},i=1,2,…l, l is the sample number, n is 
the number of  features. C-SVM model solves the 
following original optimization problems: 
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The dual optimization form: 
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where the e is the unit vector, Q is the l×l positive 
semi-definite matrix, Qij = yiyjK(xi,xj), K(xi,xj) =  
= Φ(xi)TΦ(xj). Thus, the decision function is created 
by solving the dual optimization above, the SVM 
classifier model can obtained as: 
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There are many types of common kernel 

functions, such as: 
Linear kernel function: 

 
 ( , )K x y x y= ⋅ , (4) 

 
Polynomial kernel function:  

 
 ( , ) ( 1)dK x y x y= ⋅ + , (5) 

 
Gaussian kernel function:    

 
 2

( , ) exp( )K x y x yγ= − − , (6) 

 
There are two parameters in C-SVM: the penalty 

coefficient C, and the kernel parameters γ, d, both of 
them affect the generalization and classification 
performance of C-SVM [10-12]. For a specific 
problem, how to choose the suitable parameters for 
model is difficult. Thus some kind of parameter 
selection method must be done. PSO, due to easy 
realization and less adjusted parameters, is widely 
used in optimization problems. The SPSO [13] and 
APSO [14] are adopted to select the optimal 
parameters of C-SVM model in this study. 
 
 
3. The Accelerated Particle Swarm 

Optimization 
 

SPSO obtains the optimum solution by 
initializing a group of random particles (random 
solution) firstly, and all particles move in the 
searching space and then finding the optimum 
solution in the process of iteration. In iteration 
process, the particles adjust their positions according 
to their tracking of the individual and globally 
optimal solutions until find out the optimum solution. 
Formulas for speed and position change of particle 
are as follows [13]:  
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where 1≤i≤n, 1≤j≤d; c1 and c2 are acceleration 
factors; r1 and r2 are random numbers between [0, 1]; 
w is inertia factor. The range of position change and 
speed change in [-xj,max, xj,max] and [-vj,max, vj,max] 
respectively. In case that xij or vij exceeds the 
boundary value during the process of iteration, the 
boundary value will adopted for calculation. 

In SPSO, search path of particles is in zigzag due 
to the impact of present population globally optimal 
solution and individual optimum solution so that the 
convergence speed is affected. Yang [14] proposed 
APSO, which only adopting globally optimal solution 
in particle speed change formula (7). So, the formula 
can be simplified as: 
 

 
1 2( 1) ( ) [ ( )]ij ij gj ijv t v t c r c p x t+ = + + − , (9) 

 

where r is the random number between [0, 1] and the 
second term item of the left of formula (7) can be 
dropped, while the position change formula is the 
same as formula (8). In order to further improve 
convergence speed, formula (8) and formula (9) are 
combined as a formula of position change: 
 

 
2 2 1( 1) (1 ) ( )ij ij gjx t c x t c p c r+ = − + + , (10) 

 

The simplified formula (10) replaces speed term 
with stochastic term c1r, for avoiding of the locally 
optimum solution. In order to improve the stability of 
this optimization algorithm, c1 need be decreases as 
the iterative step increases, we use 
 

 
1

tc δ= , (11) 
 

where 0<δ<1 can be taken as 0.7 to 0.9 for most 
cases; here t∈[0,tmax] and tmax is the maximum  
of iterative. 
 
 

4. Bearing Fault Diagnosis Based  
on APSO-SVM 

 

In the process of bearing diagnosis, the feature 
vector extracted from vibration signals, to some 
extent, has a great impact on the diagnosis accuracy. 
Usually the features of time domain statistics and the 
frequency domain are used in fault diagnosis of 
bearing. EMD [15] is adopted for extracting feature 
vectors of vibration signals in this work. It can 
decompose the original vibration signal into sum of 
the IMF. The decomposed IMF includes different 
frequency contents. When the bearing breakdowns 
occur, the fault source will produce the 
corresponding intrinsic frequency and then the signal 
energy E1，E2,…,En of each IMF will change. 
Therefore, the IMF’s amplitude energy can be used 
as feature vector characterizing different faults of 
bearing. 

The vibration signal of bearing is decomposed 
into sum of the IMF [16]: 
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where ci(t) is the ith IMF; rn is the central tendency of 
signal x(t). Each IMF decomposed by EMD can be 
expressed as: 
 

 ( ) ( ) cos ( )i i ic t a t tφ= , (13) 

 
where ai(t) is the amplitude function transformed by 
Hilbert transform of the ith IMF; the amplitude energy 
of each IMF is calculated as follows: 
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where the Ei is the amplitude energy of the ith IMF 
decomposed from vibration signal; N is the data 
length of each IMF. Feature vector constructed with 
the amplitude energy of each IMF as basic elements 
is as follows: 
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where n is the number of IMF. In order to avoid 
attributes in greater numeric ranges dominating those 
in smaller numeric ranges, all feature samples C are 
regulated by normalization processing, given that 
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The process of fault diagnosis based on APSO-
SVM is shown in Fig. 1. The calculation procedure is 
as follows: 

1) Collecting the vibration signals of bearing with 
different fault models, computing amplitude energy 
C’ of the first n IMF in each model and using them as 
input feature vector xi={xi1,xi2,… ,xin}, setting the 
corresponding class label yi according to multi-class 
SVM principle and building training sample set 
{xi,yi}(i=1, …,M); 

2) Mapping the training data into high-
dimensional feature space by kernel function, the 
fitness function is selected as LOO error, obtaining 
the optimum kernel parameter γ, d and penalty 
parameter C by SPSO and APSO, solving the 
formula (4) with the training data and obtaining (w,b) 
and the corresponding support vector α; 

3) Constructing the classification model (3) of 
bearing fault according to the obtained (w, b) and the 
corresponding support vector α; 

4) Based on this established model, the vibration 
signal of bearing collected by sensor is preprocessed, 



Sensors & Transducers, Vol. 175, Issue 7, July 2014, pp. 207-213 

 210

computing the corresponding feature vectors and 
send it to the model for fault identification of bearing. 
 
 

 

 
Fig. 1. The bearing fault diagnosis model based  

on PSO-SVM. 
 
 
5. Experimental Results and Analysis 
 
5.1. Experiment System 
 

This paper adopts bearing test data from CWRU 
(Case Western Reserve University Bearing Data 
Center) [17]. 6205-2RS Deep Groove Ball Bearings 
of SKF company, with inner diameter 25 mm, 
external diameter 52 mm and thickness 15 mm, is 
used in this experiment. Three fault models (outer 
ring fault, inner ring fault and rolling element fault) 
simulated by artificial defects in inner, outer rings 
and the rolling element body through electrical 
discharge machining. The principal axis rotates at the 
speed of 1,750 r/min. The acceleration sensor 
mounted on bearing box collects vibration signals of 
different fault models at 12000 samples/s. Each 
original signal was divided into 40 signals, and the 
length of the signal after divided is 4096 data points. 
40 data samples (totally 120 groups of data) were 
collected from the vibration signal of three fault 
conditions (inner ring, external ring and rolling 
element single point corrosion) and 40 data sample 
were collected from the vibration signal of normal 
condition. 
 
 
5.2. Features Extraction 
 

In order to diagnose fault model effectively, four 
types of vibration signal of bearing were handled by 
EMD and the amplitude energy of the first 10 IMF of 
each type of vibration signal was extracted and used 
as the feature vector of the fault model. Fig. 2 shows 
the time domain waveform of the vibration signals 

under 4 fault conditions. Meanwhile Fig. 3 shows 
EMD of the vibration signal for inner ring fault  
of bearing. 
 
 

 
 

(a) Normal condition 
 

 
 

(b) Inner ring fault 
 

 
 

(c) External ring fault 
 

 
 

(d) Rolling element fault 
 

Fig. 2. Time domain of vibration signal for deep groove 
ball bearing fault. 
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The first 10 IMF components of bearing under 
different fault conditions are calculated and the 
instantaneous amplitude of each IMF is obtained used 
as input feature vector of proposed model, a part of 
these feature vectors is shown Table 1. The data 

samples of feature vectors are divided into training 
sets and test sets. The training sets are used for 
training fault diagnosis model of PSO-SVM, while 
the test sets are used for testing diagnosis accuracy of 
the model. 

 
 

 
 

Fig. 3. EMD of vibration signal for inner ring fault. 
 
 

Table 1. Feature vectors of bearing fault. 
 

Fault 
Condition 

Sample 
No. 

Energy Features of IMF Instantaneous Amplitude 
E1 E2 E3 E4 E5 E6 E7 E8 E9 E10 

Normal 
1 0.5127 0.7063 0.1058 0.2527 0.3964 0.0774 0.0047 0.0031 0.0015 0.0000 
2 0.5265 0.7129 0.1891 0.2602 0.3288 0.0543 0.0090 0.0061 0.0039 0.0000 

Inner Ring Fault 
1 0.9609 0.2515 0.1028 0.0500 0.0193 0.0067 0.0011 0.0004 0.0007 0.0003 
2 0.9504 0.2879 0.1034 0.0522 0.0194 0.0041 0.0015 0.0003 0.0002 0.0001 

External Ring 
Fault 

1 0.7419 0.6615 0.1061 0.0267 0.0090 0.0009 0.0009 0.0006 0.0001 0.0000 
2 0.7077 0.6986 0.1027 0.0233 0.0060 0.0018 0.0004 0.0001 0.0002 0.0000 

Rolling Element 
Fault 

1 0.7221 0.6297 0.2421 0.1498 0.0332 0.0047 0.0023 0.0017 0.0009 0.0002 
2 0.7511 0.5932 0.2639 0.1160 0.0291 0.0033 0.0023 0.0010 0.0006 0.0002 
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5.3. Performance Comparison Between 
Different Optimization Algorithms 

 

Since the penalty factor and kernel parameter in 
SVM model need to be optimized, the dimension of 
particle in PSO is set as 2, the particle number 20, the 
iteration time 100, and initialization of the original 
position and speed of the particle swarms are done 
according to the range of optimal parameters. Linear 
decrease strategy is adopted in inertia weight factor 
of SPSO, i.e. the original value takes the maximum 
value 0.9, the minimum value 0.2 is took at the end, 
learning factor c1=c2=1.5; δ in APSO is set as 0.8, 
optimization range of bio-dimensional particle are 
respectively [0.01, 120] and [0.01, 30]. 

The optimization process is stop when some stop 
criterion is met, i.e. the number of iteration steps 
reaches the preset valve in the above process. The 
obtained optimum penalty factor and kernel 
parameters are used for constructing the fault 
identification model. The obtained optimum model 
parameters of different kernel functions by SPSO and 
APSO are shown in Table 2. 
 
 

Table 2. The optimal model parameters  
and the corresponding classification accuracy. 

 

Optimization  
Algorithm 

Kernel 
Function 

Parameter 
Values 

Classification 
Accuracy (%) 

SPSO 

Linear(C) 48.2 87.5 
Polynomial 
(C, d) 

(35.4,2) 91.8 

Gaussian 
(C, γ) 

(21.5,0.1) 95.1 

APSO 

Linear(C) 51.3 88.6 
Multinomial 
(C, d) 

(29.1,1.8) 93.4 

Gaussian 
(C, γ) 

(23.4,0.4) 97.9 

 
 

From the Table 2, we found that APSO can gain 
better model parameters when comparing with SPSO. 
Kernel function in SVM has an important impact on 
diagnosis accuracy, among of which, Gaussian 
Kernel Function can get the best classification 
accuracy. With test sets, the testing results of the 
diagnosis model with optimal parameters are shown 
in Fig. 4. 
 
 

 

 
Fig. 4. Comparison of fault diagnosis accuracy. 

From the Fig. 4, it can be seen that APSO can 
obtain better globally optimal parameter than the 
SPSO. Therefore, APSO-RBF-SVM model has better 
identification accuracy for bearing fault. 
 
 
5.4. Robustness Analysis 
 

Anti-noise performance of the model is an 
important index for robustness assessment. To 
analyze their performance, add a=0.1, 0.2, 0.3 
random noise to the sample data. The original feature 
vector is changed into xi’=[xi1’, xi2’, xi3’, xi4’,…, 
xi10’], where xij’ = xij (1+α•rand(1)) (i=1,…, 160, j=1, 
…, 10), xij is the extracted feature from the bearing 
vibration signal. Each changed feature samples is 
carried out and the accuracy obtained from these tests 
is shown in Fig. 5. 
 
 

 

 
Fig. 5. Comparison of anti-noise capability. 

 
 

Fig. 5 shows the APSO-SVM model has better 
diagnosis accuracy and stronger anti-noise 
performance than SPSO-SVM. The result shows that 
the proposed method is effective for bearing fault 
diagnosis. Though the input feature vector is 
distorted by some noise, the diagnosis model still can 
obtain with high accuracy. Therefore, the proposed 
method has stronger robustness and generalization 
performance for bearing fault diagnosis. 
 
 
6. Conclusions 
 

This paper proposes a bearing fault diagnosis 
model based on the APSO-SVM. Firstly, the fault 
vibration signals are decomposed into the sum of 
several IMF by EMD; then the feature vectors are 
constructed by selecting IMF energy; finally, an 
optimal fault diagnosis model is established based on 
SVM model optimized by SPSO and APSO. The 
experiment results show that the proposed model 
based on APSO-SVM is effective in the fault 
diagnosis of a bearing. It also has stronger robustness 
and better generalization performance, which provide 
a feasible and effective method for fault diagnosis of 
rolling bearing. 
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