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Abstract

To gain the fault information and determine the fault position, monitoring point should be
selected properly, otherwise, it usually fails to fulfill the task effectively and accurately in
monitoring and diagnosing the gearbox. A method based on sampling point optimization
and features fusion is proposed to improve the classification accuracy of the gearbox fault
diagnosis . First the vibration signal of gearbox is processed by empirical mode
decomposition, energy characteristic parameters based on empirical mode decomposition
are extracted as the fault feature vector, and the decision table is established according to
the gearbox fault mechanism and Rough Sets Theory. Then a attributes discretization
algorithm based on PSO is put forward to discrete decision table, a method based on the
discernibility matrix and attribute frequency is presented to calculate the minimal attribute
reduction sets without computing core attribute. The most sensitive signal monitoring point
is achieved through analyzing the final reduction sets. Finally, fault diagnosis system based
on rough sets theory and support vector machine is constructed, the classification result is
consistent with that of the sampling point optimization based on attributes reduction
obviously. The experiment results show the method is effective and could improve the
gearbox fault diagnosis performance, which provides a relatively generic solution for the
similar mechanical system.

Key words: SAMPLING POINT OPTIMIZATION, FEATURE FUSION, ROUGH SETS
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1. Introduction challenging and important issue for fault

Gearbox is one of the most important
transmission parts in the mechanical systems,
but, for some uncertain reasons, the failure rate
is higher. While monitoring and diagnosing the
gearbox,  selecting  monitoring  points
improperly usually fails to gain the fault
information effectively, as well as determine
the fault position. More information could be
collected, if some sensors are installed on the
gearbox, but the signal processing would be
longer. Up to now, it is still not suitable for
real-time online diagnosis, so, how to select
the most sensitive monitoring point becomes a

diagnosis [1].

Now, the related research methods can
be classified into three kinds, respectively, the
method based on analytical model [2],
knowledge [3] and signal processing [4]. The
first method includes parameter estimation,
equivalent space, etc., although theoretical
research has made some achievements to
certain problems, the accurate mathematical
model is hard to set up, which limits its
application. The method based on knowledge
contains fault tree, directed graph, and the
graph theory, which needs to determine
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relevant parameters according to the prior
knowledge, while prior knowledge is usually
difficult to obtain. The last method includes
Fourier transform, wavelet, empirical mode
decomposition, rough sets theory, neural
network,  particle swarm  optimization
technology, etc., which values the importance
and sensitivity of every point directly
according to the relationship between the
vibration signal and fault types, so it is widely
used.

Z. Pawlak proposed Rough Sets
Theory[5] first, which is a new mathematical
tool Dealing with the fuzzy and uncertainty
knowledge. The advantage is that it needs
neither any prior knowledge nor correcting the
inconsistency manifested in data. In recent
years, Rough Sets Theory has been applied in
fault diagnosis field more and more, especially
the condition attribute reduction technology in
the fault characteristic — parameter set
optimization has a great result [6]-[10].

This paper aims to study the condition
attribute  discretization  and  reduction
technology and apply it to optimize the
monitoring points of the gearbox, and further
obtain the most sensitive and effective
sampling points. Section 2 presents the
vibration characteristics of gearbox, energy
characteristic parameters based on empirical
mode decomposition are extracted. In section
3, an attributes discretization algorithm based
on PSO and a method based on the
discernibility matrix and attribute frequency
are presented. In section 4, fault diagnosis
system based on rough sets theory and support
vector machine is constructed. Section 5 gives
a conclusion to the whole work.

2 Characteristics of gearbox
The vibration signals of gearbox often shows
nonlinear and non-stationary characteristics
and the fault information is often embedded in
the strong background noise, so it is very
difficult to get the sensitive feature parameters.
If the monitoring points were selected
improperly, it could lead to fail to gain the
fault information effectively and determine the
fault position accurately.

The fault diagnosis experiments are done on
JZQ-250 gearbox fault diagnosis test
apparatus, seen in Figure 1, which consists of
the input shaft, the intermediate shaft, the
output shaft, three pairs of bearings and two
pairs of straight gears. Three kinds of single
faults including tooth fracture, outer ring

crackle and inner ring pitting corrosion, two
kinds of compound faults including tooth
fracture and outer ring crackle, tooth fracture
and inner ring pitting corrosion are set in the
intermediate shaft, so three monitoring points
are selected according to the gearbox fault
mechanism and prior experience, respectively
the measuring points on two bearings of the
intermediate shaft and that near the load of the
input shaft in Figure 2.

The parameters are: the rated speed 1200r/min,
the sampling frequency 4000Hz. Six states are
studied: normal state and five kinds of faults
above. The time domain signals from JZQ-250
gearbox surface are collected. Space is limited,
so here only lists the vibration signals of the
sampling point I in Figure 3, including time
domain and power spectrum, which both
cannot  distinguish  various  operating
conditions. For power spectral density is core
by Fourier transform that is not suitable for
non-linear non-stationary vibration signal.
Empirical mode decomposition is proposed by
Norden E.Huang et al in 1998, which is
suitable for nonlinear and non-stationary
signal. It can decompose the complex original
signal into several simple components which
are intrinsic mode functions(IMF). In fact,
every intrinsic mode function represents one
kind of vibration mode, every component is
decomposed in order of descending frequency.
When the gearbox fails, the energy of each
intrinsic mode function would change, so the
energy distribution of the various intrinsic
mode functions can reflect the different types
of faults. In the test, energy characteristic
parameters based on EMD are extracted as the
fault feature vector. The extract method is
described in detail in the references [11].
Figure 4 lists every IMF in time domain of
every state. The number of IMF of the normal
state is 11, that of five kinds of faults above are
12,10,10,11,11 successively. In fact,
decomposition process will produce the false
IMF component, which has nothing to do with
the original signal, so it is necessary to
calculate the correlation coefficient of the IMF
component and the original signal to obtain an
effective component. In the paper, the critical
value is 0.06 , the components whose
correlation coefficient is greater than 0.06 are
used to extract the gearbox fault feature vector.
Finally the first six IMF components are used
to calculate energy characteristic parameters
taking into account all the conditions.
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Figure 3. Vibration signals of the sampling point II
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Figure 4. EMD results of every state of the sampling point 11l

3 Rough sets theor

3.1 Basic Concepts

Rough Sets Theory is a new
mathematical tool dealing with the fuzzy and
uncertainty knowledge. The core idea is to
delete the redundant attributes under the
condition of keeping classification ability.
The information system is described in detail
in the works of Pawlak and Yasdi [12]. The
related basic concepts are discussed here.
If s=(u.qV,,f)represents an information

system, U is the universe, Q is a set of
condition attributes and decision attributes, V,
is the attribute value domain, f,is a function
fq U -V,

If there iISBcQ,X cU,
BX =U{Y eU/B|Y < X | represents B -lower
approximation of X, which is a set of those

elements belonged to the universe completely
according to knowledge.
BX =U{Y eU/B[YNX =¢} represents B-
upper approximation of X, which is a set of
those elements belonged to the universe partly
according to knowledge.
If there is a condition attribute set
a decision attribute set DcQ,
POS.(D) IS C positive region of D.
Dependence coefficient

k=7.(D) =[Pos. (0))/u] =|y cx|

(0<k<1) , which can reflect the
classification ability of C, especially when

CcQ,

k=1, D is determined by C completely . At
present, whether dependence coefficient
changes is used to judge ending the attributes
discretization and reduction algorithm.

In order to facilitate research and
analysis, six states are noted as 1,2,3,4,5,6
respectively and each state takes 30 samples,
180 samples totally every sampling point.
Taking 180 samples as the universe
U={X.X,, " Xgo}, six indicators as the

condition attributesc ={a,b,c,d,e, f} and six

states as the decision attribute D, construct
the decision table. The decision tables of three
monitoring points correspond to Tables 1-3.

3.2. Continuous Attributes
Discretization

Rough Sets Theory can only deal with
discrete data. Now there are several discrete
algorithms, such as Equidistant and
equifrequent classification, NaiveScaler (NS)
algorithm and Semi-NaiveScaler algorithm.
NS and SNS algorithm have often been used
to get the candidate breakpoint set, but which
usually result in too many points. Here, a new
method of the attributes discretization based
on Particle Swarm Optimization[4] is
proposed.

Particle Swarm Optimization(PSO) is
proposed by Dr. Kennedy and Dr. Eberhart in
1995. There is the d-dimensional search
space, the population consists of n particles.
Velocity of the i-th particle is
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V =(V,V,,--,Vy,), the particle position
vector is % :(Xil’xiz""'xid), the global
optimal location vector of the population is

Py = (Pgu Pgz0e pgd), as the optimal
position vector currently of the i-th particle is
B =(Pw P2 Po)  The velocity and

position of each particle update according to
the following formula:

Vid (t +1) =Vig (t) + Clrl( Pig — Xig (t)) +GC,h, ( pgd — Xig &

1)
Xig (t+1) =X (1) + v, (t+1) )

Where, i ranges of [1,m], d is in the
range [1,D], r,r,is any number uniformly

distributed in [0,1], c;,c, are acceleration

factor, ranging from non-negative constant, in
general ¢, =C,=2. In practical engineering
applications, Vv, (t) in Eq.(1) is usually
multiplied by a factor @ which represents the
inertia weight of the current velocity,
generally ranging between 0.1-0.9.

Based on the characteristics of the
decision table in the rough set theory, in order
to facilitate to apply the PSO algorithm in the
continuous attributes discretization, suppose
that there areT condition attributes, h
breakpoints in every attribute, the initial
velocity and position vector are bothhxT
matrix, so the velocity and position would
update according to the Iterative formula as
follows:

V(t+1) = ov(t)+cr, (P, — p(t))+c,r, (G, — P(t))

where, Vv represents the velocity matrix, p
represents the position matrix, p,., represents

the optimal position matrix of one particle,
G, represents the optimal position matrix of

all the particles. The process of attributes
discretization algorithm based on PSO is
described as follows:

Step 1: Make every condition attribute
normalized first. Set parameters as follows:
th )yumber of particlesn, the maximum

number of iterations N__, and initialize the

velocity and position matrix of all the
particles in the range [0,1].

Step 2: Discrete the decision table
based on the initial position matrix of each
particle, and calculate the dependence
coefficient of decision table as the adaptive
value of particles.

Step 3: Compare the current adaptive
value of each particle with its prior optimal

value P, and update it. At the same time

Compare with the global optimal value G
and update.

Step 4: End the algorithm when the
dependence coefficient by G, is equal to
that in the step (2) or when the number of
iterations is maximum, otherwise continue to

update.
Step 5: Change the number of

breakpointsh, compare G__in different h,
to discrete the

best

best

and choose the optima G
decision table.

best

©)

p(t+1) = p(t) +v(t+1) 4
Table 1. Part of decision table of sampling point |
U a b C d e f D
X 0.8884 | 0.4231 | 0.1511 | 0.0918 | 0.0193 | 0.0077 |1
Xis 0.8840 | 0.4071 | 0.1900 | 0.1268 | 0.0268 | 0.0047 |1
Xs0 0.8883 | 0.4136 | 0.1659 | 0.1082 | 0.0212 | 0.0081 |1
Xa1 0.8648 | 0.4461 | 0.2118 | 0.0847 | 0.0316 | 0.0104 |2
X5 0.8359 | 0.4624 | 0.2757 | 0.1015 | 0.0319 | 0.0132 |2
Xeo 0.8811 | 0.4274 | 0.1785 | 0.0913 | 0.0269 | 0.0099 |2
X1 0.7891 | 0.4794 | 0.3355 | 0.1670 | 0.0715 | 0.0444 |3

188 © Metallurgical and Mining Industry, 2015, No. 3



Engineering science

X5 0.8437 | 0.4396 | 0.2784 | 0.1147 | 0.0542 |0.0356 |3
Xgo 0.8075 | 0.5166 | 0.2361 | 0.1373 | 0.0777 |0.0204 |3
Xo1 0.9127 | 0.3820 | 0.1170 | 0.0842 | 0.0168 | 0.0104 |4
Xios 0.8985 | 0.4066 | 0.1428 | 0.0793 | 0.0234 | 0.0089 |4
Xi20 0.9007 | 0.4007 | 0.1594 | 0.0482 |0.0178 | 0.0079 |4
Xio1 0.8663 | 0.4487 | 0.2020 | 0.0791 | 0.0328 | 0.0080 |5
Xiss 0.8749 | 0.4173 | 0.2300 | 0.0784 | 0.0349 |0.0126 |5
Xis0 0.8802 | 0.4305 | 0.1766 | 0.0896 | 0.0255 | 0.0075 |5
Xis1 0.9303 | 0.3320 | 0.1411 | 0.0651 | 0.0109 | 0.0030 |6
Xies 0.9224 | 0.3377 | 0.1673 | 0.0819 |0.0199 | 0.0042 |6
Xis0 0.9241 | 0.3247 |0.1810 | 0.0830 | 0.0298 | 0.0106 |6
Table 2. Part of decision table of sampling point 11

U a b c d e f D
X 0.8841 | 0.3526 | 0.1647 | 0.2202 | 0.1317 | 0.0313 |1
Xis 0.8923 | 0.3176 | 0.1715 | 0.2393 | 0.1250 |0.0242 |1
X30 0.8688 | 0.3828 | 0.1926 | 0.2167 | 0.1189 | 0.0195 |1
X3 0.8781 | 0.3105 | 0.3131 | 0.1744 | 0.0536 | 0.0363 |2
Xs5 0.8797 | 0.3357 | 0.2554 | 0.1888 | 0.1072 | 0.0327 |2
Xeo 0.8674 | 0.3392 | 0.3040 | 0.1828 | 0.0779 | 0.0246 |2
Xe1 0.9010 | 0.3734 | 0.1897 | 0.1016 | 0.0473 | 0.0136 |3
X5 0.9157 | 0.3743 | 0.1168 | 0.0690 | 0.0527 | 0.0161 |3
Xg0 0.9252 | 0.3425 | 0.1215 | 0.1006 | 0.0351 | 0.0223 |3
Xo1 0.8943 | 0.3884 | 0.1741 | 0.1253 | 0.0538 | 0.0201 |4
X105 0.8679 | 0.4632 | 0.1380 | 0.1000 | 0.0511 | 0.0236 |4
Xi20 0.8768 | 0.4178 | 0.1994 | 0.1203 | 0.0451 | 0.0191 |4
X1 0.9072 | 0.3522 | 0.1875 | 0.1223 | 0.0515 | 0.0120 |5
Xiss 0.9372 | 0.2973 | 0.1481 | 0.0985 | 0.0377 | 0.0105 |5
Xis0 0.9062 | 0.3706 | 0.1817 | 0.0873 | 0.0275 |0.0070 |5
Xis1 0.8605 | 0.4315 | 0.1887 | 0.1354 |0.1341 | 0.0387 |6
Xies 0.8865 | 0.3430 | 0.2659 | 0.1235 | 0.0955 |0.0365 |6
Xig0 0.8336 | 0.4604 | 0.2172 | 0.1732 | 0.1147 | 0.0529 |6
Table 3. Part of decision table of sampling point 111

U a b c d e f D
X 0.7788 | 0.5180 | 0.1959 | 0.2311 | 0.1765 |0.0472 |1
Xis 0.8522 | 0.3935 | 0.1995 | 0.2394 | 0.1440 | 0.0322 |1
X3 0.8768 | 0.3518 | 0.1885 | 0.2397 | 0.1162 |0.0305 |1
Xa1 0.9141 | 0.2997 | 0.2246 | 0.1341 | 0.0732 | 0.0300 |2
X5 0.8913 | 0.3176 | 0.2596 | 0.1709 | 0.0863 |0.0244 | 2
X0 0.9000 | 0.3225 |0.2337 | 0.1562 | 0.0781 |0.0283 |2
Xe1 0.8791 | 0.4365 | 0.1519 | 0.0970 | 0.0597 | 0.0237 |3
X5 0.9121 | 0.3657 | 0.1493 | 0.0945 | 0.0519 |0.0191 |3
Xgo 0.9094 | 0.3796 | 0.1280 | 0.0921 | 0.0579 | 0.0246 |3
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Xo1 0.9253 | 0.3369 | 0.1330 | 0.0948 | 0.0571 | 0.0217 |4
Xios 0.9345 | 0.3222 | 0.1143 | 0.0875 | 0.0408 |0.0231 |4
Xi20 0.9203 | 0.3508 | 0.1245 | 0.1091 | 0.0483 | 0.0170 | 4
X1 0.9089 | 0.3651 | 0.1590 | 0.1133 | 0.0492 | 0.0072 |5
Xiss 0.9164 | 0.3582 | 0.1386 | 0.1031 | 0.0434 | 0.0112 |5
Xis0 0.9318 | 0.3275 | 0.1299 | 0.0792 | 0.0337 | 0.0140 |5
Xis1 0.8894 | 0.3706 | 0.2067 | 0.1396 | 0.0924 | 0.0283 |6
Xies 0.8788 | 0.3942 | 0.1765 | 0.1573 | 0.1195 | 0.0456 |6
Xis0 0.8741 | 0.4258 | 0.1690 | 0.1361 | 0.0695 | 0.0522 |6
Table 4. Breakpoint sets of the sampling point
Sampling a b c d e f
Point C C C C C C
0.84481 0.37281 0.15983 0.07798 0.01929 0.00698
I 0.86518 0.41232 0.17581 0.08485 0.02318 0.00813
0.88847 0.44153 0.19015 0.09779 0.02903 0.00985
0.91099 0.46325 0.23325 0.11492 0.03838 0.01365
0.86906 0.34397 0.17193 0.10032 0.05043 0.01376
I 0.88192 0.37296 0.20044 0.12386 0.06635 0.02228
0.89731 0.39932 0.24453 0.17387 0.10783 0.03176
0.86287 0.30792 0.12385 0.09145 0.04735 0.01324
0.87965 0.33492 0.14123 0.09935 0.05380 0.01876
I 0.89958 0.35786 0.16475 0.12157 0.06931 0.02653
0.91528 0.38127 0.19580 0.14013 0.08835 0.03621
0.92793 0.42065 0.21781 0.18961 0.11696 0.04105

In the above algorithm, the updating
principle of p,. and G, is that, the larger

the corresponding dependence coefficient, the
better it is. According to the algorithm, the
breakpoints of every sampling point are seen in
Table 4.

3.3 Reduction Technology Based On
Attributes Frequency

Attribute reduction technology is to
delete the redundant attributes under the
condition of keeping classification ability. At
present, several attribute reduction algorithms
have been put forward, the basic idea is
computing attribute reduction sets with taking
the core attributes as the starting point and
attribute importance as heuristic information.
Although the method can get attribute
reduction sets, it cannot guarantee whether
they are the minimal attribute reduction sets.
Here, a method based on discernibility matrix
and attribute frequency is proposed to calculate

the minimal attribute reduction sets without
computing core attribute. HU XIAOHUA put
forward an improved discernibility matrix [13],
defined as follows.
{aeC:f(xi,a);tf(xj,a)}, If f(xi,D);tf(xj,D)

¢ Others

ij

(%)

Every discernibility matrix determines
the relative discernibility function uniquely.
For it is a Boolean function, the relation
between the sets is “and”, between the
elements in the set is “or”. The method avoids
the complexity of calculating core attributes
especially for the decision table with no core
attributes, but when matrix is large scale,
boolean operations are more complex with
large amount of calculation. A reduction
algorithm based on attribute frequency is
presented, the core idea is as follows. The
higher the attribute frequency, the more the
samples classified, and if the attribute does not

190
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appear in the matrix, it will be abandoned, so
the number of appearances in the matrix can be
used to estimate the importance of attributes.
That is to say the attribute with higher
frequency has stronger separating ability than
that with lower frequency. The process is as
follows: first calculate the discernibility matrix
of the decision table, find the attributes with
the highest frequency from all the elements.
Then delete the elements in the matrix that
include the attributes with the highest
frequency and find the attributes with the
highest frequency from the rest elements, and
so on until the matrix is empty. In the above
algorithms, if there are attributes with the same
frequency, they will be put forward
respectively. Finally the combination including
the least attributes is achieved as a minimal
reduction set.

According to the reduction algorithm
based on attributes frequency, finally the
minimal reduction sets of Table 1-3 are
successively {b,c,d, f},{a,b,c,de} {ade f}.In
order to detect the sensitivity of the sampling
points to faults, the minimal reduction sets of
three points as condition attributes, six work
states as the decision attribute, construct a big
decision table together. In order to facilitate
computation, thirteen characteristic parameters

are denoted as a,a,,-- a,respectively.

Similarly,  through attributes discretization
based on PSO and reduction based on
attributes frequency, two minimal attribute
reduction sets of the big decision table are got,
{ag. 20,1} {ag, 80,25 }-

According to the final reduction
results, the distribution of parameters of the
different measuring point can be got. The
proportion of attributes appearing in the
minimal reduction sets from the point I is 0/6,
the ratio from the point Il is 2/6, and that from
the point 111 is 4/6. That is to say the point Ill
is most important, the point | is useless for
diagnosing faults. In order to realize the real-
time online fault diagnosis and save
monitoring cost, we can only monitor the point
11 and I1I.

In the test, all the failures are set on the
transmission parts at the intermediate shaft.
On the basis of rough set reduction results, the

most sensitive point is the third point which is
the nearest to the fault position, which is
consistent with the gearbox vibration
mechanism. When the attribute reduction
technology in Rough Sets is applied to
optimize the measuring points, it does not need
modeling and dynamic analysis, but selects the
best point directly according to the relationship
between the vibration signal and fault types.
The test results show the method is simple and
feasible, and can be applied to fault diagnosis
of other mechanical systems.

4 Simulation and discussion

Support vector machine(SVM) seek a
compromise between data approximation
accuracy and the complexity of the function
with the objective of structural risk
minimization, it can  obtain  better
generalization ability in the small sample
learning. Attribute reduction technique in
rough set theory could extract sensitive fault
characteristic  parameters, support vector
machine has strong pattern recognition ability,
so in order to make full use of their advantages
in the characteristic parameter extraction and
pattern recognition, the intelligent fault
diagnosis system is constructed based on RS
and SVM. The detail process is described in
Figure 5.

Training samples
Attributes discrete
Attributes reduction

Testing samples N N
| Normalized reduction set |

| Normalized parameter set }—DI Support vector machine ‘

Figure 5. Fault diagnosis system based on RS and
SVM

In gearbox fault simulation
experiments, every state took 30 samples,
totally 180 samples each measuring point, the
former 120 samples for training support vector
machines, the rest for testing samples, the
classification accuracy of each fault
monitoring points are 81.63%, 90%, 95%. The
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classification result is consistent with that of
the sampling point optimization based on
attributes reduction obviously. In order to
improve the classification accuracy, it is
necessary to fuse the features of different
sampling point. The minimal attribute
reduction sets {ag,ay,a;}.{a5,a9,a,} Include
the components of sampling point Il and IlI,
the corresponding classification accuracy reach
100%. Results show that features fusion could

improve the gearbox fault diagnosis
performance, which provides a relatively
generic  solution  for  processing and

recognizing nonlinear and non-stationary fault
signal.

5 Conclusions

Monitoring the effective sampling
point and collecting the fault information
would improve the efficiency and accuracy of
fault diagnosis. A method based on the
attribute reduction technology in Rough Sets is
proposed to optimize the sampling points,
features fusion of different sampling point is
used to improve the classification accuracy
with fault diagnosis system based on RS and
SVM. First the vibration signal of gearbox is
processed by EMD, energy characteristic
parameters based on EMD are extracted as the
fault feature vector, and the decision table is
established according to the gearbox fault
mechanism and Rough Sets Theory. Then a
attributes discretization algorithm based on
PSO is put forward to discrete decision table, a
method based on the discernibility matrix and
attribute frequency is presented to calculate the
minimal attribute reduction sets without
computing core attribute. The most sensitive
signal monitoring point is achieved through
analyzing the final reduction sets. Finally,
fault diagnosis system based on RS and SVM
is constructed, the classification result is
consistent with that of the sampling point
optimization based on attributes reduction
obviously. The experiment results show that
the fault diagnosis method based on sampling
point optimization and features fusion is
effective and could improve the gearbox fault
diagnosis performance, which provides a
relatively generic solution for the similar
mechanical system. In future, there is the need

for further research on more efficient reduction
algorithms.
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