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Abstract. Based on the nonlinear and non-stationary characteristics of rotating machinery
vibration, a FOA-SVM model is established by Fruit Fly Optimization Algorithm (FOA) and
combining the Support Vector Machine (SVM) to realize the optimization of the SVM parameters.
The mechanism of this model is imitating the foraging behavior of fruit flies. The smell
concentration judgment value of the forage is used as the parameter to construct a proper fitness
function in order to search the optimal SVM parameters. The FOA algorithm is proved to be
convergence fast and accurately with global searching ability by optimizing the analog signal of
rotating machinery fault. In order to improve the classification accuracy rate, built FOA-SVM
model, and then to extract feature value for training and testing, so that it can recognize the fault
rolling bearing and the degree of it. Analyze and diagnose actual signals, it prove the validity of
the method, and the improved method had a good prospect for its application in rolling bearing
diagnosis.

Keywords: support vector machine, fruit fly optimization algorithm, parameter optimization,
fitness function, fault diagnosis, rotating machinery vibration.

1. Introduction

The key of fault diagnosis is the property of fault classifier, which should be with excellent
robustness and generalization ability [1-3]. Among the research about mechanical fault diagnosis,
the extensive used intelligent diagnosis methods are the neural network and expert system. On one
hand, the neural network method is a heuristic method which mainly depends on experience. Its
principle is the minimum of the experiential risk. This method lacks of solid theory foundation
and is easy to occur the over-fitting phenomenon when the sample number is small. Besides,
another deficiency of the neural network method is liable to be caught in local minimum. On the
other hand, it is more necessary for the expert system method to establish perfect sample
knowledge base. This method is lack of fault-tolerant ability. Moreover, it’s impossible to have
enough fault sample in the practice which also limit the development of intelligent diagnosis
system.

Differently, the support vector machine (SVM) method proposed by V. Vapnik is based on the
statistical learning theory [4]. Its principle is the minimum of structural risk and takes account of
training error and generalization ability. Therefore, this method is able to overcome local
extremum, over-fitting and owe-fitting problem as well as small sample fitting problem [35, 6].
This method has been successfully applied in the function approximation, pattern recognition,
regression analysis and signal processing field [7, 8]. What’s more, the classification accuracy
will be significantly improved by optimizing the parameters of SVM.

At present, the commonly used parameter optimization algorithm include Grid Search (GS),
Genetic Algorithm (GA) and Particle Swarm Optimization (PSO). GS algorithm tries to multiple
zoom the range of parameters repetitiously relying on the experience to obtain the optimal solution
which needs long time. GA and PSO algorithm both have many parameters and each parameter
will directly influence the classification accuracy of SVM. Recently, Pan [9] proposed a new
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global optimization algorithm according to the foraging behavior of fruit fly, i.e. Fruit Fly
Optimization Algorithm (FOA). Comparing with other group intelligent algorithms, the algorithm
structure of FOA is simple and is understood conveniently. Its procedure code is easy to realize
and needs less time. Moreover, this method has the ability of searching space and shows good
characteristics of convergence and robustness [10-16]. In the present study, FOA algorithm is used
to optimal the parameters of SVM by being inserted to the FOA-SVM model. The availability and
accuracy of this method will be accessed by the simulation results that apply it in rolling bearing
fault diagnosis.

2. Algorithm principle and modeling
2.1. Fundamental of FOA

FOA algorithm is an optimizing method with good overall situation property, which is
proposed through imitating the foraging process of fruit fly [9, 10]. It mainly rely on the acute
olfactory of the fruit fly on the smell of forage. For fruit fly, the smell of the forage is related to
the distance between the fruit fly and forage. It means that the smell of the forage decreased with
the increment of the distance. Therefore, the process of foraging is the process of repeatedly
moving from sites with mild smell to sites with strong smell. As shown in Fig. 1, the fruit flies
with number of n firstly fly out to randomly direction from the original site. Then all these fruit
flies will move to the site where one of the fruit fly stay who faces the strongest smell than other
flies. In this way, a new position with fruit fly group is formed. This process of randomly fly out
and gather again will be repeated again and again until the correct position of the forage is finally
found out [15, 16].
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Fig. 1. Food finding iterative process of fruit fly swarm

Similar with other algorithm, FOA is of some randomness during the process of the
optimization. Therefore, in order to guide the right direction of fruit fly accurately, the smell
concentration decision value and decision function are introduced into FOA which is similar with
the fitness function in other evolutionary algorithm. The detail process is shown in Fig. 2.

The process of foraging of fruit fly can be formulated in the following necessary steps
according to its habit [17, 18]:

Step 1: The original site of the fruit fly group is set down randomly, marked as coordinate
X, 7).

Step 2: Random direction and distance are given to the different fruit fly for foraging. The
detail random distance is chosen by the position of original coordinate:

X; = X + Random, Y; =Y + Random.
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Step 3: The distances between the position of fruit flies and the origin of coordinates are
estimated as Dist;. The reciprocal of the distances are set as the smell concentration decision value
of fruit flies S;:

i — 2 2 — 1 1
Dist; = |X; +Y7, S, = Dist: 1
l

Step 4: Put the smell concentration decision value of fruit flies S; into the smell concentration
decision function (or called fitness function). The smell concentration of the individual fruit fly
Smell; is obtained as:

Smell; = Fitness(S,).

Step 5: According to the initial smell concentration value of fruit fly, the extremum of the
smell concentration among the fruit fly group is found out (the optimal individual):

[bestSmell bestindex] = max(Smell;) or [bestSmell bestIndex] = min(Smell;).

Step 6: The optimal gathering smell concentration of fruit fly is searched by smell. This
concentration and the position of the fruit fly are recorded and saved as the optimal smell
concentration bestSmell and the present coordinate (X, Y), respectively:

X; = X(bestIndex), Y; =Y (bestindex), Smellbest = bestSmell. 2)

Step 7: The iterative optimization then starts by repeating the step 2 to 5. Under the
precondition that the iterative number is smaller than the setting maximum iterative number, if the
decision smell concentration is better than the previous iterative smell concentration, then step 6
should be carried out.

Random initialization fly groups position

v

Give the random direction and the
distance(X;,Y;) for food finding of an o
individual fruit fly h

v

Calculate the smell concentration
judgment value(S;)

v

Input S; into the smell concentration Smell;
(also called the fitness function value)

v

Find optimal individual of the smell
concentration value, and keep (X.axis,Y.
axis)

Save the optimal concentration value and its
coordinates

Fig. 2. Flowchart of FOA
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2.2. Fundamental of SVM

The basic idea of SVM is to obtain the special vector quantity by nonlinear mapping function.
The special vector quantity satisfy that it bases on multi-dimensional sample input and
one-dimensional sample output. Then the special vector quantity is used as input vector quantity
to be mapped from the original space to high-dimensional characteristic space H. Furthermore, an
optimizing hyperplane is established in H. That is [5]:

wp(x)+b =0, 3)

where w is weight vector, b is threshold value.
The two types of samples should be classified correctly by this hyperplane. Meanwhile, the
hyperplane should satisfy the following constraint condition:

yilop() +b]1 =1, i=1,23,..,1L @)

Only in this way, the hyperplane with maximal class interval can be obtained, that is the
optimal classification plane, as shown in Fig. 3.
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Fig. 3. Optimal separating hyperplane (SVM)

The nonnegative slack variable &, penalty factor C and Lagrange multiplier a; were introduced
to constraint optimization problem to the following problem:

N n

N
1
maxH(a) = Z E Z Yiyia;a;d(x;) q,')(x])

(

I

1 i—-1 . (5)
ks.t. 0<a; <C, Zyiai =0.

According to KKT condition [6], the optimizing parameters should meet the following
condition:

a{yi[wp(x)i+b] —1+&}=0. (6)

Finally, the optimal classification function can be obtained by solving the abovementioned
problem, that is:

f(x) =sgn {Z yia;o(x,x;) + b}, @)
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where N is the number of support vector quantity and o (x, x;) is the kernel function.
The fitness function is:

2’ C) = 7 -9 AV 8
[0%0 = g ®)
where R(a?, C) is the root mean square error of the training samples:

R= ©)

In summary, penalty factor C and kernel function parameter o are the key parameters that
influence the performance of SVM classifier. Therefore, (C, o) is used as the optimize variable in
the present research.

2.3. FOA-SVM model

The FOA-SVM model is established by MATLAB program, as shown in Fig. 4. The necessary
steps of establishing this model can be formulated as follow [19, 20].

‘ Data preprocessing ‘

+
The selected training sample
and forecast sample set
v
FOA to optimize the
parameters of SVM
-

Using the best parameter
training SVM model
¥
Using SVM to predict
the target data
E2
The output prediction
model evaluation

End
Fig. 4. FOA-SVM training steps

Step 1: The number of fruit fly group is set as Sizepop, and the number of iteration is set as
Maxgen. As there are two parameters need to be optimized, the initial position of fruit fly (X, Y)
should choose two random number for X and Y, respectively. Give the fly direction and distance
of foraging for each individual fruit fly to get the initial coordinates (X, ¥;) and (X,, ¥3). The
distances between the individual fruit fly and the origin of coordinates are estimated as the smell
concentration decision value S;; and S,;.

Step 2: Choose the appropriate decision value to determine the range of penalty factor C and
kernel function parameter o: C = mS;;, 0 = nS,;. And then modify the value of m and n
according to the range of C and ¢. In this study, the range of C and o are C € [0, 1000] and
o € [0, 100]. In order to limit the domain of definition of S located in [0, 10], the value of m and
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n are choose as m = 100 and n = 10.

Step 3: Training the data base characteristic value by SVM model and get the fitness function.

Step 4: The highest smell concentration of fruit fly is the maximum of fitness. Save the
coordinate of this fruit fly and set it as the initial optimal coordinate.

Step 5: The iterative optimization starts. The optimal fitness function and the values of C and
o are saved. Attention that the optimal fitness corresponding with many C and o values. When
value of C is oversize, the error will be increased. Therefore, the minimum value of C and the
corresponding o should be saved.

3. Analysis of simulation signal

The investigated signal is shown as follow [21]:

_ 2

( )
x(t) = 2sin2nfit + 1.5sin2nf,t + 15~ 2 sin200¢. (10)

This simulation signal imitates the short time shock when the fault of the rotating machinery
occurs. It is the superposition of a nonlinear signal and two sine signals. The sampling frequency
is 2048 Hz while the sample number is 1024 points. The signal frequency is f; =200 Hz and
f2 =200 Hz. The time-domain plot of the imitation signal is shown in Fig. 5. As shown in Fig. 5,
the amplitude changes sharply at 0.3 s. It indicates that the rotating machinery is facing the
shock [22].

Amplitude

1 1 1
¢ 005 01 015 02 025 03 035 O

Time/s
Fig. 5. Analog signal time domain waveform figure
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After times of attempt, the number of fruit fly is set as 20. The iterative number is 100 times.
The initial position section is [0, 10]. The searching direction and distance section is [-1, 1]. The
finally convergence extremum after FOA global optimization is quite close to —3.418 (Fig. 6(a)).
The calculating time is 1.24 s. Fig. 6(b) is the fly track of fruit fly when optimizing.
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Fig. 6. a) 100 iterations of FOA global optimization curve; b) FOA route search trajectory
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Thus, these data suggest that the relatively small amount of calculation of fruit fly optimization
algorithm. A period of time from the beginning, it doesn’t appear that independent variables are
continuous oscillation. Finally, the global optimization converge to the signal of the extremum.
The results show that the optimization precision is very high.

4. Experimental validation

To illustrate the proposed intelligent diagnosing method, the fault diagnosis of rolling element
bearings is studied by using real data obtained from experiment and engineering application,
respectively.

4.1. Fault diagnosis process of rolling bearing

The detail method is shown in Fig. 7. The vibration signal of rolling bearing is pretreated by
ensemble empirical mode decomposition (EEMD) to obtain the kurtosis of all the component of
Intrinsic Mode Function (IMF). Then the obtained kurtosis and the original signal kurtosis are
made up of characteristic vectors. The work state and the fault type are then identified using SVM
as the classifier [23-27].

‘ Vibration signal ‘

v

EMD/EEMD
decomposition

v

To extract feature
vector

v

FOA-SVM
classifier

v

Fault pattern
recognition

Fig. 7. The flow chart of fault diagnosis

Firstly, sample the four types of fault of rolling bearing with a certain sampling frequency. The
four types of faults are recognized as normal fault, inner ring fault, outer ring fault and rolling
element fault.

Secondly, EEMD resolving is used to every sample signal to obtain the of IMF component of
each signal.

Thirdly, obtain the kurtosis of each signal and its IMF component to make up of the
characteristic vector quantity.

Fourthly, input half of the characteristic vector quantity of the four state of antifriction bearing
into SVM and train it.

Finally, a half of the characteristic vectors are used as testing sample to calculate separately.
The output results of classification function are then compared with the true fault type (or working
state) of the testing samples to obtain the correct rate.

4.2. Data introduction

The data used for testing the efficiency of the proposed method in this research comes from
the data center of Case Western Reserve University, USA [28]. The testing platform contains
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driving motor, torque sensor, ergometer and electric control device. The drive end of the motor
shaft is supported by the JEMSKF6025-2RS deep groove ball bearing with fault. The geometry
parameters of the bearing are shown in Table 1.

Single point fault is put on the inner ring, outer ring and rolling element. The sampling
frequency is 12000 Hz. The data of the four fault types, i.e. normal, inner ring, outer ring and
rolling element fault, is shown in Table 2. The different pitting diameters reflect the different level
of fault. In detail, 7 inch means that the fault is early failure or mild failure while 28 inch means
major failure. All the data are divided into 8 groups for ensemble empirical mode decomposition
according to the working state and fault level. Furthermore, the kurtosis of the rolling bearing is
calculated and the groups of the characteristic vectors are obtained.

Table 1. Rolling bearing information size (mm)

Type Olgelar‘meltflfler Thickness | Pitch diameter
SKF6205-2RS | 25 52 15 39
Table 2. Data distribution instructions of the experimental bearing
Status Labels | Pitting diameter (inch) Data code
Normal 1 0 97 98 99 100
2 7 105 | 106 | 107 | 108
Inner ring fault 3 14 169 | 170 | 171 172
4 21 209 | 210 | 211 | 212
5 28 3001 | 3002 | 3003 | 3004
. 6 7 144 | 145 | 146 | 147
Outer ring fault 7 21 246 | 247 | 243 | 249
Rolling element fault 8 7 118 119 120 121

Before input the data into SVM classifier, a certain amount of the characteristic vector quantity
group is chosen as the sample set. Among this, category 1 (normal fault) owns 80 groups of data
while the other 7 categories own 40 groups respectively. Besides, for each category, half of the
data is used as training sample while the other half of the data is used as testing sample.

4.3. Results analysis

The evolutionary iterative process of searching for the optimal parameters for experimental
bearing using FOA is shown in Fig. 8 and Fig. 10. For the determination of parameters in FOA
algorithm, the initial fruit fly group setting section is [0, 1]. The size of the group is 20. The number
of the iterative is 100.
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Fig. 8. FOA fitness of finding the best parameters of the graph for experimental bearing (EMD)
By the EMD decomposition test samples, the results of FOA searching show that the optimal

158 © JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. FEB 2016, VOL. 18, ISSUE 1. ISSN 1392-8716



1880. ROLLING BEARING FAULT DIAGNOSIS BY A NOVEL FRUIT FLY OPTIMIZATION ALGORITHM OPTIMIZED SUPPORT VECTOR MACHINE.

DONGLIANG CHU, QING HE, XINHUA MAO

C = 64.6741 and optimal g = 0.38582 (Fig. 8). However, the accuracy of the fault diagnosis is
90.5556 %. By the EEMD decomposition test samples, the results of FOA searching show that
the optimal € = 91.4004 and optimal g = 0.083933 (Fig. 10). More importantly, the accuracy of
the fault diagnosis is higher than 95 %.

According to data comparison of the figure, test sample of EEMD decomposition fault
diagnosis through the FOA-SVM, significantly higher than that of the EMD decomposition of test

samples.

Fig. 10. FOA fitness of finding the best parameters of the graph for experimental bearing (EEMD)
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Fig. 9. Test set of the actual classification and prediction classification figure
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Fig. 11. Test set of the actual classification and prediction classification figure
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As shown in Fig. 9 and Fig. 11, the hollow circle represents the actual test classification label
while the star represents the predicted classification results through SVM classifier. The abscissa
is the 180 testing samples while the ordinate represents the 8 categories. Each category contains
20 samples except the category | which contains 40 samples. The EMD and EEMD test sample
actual classification accuracy, is shown in Table 3. It has the overall accuracy and the accuracy of
all kinds of the label. Fault feature of vibration signal by EEMD decomposition as a result of
actual classification is obviously better than that of the EMD decomposition results. As the same
time, test sample of EEMD decomposition fault diagnosis through the FOA-SVM, significantly
higher than that of the EMD decomposition of test samples. It is obvious that the predicted results
fit the actual fault very well. In particularly, the rotating element fault can also be distinguished
correctly. Therefore, the FOA-SVM is proved to have good property and can solve the problem
of lacking of samples in the practice. What’s more, according to different samples, FOA-SVM
fault diagnosis is more accurate and more reliable.

Table 3. Actual classification results of experimental bearing

Label Accuracy (%) EMD Accuracy (%) EEMD
C =64.674, g =0.38582 | € =91.4004, g = 0.083933

Whole 85.5556 96.1111

1 82.5 100

2 100 100

3 90 95

4 95 100

5 90 100

6 70 95

7 75 90

8 85 85

5. Engineering application

To further verify the classification performance of FOA-SVM, in the section, the proposed
method is applied to bearing fault diagnosis for electric locomotives. Diagnosis of electric
locomotive roller bearings is of great significance in industry.
5.1. Data introduction

Fig. 12 shows the test bench of a locomotive roller bearing. The bench consists of a hydraulic
motor, two supporting pillow blocks. The bearing is installed in a hydraulic motor driven

mechanical system. Accelerometers are mounted on the load module adjacent to the outer race of
the test bearing for measuring its vibration.

Accelerometer

Testing bearing

Accelerometer

Fig. 12. Test bench of a locomotive roller bearing

A bearing data set containing four subsets is normal, inner ring, outer ring and roller element
fault. The four conditions are described in Table 4. Three fault cases of locomotive roller bearings
are shown in Fig. 13. Fig. 14 gives raw data samples for the four bearing conditions. Among this,
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all categories own 32 groups of data respectively. Besides, for each category, half of the data is
used as training sample while the other half of the data is used as testing sample.

I Outer ring fault

| Rolling element fault |

Fig. 13. Faults in the locomotive roller bearings

Table 4. Data distribution instructions of the locomotive bearing

Status Rotating speed (1/min) | Label
Normal 490 1
Inner ring fault 480 2
Outer ring fault 500 3
Rolling element fault 530 4

5.2. Results analysis

The evolutionary iterative process of searching for the optimal parameters for locomotive
bearing using FOA is shown in Fig. 14 and Fig. 16.

100

Fitness

701 == The best fitness ( -
I
\

—O0— The average fitness
65 T T T
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10 20 30 40 50 60 70 80 90 100
Evolution iteration
Fig. 14. Test set of the actual classification and prediction classification figure

for locomotive bearing (EMD)

O The actual test classification
— + - Prediction test set classification

The class labels

The test set samples
Fig. 15. Test set of the actual classification and prediction classification figure
for locomotive bearing (EMD)
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By the EMD decomposition test samples, the results of FOA searching show that the optimal
C =10.4135 and optimal g = 0.01 (Fig. 14). However, by the EEMD decomposition test samples,
the results of FOA searching show that the optimal € = 0.1 and optimal g = 0.01.

According to data comparison of the figure, test sample of EEMD decomposition fault
diagnosis through the FOA-SVM, significantly higher than that of the EMD decomposition of test
samples.

Fig. 15 and Fig. 17 show test set of the actual and prediction classification for locomotive
bearing. In the locomotive bearing case, fault feature of vibration signal by EEMD decomposition
as a result of actual classification is obviously better than that of the EMD decomposition results.
Table 5 gives the testing accuracies of the two methods are 87.5 % and 98.2143 %, respectively.
Compared with the average accuracy of EMD decomposition fault diagnosis, EEMD
decomposition method increases the recognition accuracy about 10 %. Therefore, the locomotive
testing results further verified that FOA-SVM can reliably separate different fault conditions.
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Fig. 16. Test set of the actual classification and prediction classification figure
for locomotive bearing (EMD)
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Fig. 17. Test set of the actual classification and prediction classification figure
for locomotive bearing (EEMD)

Table 5. Actual classification results of experimental bearings

Label Accuracy (%) EMD Accuracy (%) EEMD
C =104135,g =0.01 €C=0.1,g=0.01
Whole 87.5 98.2143
1 96.4286 100
2 100 100
3 57.1429 100
4 96.4286 92.8571
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6. Conclusions

The experiment results demonstrated that WSVM is effective in handling uncertain data and
small samples. Moreover, it is shown that PSO presented here is effective for the WSVM
(or SVM) to seek optimized parameters.

A new fault diagnosis method based on FOA and SVM is proposed in the present study. The
different fault of inner ring, outer ring and rotating element are efficiently distinguished by the
established FOA-SVM model. The experiment and engineering application results demonstrated
that FOA is effective in handling uncertain data and small samples. In particular, test sample of
EEMD decomposition fault diagnosis through the FOA-SVM, the effect is more accurate. The
choice about step size parameter of FOA directly affects its execution efficiency and accuracy,
therefore, when solving practical problems, how to select suitable step length automatically, that
need to be further in-depth study.

Acknowledgements

This work is supported by the Fundamental Research Funds for the Central Universities
(No. 14X8S25).

References

[1] Peng Zhingke, He Yongyong, Lu Qing, et al. Using wavelet method to analysis fault features of rub
rotor in generator. Proceedings of the CSEE, Vol. 23, Issue 5, 2003, p. 75-79, (in Chinese).

[2] Zhang Jun, Han Pu, Dong Ze, et al. Energy leakage research of wavelet transform application on
vibration signature analysis. Proceedings of the CSEE, Vol. 24, Issue 10, 2004, p.238-243,
(in Chinese).

[31 Hong Ye, Li Guohong, Cai Weiyou, et al. Fault diagnosis of hydro-generator unit vibration based on
wavelet packet analysis. Engineering Journal of Wuhan University, Vol. 35, Issue 1, 2002, p. 65-68,
(in Chinese).

[4] Vapnik V. N. The Nature of Statistical Learning Theory. Springer-Verlag, New York, 1995.

[S] Ding Shifei, Qi Bingjuan, Tan Hongyan An overview on theory and algorithm of support vector
machines. Journal of University of Electronic Science and Technology, 2011, p. 2-10.

[6] Wu Chongming, Wang Xiaodan, Bai Dongying, et al. Fast SVM incremental learning algorithm
using KKT conditions and between-class convex hull vectors. Computer Engineering and Design,
Vol. 31, Issue 8, 2010, p. 1792-1795, (in Chinese).

[71 Poyhonen S., Negrea M., Arkkio A., Hyotyniemi H., Koivo H. Fault diagnostics of an electrical
machine with multiple support vector classifiers. Proceedings of IEEE Interactional Symposium on
Intelligent Control, Vancouver, 2002.

[8] Hsu Chihwei, Lin Chihjen A comparison of methods for multi-class support vector machines. IEEE
Transactions on Neural Networks, Vol. 13, Issue 2, 2002, p. 415-425.

[9] Pan W. T. Fruit Fly Optimization Algorithm. Tsang Hai Book Publishing Co., Taipei, China, 2011,
p. 10-11, (in Chinese).

[10] Hu Neng-fa Evolutionary fruit algorithm and its application research. Computer Technology and
Development, Vol. 7, 2013, p. 131-133, (in Chinese).

[11] Zhang Xiang, Chen Lin Fault diagnosis based on support vector machines optimized by fruit fly
optimization algorithm. Electronic Design Engineering, Vol.21, Issue 16, 2013, p.90-93,
(in Chinese).

[12] Wang X., Zou Z. Identification of ship manoeuvring response model based on fruit fly optimization
algorithm. Journal of Dalian Maritime University, Vol. 38, Issue 3, 2012, p. 1-5, (in Chinese).

[13] Pan Q. K., Sang H. Y., Duan J. H., et al. An improved fruit fly optimization algorithm for continuous
function optimization problems. Knowledge-Based Systems, Vol. 62, 2014, p. 69-83.

[14] Pan W. T. A new fruit fly optimization algorithm: taking the financial distress model as an example.
Knowledge-Based Systems (SCI), Vol. 29, 2012, p. 69-74.

© JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. FEB 2016, VOL. 18, ISSUE 1. ISSN 1392-8716 163



1880. ROLLING BEARING FAULT DIAGNOSIS BY A NOVEL FRUIT FLY OPTIMIZATION ALGORITHM OPTIMIZED SUPPORT VECTOR MACHINE.

[13]

[16]

[17]

(18]

[19]

[20]
[21]

[22]

[23]

[24]
[23]

[26]

[27]

28]

164

DONGLIANG CHU, QING HE, XINHUA MAO

Li H., Guo S., Zhao H., Su C., Wang B. Annual electric load forecasting by a least squares support
vector machine with a fruit fly optimization algorithm. Energies, Vol. 5, 2012, p. 4430-4445.

Li H.-Z., Guo S., Li C.-J., Sun J.-Q. A hybrid annual power load forecasting model based on
generalized regression neural network with fruit fly optimization algorithm. Knowledge-Based
Systems, Vol. 37,2013, p. 378-387.

Pan W.-T. Using fruit fly optimization algorithm optimized general regression neural network to
construct the operating performance of enterprises model. Journal of Taiyuan University of
Technology: Social Sciences Edition, Vol. 29, Issue 4, 2012, p. 1-5, (in Chinese).

Zhou J., Wang C., He B. Forecasting model via LSSVM with mixed kernel and FOA. Computer
Engineering and Applications, Vol. 33, Issue 4, 2013, p. 964-966, (in Chinese).

Niu P., Ma H., Li G., et al. Study on Nox emission from CFB boilers based on support vector machine
and fruit fly optimization algorithm. Journal of Chinese Society of Power Engineering, Vol. 33,
Issue 4, 2013, p. 267-271, (in Chinese).

Wang X., Zou Z. FOA-Based SVM parameter optimization and its application in ship manoeuvring
prediction. Journal of Shanghai Jiao Tong University, Vol. 6, 2013, p. 6, (in Chinese).

Wang Xuhui Research and Application of Fault Feature Extraction for Rotating Machinery. North
China Electric Power University, Beijing, 2010, p. 41-42, (in Chinese).

Chen Junsheng, Zhang Kang, Yang Yu, et al. Comparison between the methods local mean
decomposition and empirical mode decomposition. Journal of Vibration and Shock, Vol. 28, Issue 5,
2009, p. 13-16, (in Chinese).

Cheng J. S., Yu D. J., Yang Y. Roller bearing fault diagnosis method based on SVM and EMD
envelope spectrum. Systems Engineering Theory and Practice, Vol. 25, Issue 9, 2006, p. 131-136,
(in Chinese).

Wu Z., Huang N. E. Ensemble empirical mode decomposition: a noise-assisted data analysis method.
Advances in Adaptive Data Analysis, Vol. 1, Issue 1, 2009, p. 1-41.

Pines D., Salvino L. Structural health monitoring using empirical mode decomposition and the Hilbert
phase. Journal of Sound and Vibration, Issues 1-2, 2006, p. 97-124.

Zhang Chao, Chen Jian-jun, Xu Ya-lan A bearing fault diagnosis method based on EMD and
difference spectrum theory of singular value. Journal of Vibration Engineering, Vol. 24, Issue 5, 2011,
p- 539-545, (in Chinese).

Lei Y. G., Lin J., He Z. J., et al. Application of an improved kurtogram method for fault diagnosis of
rolling element bearings. Mechanical Systems and Signal Processing, Vol. 25, 2011, p. 1738-1748.
The Case Western Reserve University Bearing Data Center [EB/OL].
http://csegroups.case.edu/hearingdatacenter/pages/download-data-file, 2012.

Dongliang Chu is currently a student of North China Electric Power University, Beijing,
China. He is now working towards his Ph.D. His field of interest is signal processing and
mechanical fault diagnosis.

Qing He received Ph.D. degree in Mechanical Engineering from North China Electric
Power University, Beijing, in 1999. Presently, he is working as a Professor in North China
Electric Power University, Beijing, China. His field of interests is signal processing and
mechanical fault diagnosis.

Xinhua Mao is currently a student of North China Electric Power University, Beijing,
China. He is now working towards his Ph.D. His field of interest is vibration fault
detection.

© JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. FEB 2016, VOL. 18, ISSUE 1. ISSN 1392-8716




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.5
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /UseDeviceIndependentColor
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages true
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth 8
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [4000 4000]
  /PageSize [612.000 792.000]
>> setpagedevice


