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Abstract. The classification algorithm of rotating machinery fault cannot
effectively recognize the false components and true components in fault signal
of rotating machinery. Therefore, an intelligent classification algorithm of
rotating machinery fault based on optimized support vector machine was put
forward. The K-L divergence was used to measure the nonlinear and symmetry
of probability distribution of two processes in rotating machinery, and the error
of information in the process of rotating machinery was measured to eliminate
the false component of fault signal of rotating machinery. Meanwhile, the multi-
value classification support vector machine algorithm based on decision directed
acyclic graph was used to process the signal that only had a true component.
Moreover, the value of each node in support vector machine decision function
was calculated. Finally, based on calculation results, the fault categories were
excluded. Thus, the intelligent classification of rotating machinery fault was
completed. According to experimental results, the proposed algorithm can
accurately eliminate false components in the rotating machinery fault signal.
Meanwhile, the classification result is accurate.
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1 Introduction

With the continuous growth of importance on innovation technology and the rapid
development of modern science and technology, the scale of modern production is
expanding increasingly and the degree of automation of industrial equipment is
increasing. The structure of industrial equipment is more and more complex in the
meantime [1]. Based on this background, the basis of modern industrial production is the
safe operation of equipment. In the operation, a minor issue will cause casualties, eco-
nomic losses, and baneful influence to the society and other consequences [2]. The
improvement of the degree of automation and the integration level of equipment in
modern industry makes the safe operation become the main effort way. With the large
scale of modern industrial system and the complexity of industrial equipment, the
problem of safety, reliability, maintainability and usability of industrial equipment and
machinery has gradually emerged, which promotes the research on diagnosis technology
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of rotating machinery fault [3]. To classify the fault of rotating machinery is an important
step in the intelligent diagnosis technology of rotating machinery fault. Therefore, it is
necessary to analyze and study the fault classification algorithm of rotating machinery in
depth [4].

Yang et al. have proposed a classification algorithm of rotating machinery fault
based on FSVM. When classifying rotating machinery fault feature, this algorithm
extracts characteristic index of rotating machinery fault signal and solves the fuzzy
membership degree of sample. The classification of rotating machinery fault is com-
pleted through fuzzy support vector machine model. This algorithm cannot remove
false component in fault signal of rotating machinery [5]. Wang et al. propose a kind of
classification algorithm of rotating machinery fault based on KSLPP and RWKNN.
This algorithm extracts information in rotating machinery fault feature set through
KSSLPP method and uses category information to maximize the degree of separation
between fault feature categories in the process of dimension reduction. Then, the
feature set is identified by RWKNN to complete the classification of rotating machinery
fault. The classification results obtained by the proposed algorithm has error [6]. Chen
et al. propose a fault classification algorithm based on point-to-point principal com-
ponent analysis. This algorithm uses amplitude-frequency characteristic technology to
extract feature of rotating machinery fault. Then, the algorithm uses the point-to-point
principal component analysis to construct three-layer neural network and classify the
fault of rotating machinery. Thus, this algorithm cannot accurately classify the category
of rotating mechanical fault [7]. Wang et al. propose a classification algorithm of
rotating mechanical fault based on RSCNMF. This algorithm improves the decom-
position algorithm of coefficient constraint non-negative matrix and classifies the
rotating machinery fault through the fault model of robustness sparsity constraint. The
proposed algorithm cannot accurately identify the real and false components existing in
fault signal of rotating machinery and cannot accurately eliminate false components
[8].

In conclusion, an algorithm of intelligent classification of rotating mechanical fault
based on optimized support vector machine is proposed, which solves the problem
existing in current algorithm. The specific steps are as follows:

(1) K-L divergence is used to eliminate the false components in the fault signal of
rotating machinery and improve the classification accuracy.

(2) The multi-value classification support vector machine algorithm based on decision
directed acyclic graph is used to complete the intelligent classification of rotating
mechanical fault.

(3) Experimental results and analysis: the effectiveness of proposed algorithm is
verified through the elimination of false components and the accuracy of classi-
fication results.

(4) Conclusion: summarize the full text and put forward the future direction of
development.
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2 Elimination of False Components

To eliminate the false components in the fault signal of rotating machinery can improve
the accuracy of classification of rotating machinery fault [9]. The K-L divergence is
used to measure the nonlinear and symmetry of probability distribution of two pro-
cesses in rotating machinery. That is to say, similarity and information of two process
are measured. Meanwhile, the threshold value is set to judge false components existing
in the mechanical fault information, so as to eliminate the false ingredient in fault signal
of rotating machinery.

Supposing that the probability density functions of the process P ¼ ðp1; p2;
� � � ; pnÞ and the process Q ¼ ðq1; q2; � � � ; qnÞ are represented by pðxÞ and qðxÞ, dðP;QÞ
denotes the K-L distance from process P to process Q. The formula of dðP;QÞ is as
follows:

dðP;QÞ ¼
X
x2n

pðxÞ log pðxÞ
qðxÞ ð1Þ

According to the formula (1), the K-L distance dðQ;PÞ from process Q to process P is
obtained, and the formula of dðQ;PÞ is as follows:

dðQ;PÞ ¼
X
x2n

qðxÞ log qðxÞ
pðxÞ ð2Þ

The K-L divergence between P and Q through formula (1) and formula (2) is obtained.

D ¼ ðP;QÞ ¼ dðP;QÞþ dðQ;PÞ ð3Þ

The nonparametric estimation is used to calculate probability density, and the formula
is as follows:

pðxÞ ¼ 1
nh

Xn
i¼1

k
xi � x
h

h i
ð4Þ

The formula (4) is the density estimation of density function pðxÞ.xi and x are the
parameters in the density function pðxÞ. In the formula, kð�Þ denotes the kernel function,
and h is known as the smooth parameter or the window width. Usually, the Gauss
function is used to express the kernel function kð�Þ. The formula is:

kðuÞ ¼ 1ffiffiffiffiffiffi
2p

p e�2 ð5Þ

In formula (5), kðuÞ is Gauss function. the information difference in two processes of
rotating machinery can be measured by K-L divergence. That is to say, the similarity
between two processes is measured [10]. The bigger the K-L divergence between two
processes, the greater the difference between two processes, and the smaller the sim-
ilarity. The smaller the K-L divergence between two processes, the smaller the
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difference between two processes, and the greater the similarity. For the fault signal xðtÞ
of rotating machinery, the specific algorithm is:

The signal xðtÞ is decomposed to get n components ciðtÞ of the signal xðtÞ. Where,
i ¼ 1; 2; . . .; n. The probability density function pxðtÞ and piðtÞ are calculated by the
method of nonparametric estimation [11]. Through formula (1), formula (2) and for-
mula (3), the K-L divergence value Diðx; cÞ between xðtÞ and ciðtÞ is calculate. Then,
Diðx; cÞ is normalized to get K-L divergence value ki. The formula of ki is:

ki ¼
ffiffiffiffiffiffiffiffiffiffiffiffi
D2

iPn
i¼1

D2
i

vuuut ð6Þ

The value of ki is 0\ki\1. The smaller the value of ki is, the stronger the correlation
between the original signal and component is. The bigger the value of ki is, the weaker
the correlation between the original signal and component is, which may be a false
component [12]. When judging false components, we set threshold value k, and
compare k with ki. When ki [ k, it represents that component is the false components
in the rotating machinery fault signal, and we need to remove it. When ki\k, this
shows that component is the true constituent of signal [13].

3 Support Vector Machine Classification Algorithm Based
on Decision Directed Acyclic Graph

The rotating machinery fault after eliminating false components was classified. Then a
k class of classification problem of rotating machinery fault was set. The training
samples are ðx1; y1Þ; ðx2; y2Þ; � � � ; ðxi; yiÞ; � � � ; ðxn; ynÞ. In training samples,
i ¼ 1; 2; � � � ; n, xi 2 Rn,yi 2 ½1; 2; � � � ; k�. The support vector machine classifier based
on decision directed acyclic graph is equivalent to a triple \F; SVM; ST [ . Where, F
is the leaf node of directed acyclic graph, and it is a set including k fault types of
normal state. SVM denotes is the set of internal nodes of directed acyclic graph
algorithm composed of kðk � 1Þ=2 support vector machines. The formula of SVM is:

SVM ¼ ðSVM12; SVM13; � � � ; SVMpq; � � �Þ ð7Þ

In the formula, SVMpq denotes a sub-classifier, which is used to differentiate the p-th
category and q-th category, p; q 2 ½1; k�,p\q.ST denotes the training set, which
includes k categories of rotating machinery failure mode. The formula of ST is:

ST ¼ ðST1; ST2; � � � ; STi; � � � ; STKÞ ð8Þ

In the formula, STi denotes is the i-th type of composition of sample. All the training
samples are consist of xi,yi,

P
ni ¼ n.
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The classifier SVMpq is used to classify training sample Spq by formula (9):

S1k ¼ All the training samples

Spq¼ STp; STpþ 1; � � � ; STq
� �

; p; q 2 ½1; k�; p\q

(
ð9Þ

According to formula (9), the number of training samples gradually decreases with the
continuous increase of the number of layers during training.

The support vector machine classifier of directed acyclic graph corresponds to a
table operation. All fault categories of rotating machinery are included in the table.
After operating a node, we delete a class of rotating mechanical faults in the table. All
of possible rotating machinery categories are arranged in a certain order under the
initial state [14]. The first category and last category in the table are compared when
they are classified. Then, the most impossible category is deleted to reduce the number
of categories in the table. That is to say, for the inputting sample of rotating machinery
fault category, we start from the root node, then calculate the value of each node by
support vector machine decision function based on decision directed acyclic graph [15,
16]. When the value is one more than the original value, we enter the next node from
the left. When the value is one less than the original value, we enter the next node from
the right. And so on, after the k � 1-th calculation, the only category remaining in the
table is the category of rotating machinery fault. Thus, the intelligent classification of
rotating machinery fault is completed.

4 Experiment and Analysis

In order to prove the overall effectiveness of intelligent classification algorithm of
rotating machinery fault based on optimized support vector machine, the intelligent
classification algorithm of rotating machinery fault based on optimized support vector
machine is tested. The operation system in this test is Windows 7.0. The instantaneous
frequency of Chirp signal in different time is different. It is a typical non-stationary
signal. The Chirp signal is decomposed into 6 components. As shown in Fig. 1, only
the component 2 is the true component.

Fig. 1. Components of chirp signal
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Many features can be extracted from vibration signals, such as various dimen-
sionless indexes in time domain and amplitude spectrum, power spectrum and Cep-
strum in frequency domain. The total amount of different frequency peaks in several
frequency bands of vibration signal spectrum is the most commonly used characteristic
quantity in rotating machinery fault diagnosis, which is widely used in rotating
machinery system fault diagnosis. Extract the total amount of spectrum peaks of dif-
ferent frequencies in 9 frequency bands of vibration signal spectrum, including 0.01–
0.39f, 0.4–0.49f, 0.5f, 0.51–0.99f, 1f, 2f, 3–5f, odd multiple F, high-power F, a group
of 9 features, forming a multi-dimensional feature vector. The specific division of
frequency band is shown in Table 1, where f represents the working frequency of rotor.

In the experiment, 80 groups of vibration signals of normal, rotor unbalance, rotor
misalignment, rotor bending, oil whirl and oil film oscillation were collected respec-
tively, and the data were processed and normalized as training data set.

The intelligent classification algorithm of rotating machinery fault based on opti-
mized support vector machine (algorithm 1) and the classification algorithm of rotating
machinery fault based on FSVM (algorithm 2) are used to test the false components in
Chirp signal through K-L divergence value. The test results are shown in Table 2.

From the analysis of the data in Table 2, we can see that using the intelligent
classification algorithm of rotating machinery fault based on optimized support vector
machine to test, only the K-L divergence of component 2 is less than the given
threshold k. However, by using the classification algorithm of rotating machinery fault
based on FSVM, the K-L divergence values of component 1, component 2 and
component 3 are less than the given threshold k. It is known that when K-L divergence
value is greater than the threshold value k, the component is a false component, and
when K-L divergence value is less than the threshold value k, the component is a true
component. The false components obtained by the intelligent classification algorithm of
rotating machinery fault based on optimized support vector machine are consistent with

Table 1. Frequency band division

Frequency band 1 2 3 4 5

Frequency range 0.01–0.39 f 0.4–.049 f 0.5 f 0.51–0.99 f 1 f
Frequency band 6 7 8 9
Frequency range 2 f 3–5 f Odd multiple f High fold f

Table 2. Test results of two methods

K-L divergence
value and
threshold k

Component1 Component2 Component3 Component4 Component5 Component6

Algorithm 1 >k <k >k >k >k >k

Algorithm 2 <k <k <k >k >k >k
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the fact. To verify the intelligent classification algorithm of rotating machinery fault
based on optimized support vector machine can remove the false components in fault
signal of rotating machinery.

The intelligent classification algorithm of rotating machinery fault based on opti-
mized support vector machine (algorithm 1) and the classification algorithm of rotating
machinery fault based on FSVM (algorithm 2) are used to test. Then, classification
results of two methods are compared. The test result is shown in Fig. 2. In the diagram,
different shapes represent different types of rotating machinery faults.

It can be seen from the analysis in Fig. 2 that different fault types can be distin-
guished when the rotating machinery fault intelligent classification algorithm based on
optimal support vector machine is used for centralized fault classification of rotating
machinery fault. So that the classification results are more accurate. The intelligent fault
classification algorithm of rotating machinery based on FSVM can not accurately
classify the fault types when classifying the concentrated fault types of rotating
machinery. Therefore, the classification results are not accurate.

5 Conclusions

To accurately classify rotating machinery fault is the basis of the safe operation of
rotating machinery. Using current algorithm to classify the fault categories of rotating
machinery has a problem about inaccurate identification of false components and
inaccuracy of classification results. An intelligent classification algorithm for rotating
machinery fault based on optimal support vector machineis proposed. The first step is
to remove false components in rotating machinery fault signal according to K-L
divergence. The second step is to use support vector machine classification algorithm
based on decision directed acyclic graph for the intelligent classification of rotating
machinery fault.

To classify the faults of rotating machinery based on the support vector machine is
a new technology, which has attracted the extensive attention of experts and scholars.

Fig. 2. Classification results of two algorithms
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The support vector machine has many advantages and some disadvantages. Therefore,
it is necessary to research on the following two points in future work.

(1) The selection problem of the kernel function parameters and the kernel function.
(2) Research on the learning method of support vector machine.
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