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Abstract

With increasing demand for efficiency and product quality and
progressing integration of automatic control systems in high cost
and safety —critical process the field of supervision or monitoring,
fault detection and diagnosis plays important rules. The Fault
diagnosis task consist of the determination of the fault type with
as many details as possible such as the fault size, location and
time of detection. Today, fault diagnosis is main research in
world. We exposure new algorithm in this paper, this algorithm
have 3 steps. In the First step used wavelet packet and fuzzy set
for make wavelet tree with coefficient in each node. In second
step using wavelet tree and fuzzy set fused data with maximum
Entropy coefficient in wavelet tree and in step three with output
of fusion function we classification this fusion data. This
algorithm have best time study because the time of search
algorithms is 2P ,D is depth of wavelet tree. Our proposed fusion
strategies take into account that a Wavelet-Fuzzy by finding the
optimal hyper plane with maximal margin. Then a Support
Vector Machine classifier is trained. In the distributed schemes,
the individual data sources are processed separately and modeled
by using the Support Vector Machine.
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1. Introduction

It is important to reduce maintenance costs and prevent
unscheduled downtimes for machinery. So knowledge of
what, where and how faults occur is very important.
Condition-based maintenance (CBM) has the potential to
decrease life-cycle maintenance costs, increase operational
readiness and improve safety [1]. Fault detection and
failure mode diagnosis are also necessary for
implementing CBM (Byington and Garga, 2001).

Wavelet Transform (WT) has been developed. WT is a
kind of variable window technology, which uses a time
interval to analyze the high frequency and the low
frequency components of the signal .The data using WT
can be decomposed into approximation and detail
coefficients in a multistate, presenting then a more
effective tool for non-stationary signal analysis than the
FT. Many studies present the applications of WT to
decompose signals for improving the performance of fault
detection and diagnosis in rotating machinery [2], [3], [4].
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In this work, we propose to implement the WT for
condition monitoring of rotating machinery. It is evaluated
using the experimental measurements data in the cases of
mass unbalance and gear fault. The main goal of this
technique is to obtain more detailed information contained
in the measured data [5], [6]. Support Vector Machines
(SVMs), derived from statistical learning theory and VC-
dimension theory, have been widely used in many fields
and show good performance [7], [8]. SVMs were
originally developed to solve binary classification
problems, and so cannot be easily applied to diagnose
more than one category of faults. In real world problems,
discrimination between more than two categories is often
required.

In an information processing system, fusion can take place
at three levels: signal level, feature level, and decision
level. Signal-level fusion is often used to reduce
measurement uncertainty of a single sensor. Feature-level
fusion can effectively use complementary information
from different sources. One of the practical limitations is
the tremendous size of the feature space and the resulting
heavy computational burden. Therefore, feature—level and
decision—level fusion are mainly considered in this paper
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2. Novelty algorithm for fault diagnosis
2.1. Feature extraction based Wavelet- fuzzy Entropy

Wavelet transform is a powerful technique in analyzing
non-stationary signals such as PCG signals. The main
advantage of wavelet transform is its varying window size
that is narrow for high frequencies and wide for low
frequencies. Therefore, wavelet transform is much more
powerful than the other time frequency analysis
techniques such as DFT and STFT, not only for providing
useful time and frequency information, but also for its
adaptive time and frequency resolution [3].

One of the quantitative measures associated with WPT is
entropy. Entropy provides valuable information for
analyzing non-stationary signals. The background theory
of WPT and the definition of the entropy used in the
current study are explained in this section [6].

WPT is an extension of DWT whereby all nodes in the
tree structure are allowed to split further at each level of
decomposition. With WPT, both the approximation and
detail coefficients are decomposed into approximation and
detail components, in comparison to DWT that
decomposes only the approximation coefficients of the
signal. Therefore, features can be generated based on
approximation and detail coefficients at different levels to
obtain more information [7]. The WPT of a signal x (t) is
defined as follows:

= 25 [ x(£)pa (27Tt — p)dt, 0 <n <25 —1(2-1)
Where n is the channel number, j is the number of
decomposition level, or scale parameter, p is the position
parameter, ¢(t) is the mother wavelet, S is the maximum
decomposition level [8]. After decomposing signal x (t) by
WPT, 2%sequences can be produced in the Sth level. The

fast decomposition equation for this kind of WPT is:
X = Y h(p — 2k)x,” (2-2)

T = Y g0 = 200x) (2-3)
In fuzzy sets, we allow any pattern x;, € R™ to depend to
several classes to varying degrees. In this, the resulting
class allocation becomes less strict than the one
encountered in the crisp case .There are two classical
theories of uncertainty within which we can define the
entropy, the first and the most well-known is based on the
notion of probability, while the second is based on the
notion of possibility [12]. In the probabilistic approach,
Shannon entropy is a well-known measure of uncertainty
and is extensively covered in the literature. An extension
to Shannon entropy is the concept of fuzzy entropy, in
which fuzzy sets are used to aid the estimation of the
entropies. It should be highlighted that the measuring of
the fuzzy entropy is quite different from the classical
Shannon entropy since fuzzy entropy contains fuzziness
uncertainties (possibility), while Shannon entropy contains
randomness uncertainties (probabilistic). However, a well-

defined fuzzy entropy must satisfy the four Luca—Termini
axioms [12] given as follows. The first task was to
estimate the required memberships of the samples along
each dimension (or feature) in all of the problem classes.
Several methods were reported in the literature for
estimating the membership functions including the kNN
approach [13], the well-known fuzzy c-means method
(employed within the FWP) [14], and many other variants
[15], [16]. Given the high computation cost associated
with the KNN near and the singularity problem of the
fuzzy c-means, we offer to use the following approach for
estimating the membership values.
Given a universal set with elements x; distributed in a
pattern space as X = {x; , x5, . . ., x;}, where k = 1,
2, ..., lwith I being the total number of patterns. For easy,
it will be useful to describe the membership value that the
k th vector has in the ith class with the following record:
tie = pi(x) € [0,1] (2-4)
Mark the mean of the data sample that belong to class i as
x; and the radius of the data as r
r=max||x; — xl|l; (2-5)
Then the fuzzy membership u;;, can be calculated:
= -2
uye = (FEHleyms (2-6)
Where m is the fuzzian parameter, and € > 0is a small
value to avoid singularity, and o is the standard deviation
involved in the space computation. Finally, the
membership of each of the samples in all of the problem
classes is normalized accordingto  >f_; puy =1
Let X = {x,, ..., x,} be a discrete random variable with a
finite set consist of n symbols, and let u,(x;) be the
fellowship degree of the element xi to fuzzy set A, and F
be a set-to-point mapping F : G(2*) — [0,1]. Hence,
F is a fuzzy set determined on fuzzy sets. F is an entropy
measure if it satisfies the following Luca—Termini axioms
[17], [18]:
. FA) =0 Iff A€e2*F(A)=0
Where A is a non-fuzzy set and 2* indicates the
power set of set A.
. FA)=1Iff ps(x;) =0.5 for alli;
Il. F(A) < F(B) if Ais less fuzzy than B (for example if
pa(x) < pp(x;) when pp(x;) <0.5and p,(x;) =
g (x;) when pg(x;) = 0.5;
IV. F(A) = F(A9)
A= (1= pa(x1), 1 = pa(xn))
Shannon entropy satisfies the aforesaid four De Luca-
Termini axioms, where for a discrete random variable X
with a probability mass function p(x;) , Shannon entropy
is defined by:
H(x) = = Zp(x) logy ™ (2-7)
Using the proposed membership function in (12), we
create c-fuzzy sets along each specific feature f each
feature will be in turn reflect the membership degrees of
the samples in each of the ¢ problem classes. The fuzzy
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equivalent to the joint probability of the training patterns
that belong to class i is given here as

Ykea; Kik
P(f,c) = Total Pattern (2-8)

Where P(f,c;) can be translate as the degree by which
the samples that are predefined to belong to class i does
actually contribute to that specific class. A4; is the set of
indexes of the training patterns belonging to class i.

The fuzzy entropy of the elements of class i, denoted
as H(f,c;), is then equal to

H(f ;) = = Eppe, log, * (2-9)
In order to account for the entropy along all c-classes, the
common aforesaid entropy has to be summed along the
universal set to generate the complete fuzzy entropy H
(f.C)

H(f,€) = SE, H(f,C) (2-10)

The aforesaid entropy satisfies the four De Luca— Termini
axioms and is termed as the joint fuzzy entropy. The
aforesaid equations can be applied on the samples along
each feature, thus computing the entropies associated with
each feature.
In order to find the marginal entropy H (f) of each feature,
we add the compute membership values of the samples
along each of the c-fuzzy sets Si as follows:

_ Zkea;Mik
?(fsi) - Total Pattern (2_11)
Then the marginal entropy is found by:
14 Ci
H(f) = =Zpye log, " (2-12)

2.2 Information Fusion Techniques

The information fusion based on wavelet-fuzzy is to make
wavelet packet transformation (WPT) to preparation data
fusion and decompose it into different resolution space.
Activity measure can acquire certain feature information
of the multi-sensor analysis coefficient of the input, and
decide which input has more obvious feature information.
The general activity measure is a determine function
relative to detail component amplitude. The definition is :
a;(mn) =Ypm+m,n+n)«|Df(m+m’,n+
n)|* (2-13)

Df is the detail component coefficient matrix and
ui(m,n) is the activity measure of Df(m,n), p is the
mask of window area and it is used to linear filter D/,
The activity dimensions said above are calculated by the
components of detailed components decomposed with
every level fail the impact of its corresponding
approximate components. So the suggestion of fuzzy
activity measure, taking the impact of both detail and
approximate components on the activity measure into
attention, achieves the objective of improving the effect of
fusion.

Suppose p is the window mask of j th level’s detail

Pii " Pim
component: p; ; = [ P : l (2-14) For
Pn1 " Pnm
every pi,j'
Suppose in j level approximation coefficient matrix p; ; is
Vipg " VUim
w0
Uni " VUnm

Then for the j th level detail component of input, the basic
decision making module adopted with information fusion
algorithm is:

wjimn) =
[0 M;,p(m,n) < 0 and uf,(m,n) < ufp(m,n)
1 Mg (m, n) <o and w,(mn) > ufp(m,n)
1-M§ 4p(mn)
%—%mn Mfp(m,n) 2 0 and uf,(m,n) < ufp(m,n)
1-M5 45(mn)
t %+ 71:_807“1 Mfp(m,n) = 0 and uf,(m,n) = ufz(m,n)

2-16
The superscript € is the d(irecti)ons that detail component
represents, wy ;(m,n) is the decision factor of the fusion
algorithm, uf (m,n) is the fuzzy activity measure as
described and o is relativity threshold value. M,z (m, n)

is the relative co efficiency of the input
>y uiA (m+m’,n+n')u;7",B (m+m' n+n’)

(2-

M:, z(m,n) =
]'AB( ’ ) ZZ|u;1"'A(m+m’,n+n’)|2+|uf,B(m+m’,n+n’)|’

17)
The wavelet fuzzy coefficient after fusion could be
showed as:

Df(m,n) = Ziz w;;(m,n)U;(m,n) (2-18)
In formula: ¥, wf;(m,n) =1 and Uf(m,n) is detail

component coefficient on j level, in the direction of ¢

2.3 SVM model

The classification problem can be restricted to
consideration of the two-class problem without loss of
generality. The goal is to produce a classifier that will
work well on unseen examples. Here there are many
possible linear classifiers that can separate the data, but
there is only one that maximizes the margin (maximizes
the distance between it and the nearest data point of each
class). This linear classifier is termed the optimal
separating hyper plane. Intuitively, we would expect this
boundary to generalize well as opposed to the other
possible boundaries [7].Consider the problem of
separating the set of training vectors belonging to two
separate classes,
D = {(x},y"):x' € R*, y' € {-1,1}} (2-19)

With a hyper plan< w,x > +b = 0 (2-14)

The set of vectors is said to be optimally separated by the
hyper plane if it is separated without error and the
distance between the closest vectors to the hyper plane is
maximal [1].There is some redundancy in Equation 214,
and without loss of generality it is appropriate to consider
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a canonical hyper plane where the parameters w, b is
constrained by:

min|< w,x" > +b| =1 (2-20)
A separating hyper plane in canonical form must satisfy
the following constraints,

yi<w,xi>+b]=>1 i=1,..,1 (2-21)
The distance d (w, b; x) of a point x from the hyper plane
(W, b) is d(w, b; x) = WX >*bl (2-22)

[Iwll
B(w,b,a) =3 |l = T, @,y [< w,x' > +b] — 1)
(2-23)
Where « is the Lagrange multipliers, The Lagrangian have
to be minimized with respect to w, b and maximized with
respect to « > 0. Classical Lagrangian duality enables the
primal problem, Equation 2.17, to be transformed to its
dual problem, which is easier to solve. The dual problem
is given by,
max w(a) = max(min @(w, b, a)) (2-24)
The minimum with respect to w and b of the Lagrangian,®

is given by,
o
—=0-% ay,=0 (2-25)
dg
=0 ow= Yios aiyix; (2-26)

Hence from Equations 2.17, 2.18 and 2.21, the dual
problem is :
maxw(a) = max%1 im1 Xhor Yy < x5 >+
22:1 g (2-27)
Solving Equation 2.21 with constraints Equation 2.17
determines the Lagrange multipliers, and the optimal
separating hyper plane is given by
1

* p—
w = Z A;YiXi

i=1
1
b* = —§< wx, + x5 >

(2 - 28)

Where x, and x, are any support vector from each class
satisfying

an, >0,y =—-1,y, =1 (2-29)
The hard classifier is then,
f(x) =sgn(<w",x > +b) (2 - 30)

A soft classifier may be used which linearly interpolates
the margin [1, 3]
f(x) = h(Kw",x > +b) where h(z) =

-1 rz< -1
0:-1<z<1 (2-31)
1 1z>1

3. New algorithm

In new method we have 3 steps:
Stepl: feature extraction
In this step have 3 subsets:
1-1: Wavelet Packet Transform
1-2: fuzzy set

In this section will be make wavelet-Tree with coefficient
using fuzzy set.

Step2: Information Fusion based Wavelet Packet
coefficient

Step3: classification using SVM with max wavelet tree.
The new method of identifying current from internal fault
is obtained from Multi feature and wavelet packet
transform using fuzzy set principle and classification
using SVM method (Figure 2).

| Data sourcel | | Data source2 | Cata souwrce N
Featursl Featursz Feamre N
WPT1in WPTZ in WPTHMin

fuzzy mode fuzzy model fuzzy mode
Decompose 1 Decompose 2 Decompose N |
5 o -
Fusion ‘
Classification

Fig 2: New algorithm schema

In this method we have N input (multi feature extraction)
and using wavelet-entropy and information fusion
technology we reduction dimension of input then using
SVM we used for classification. In this hybrid system and
new method have good result for fault diagnosis and we
show in example that these have best method.

4. Test algorithm with data

In this section we want test new method, it have 4 phases
include Input-Learn-Train -Test.

We get data for my research idea from teacher huang in
mechanic engineering school in Wuhan University of
technology. This data get from 2 sensors in gearbox
simulation in lab, then convert data to data file enable in
signal processing programming environment (matlab )
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a. Wavelet-Entropy ->wavelet-tree with coefficient node

|Data (Sae] data (327660
Wravelel Tres Analitnd Bignal langth « K760 -
(Lot
105 [
ikt e
Compress Denose
Hi‘bl m Colores Coefiaems for Termnal Nodes Il Tree Waveie Trew
Besl Tres BaslLinel
Cat Troe a8 Laves
L) an Hade Lazel Enesgy
Hade Acdton
Hose Adien Resul SeiecIND2es and Reconstiud
Fub Sz i
.
C Cop FRO Gloal + abg
- - ———
T
Feguency oedared cosents
{cotame
Scale of Celors Fom M lo Naw |“°"—"[ |
Ir.: Colon | 128
pem[ o S || [
Figure 3: wavelet tree using WPD and Shannon Entropy
[, T
|
.
* s 2% 3
M ied Curmuabe halogram "
(113
et s
-
: upncmeiabong - 1w FFT - Spwciam
(1] B "‘
. :
l (1
a5 - - . - - )
200 - 0 S0 L] L] 0o ] E- L] [ L] [ ] [1] 7] Lt
e
= = =mpare =
aa b - - weter L
—— (R -
o [ : R | | E———
Figure 4: residual wavelet packet
Image 2 data (163840:2)
Wavalel b v 4
Laval u
SelectFusion Methaa
Datais mar

Inagedt Fusion Tree

Calamze pine
b Colses i
Bngrmess -

Fusion of Decemgesitions

Yo [ wre Center X ¥ K= .
- = n - View o close

Figure 5: Data fusion wavelet packet



IJCSNS International Journal of Computer Science and Network Security, VOL.15 No.10, October 2015 63

c. SVM Train:

J Figura 1
Fla ER Vew Iset Took Deblop Wikew Heb

Ddda kSO E LA 0H| oD

25 T T

+  versicalor
¢ vinginica
O Support Vectars

3 35 7] 45

| MATLAR R IA

T &L

el g
g

Fig 6: SVM classification
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with output of fusion function we classification this fusion
. data.
Conclusion In this algorithm we have best time study because the time

We described new algorithm in this paper, this new
algorithm have 3 steps. In the First step used wavelet

packet for make wavelet tree with coefficient in each node.

In second step using wavelet tree and fuzzy set fused data
with maximum coefficient in wavelet and in step three

of search algorithms is 2P , D is depth of wavelet
tree(decision tree) and fusion technique is linear
model(maximum Entropy selection), SVM classification
is supervised learning (linear classification).
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