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Abstract: For the purpose of discriminating the roller bearing faults, this paper proposes a novel method with
harmonic wavelet package, Kernel Principal Component Analysis (KPCA) and Relevance Vector Machine
(RVM). Firstly, compute the vector energy with wavelet coefficients after the roller bearing vibration signals
have been decomposed with harmonic wavel et package. The feature vectors are available after the vector energy
has been standardized. Secondly, this paper uses severa kernel principal components to extract nonlinear feature
from the former vector according to the cumulative principle component contribution rate while greater than
90 %. Thirdly, a multiple classification model is proposed with RVM to discriminate the roller bearing faults.
Finally, vibration data from Case Western Reserve University is used to test the proposed method.
The experimental results show the proposed method reflects more roller bearing fault characteristics than the
conventional method. Meanwhile, it can identify roller bearing states more accurately and efficiently.
Copyright © 2014 IFSA Publishing, S L.
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1. Introduction faulty feature [1-3]. Wavelet transform also possesses
good performance for time-frequency anaysis.

Vibration signals are widely used for the roller Morphological wavelet is used to extract energy

bearing condition monitoring. Comparing the signals
of a machine in norma and faulty conditions,
discriminating the roller bearing faults is possible.
Because of the non-stationary characteristics of roller
bearing vibration, many researchers study time-
frequency technology in order to extract feature from
vibration signals. Due to the adaptive performance of
Hilbert-Huang transformation in time-frequency
domain, Empirical Mode Decomposition (EMD) is
used to process roller vibration signals to extract

http://www.sensorsportal.com/HTML/DIGEST/P_2405.htm

feature from roller bearing vibration signas [4].
Compared with wavelet transform, harmonic wavel et
transform possesses better filter performance when
decomposing signals in interested time-frequency
domain. Meanwhile, the signals after transformation
possesses the same resolution as the origina signals,
that overcome the limitation of Mallat algorithm in
wavelet transform [4]. For harmonic wavelet analysis
is effective to extract the singular components in the
non-stationary signals, the time-frequency profile of
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harmonic wavelet is performed to analyze the signals
of gear fault [5]. However, with the increase of
harmonic wavelet decomposition layer, analysis band
will gradualy tend to lower frequency or higher
frequency without arbitrarily selected band.
Harmonic wavelet package overcomes the former
limitation because it adaptively subdivides the
whole band to extract interested frequency.
Therefore, harmonic wavelet package is used to
decompose roller bearing signals into different
frequency domain and compute energy to prepare the
feature vector [6, 7].

After the feature vector is available, a multiple
classifier is necessary to discriminate the faults of
roller bearing. For the nonlinear mapping
performance of neural network, Back Propagation
(BP) is used to propose the classification model to
classify faults [6]. The fuzzy classifier is established
to diagnosis roller bearing faults after the necessary
rule set is obtained by intuition and domain
knowledge [8, 9]. When a smaller number of samples
are available, Support Vector Machine (SVM)
possesses better nonlinear mapping performance.
Based on decision tree architecture, a multiple SVMs
classifier is designed with to diagnose roller bearing
faults [3,7]. For the purpose of efficiently
classifying, Proximal Support Vector Machine
(PSVM) is used to discriminate different bearing
states [10, 11]. Relevance Vector Machine (RVM)
converts nonlinear mapping in low-dimensional
space into linear mapping in high-dimensional space
just as SVM. Yet, itstraining process is implemented
within Bays architecture and it removes the irrelevant
points with Automation Relevance Decision (ARD)
principle premising a priori parameters to achieve
sparse model [12,13]. RVM overcomes such
limitations of SVM as error parameters
determination, model sparse and kernel function
satisfying Mercer condition. It possesses similar or
better accuracy for regression  prediction,
classification and identification compared with SVM.

This paper proposes a novel discrimination
method for the roller bearing faults diagnosis. This
paper is organized as follow. Section 2 presents the
scheme of discrimination method. Section 3 presents
the process of feature extraction with harmonic
wavelet package. Section 4 presents the process of
feature reduction with KPCA. Section 5 presents the
architecture of multi-classification model with RVM.
To illustrate the proposed method above,
experimental results are given in section 6. Finaly,
we draw the meaningful conclusion in section 7.

2. Scheme of Discrimination the Roller
Bearing Faults

For the purpose of discriminate the roller bearing
faults, this paper proposes a novel method with
harmonic wavelet package, KPCA and RVM. Four
roller bearing faults are considered including good
bearing, bearing with inner race fault, bearing with
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outer race fault and bearing with roller fault. The
scheme of the proposed method is shown in Fig. 1.
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Fig. 1. Scheme of discrimination method.

Vibration signal is collected in order to represent
the characteristics of theroller bearing state. After the
vibration signal is processed by harmonic wavelet
package, feature vector is achieved. Then, KPCA
implements feature reduction from the former vectors
to achieve the simplified feature vector. A RVM
Classifier is proposed with decision tree architecture
to discriminate good bearing, bearing with inner race
fault, bearing with outer race fault and bearing with
roller fault.

3. Feature Extraction with Harmonic
Wavelet Package

From the spectrum of wavelet package, Newland
proposes harmonic wavelet that is a novel wavelet
formation approach [14]. Harmonic wavelet is a kind
of complex spectrum wavelet with box-shape. Its
expression in frequency domain is

v, (X) =[exp(in27x) — exp(i m27rx)]/[i 2r(n-mx], (1)

where m, n determine the wavelet transform level just

the same as j from 2’ in the binary wavelet. Since
harmonic wavelet is a complex wavelet with real part
and imaginary part, it possesses good performances
of locking phase and filter. The interested frequencies
are reserved while other frequencies are shielded
after transformation [15]. However, harmonic
wavelet analysis can not choose interested frequency
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arbitrarily without infinite subdivision performance.
Anyway, adaptive and infinite subdivision may be
implemented based on the idea of binary wavelet
package. Suppose interested frequency band is

B=2"f ,inwhich f _isthehigh frequency and

m=sB .
,$=0,1,2,---,2' -1, 2
{n=(s+1)B

Therefore, any decomposition layer can be
subdivided to achieve the interested frequency band.

Conventional feature extraction method with
harmonic wavelet package is to standardize the
testing signa for the purpose of eliminating the
effects of different variables that are described in
equation (3).

X =[X —sum(X)]/a(X), ©)

where the sum function computes the sum of X and
o indicates the standard deviation of X. However,
conventional  standardization method is not
appropriate for vibration signal, whose sum may
approach zero because of the contradiction between
positive signal and negative signal. So, this paper
first computes the sum of square of wavelet
coefficients in each frequency domain. Then,
compute the square root of the sum. After the square
root has been standardized, the feature vector is
prepared. The process of feature extraction method
with harmonic wavelet package is described in detail
as below.

1) Decompose vibration signal into multiple
scales with harmonic wavelet package to achieve
coefficients of each scale.

2) Compute the energy from wavelet coefficients
in each scale with equation (4).

5 M
E, :./‘HHM dt = [D[H,,,
j=1

where N indicates the number of frequency bands and
M indicates the number of wavelet coefficients in
each band after harmonic wavelet decomposition.

3) Standardize the energy of wavelet coefficients
with equation (5).

2
1

(4)

E. =|E, —mean(EHN“):I/DJ(EHN‘) )

where mean function computes the average energy of
each band and D_ indicates the standard deviation of

the energy of each band.
4) The standard fault feature is described as
equation (6).

E =[E. E_ -~ E_]. (®

4. Featur e Reduction with KPCA

Principal  Component Anaysis (PCA) is a
conventional dimension reduction method to deal
with linear data. Meanwhile it is unable to deal with
nonlinear data. Yet, PCA can be extended to
nonlinear space with the projection of nonlinear
kernel function. Scholkopf proposes Kernel Principal
Component Analysis (KPCA) with the aid of the
SVM theory to solve nonlinear problem [16]. With
KPCA, those linear inseparable data can be projected
to the high dimension space in which it is linear
separable for them. Based on PCA, KPCA
implements the nonlinear data mapping to the higher
dimensional feature space with kernel function and it
is convenient to extract better feature in the high
dimensional space[17, 18].

By the nonlinear mapping function @, the time
series of data x (i =1,...,M) in origina space R are
projected to a new high dimensional feature space F,
in which x are denoted by ¢(x). The process of

KPCA for feature reduction is described in Fig. 2.
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Fig. 2. Process of KPCA for feature reduction.

The process of feature reduction is described in
detail asfollow.

1) Compute the kernel matrix from feature
vector matrix.

2) Centralize the kernel matrix.

3) Decompose the centralized matrix to achieve
standardized eigenvectors and determine the number
of kernel principal components.

4) Compute the projection of the eigenvector in
the feature space.

5. Discrimination Roller Bearing Faults
with RVM

Relevance Vector Machine (RVM) is proposed by
M. E. Tipping based on Sparse Bayesian learning
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theory, which ensures sparse performance by
assigning eigenvector with zero mean Gaussian prior
distribution after introducing  ultra-parameter
[12, 13]. Meanwhile, estimate ultra-parameter with
the maximizing edge likelihood function and
automatically adjust rule coefficients in the process
of ultra-parameter estimation [19]. Besides the good
performances as Support Vector Machine (SVM),
RVM overcomes intrinsic limitation of SVM. With
computation efficiency, its kernel function is not
limited by Mercer condition [20, 21]. Based on the
idea of Multi-classification Support Vector Machine,
this paper proposes three models with RVM to
implement multi-faults discriminating for roller
bearing. This paper considers four bearing
states including good bearing, bearing with inner race
fault, bearing with roller fault and bearing with outer
race fault.

Just as the model with SVM in literature [7], this
paper proposes decision tree mode with RVM.
Suppose the classification number is k, the scheme of
decision tree is to establish k-1 two-classification
models. The target output of i" classification model is
0 for the i™" samples, is 1 for the rest (i+1)" samples,
(i+2)" samples, ..., k" samples. And the target output
of (i+1)" classification model is O for the (i+2)"
samples, is 1 for the rest (i+3)" samples, (i+4)"
samples, ..., k" samples. After the process of one
two-classification RVM model, the number of classes
decreases until all classes have been classified. With
RVM  this paper proposes roller bearing
discrimination method with decision tree architecture
whichisshowninFig. 3.

RVM1
y=0

Good bearing RVM2

y—O
Bearing with roller fault RVM3

| Bearing with inner race fault |

| Bearing with outer race fault |

Fig. 3. Decision tree classification architecture with RVM.

In the process of classification, decision tree
model discriminates good bearing firstly because it is
easy to classify the good bearing and faulty bearing.
Then, it discriminates bearing with roller fault which
is different from race faults. Finaly, it discriminates
bearing with inner race fault and bearing with outer
race fault. Anyway, if one RVM misclassifies
bearing, it will not be corrected, that affects the
accuracy of decision tree model.

96

6. Experimental Illustration

To verify the effectiveness of the discrimination
method for rolling bearing fault diagnosis, the test
data is acquired from electrical engineering lab of
rolling bearing fault simulation in Case Western
Reserve University [22]. The test stand is shown
inFig. 4.

- \-A-dmn‘ete’ i

Fig. 4. Test stand of roller bearing.

The test bearings support the motor shaft. Single
point faults were introduced to the test bearings using
electro-discharge machining with fault diameters of
7mils, 14 mils, 21 mils, 28 mils, and 40 mils
(2 mil=0.001 inches). SKF bearings were used for the
7, 14 and 21 mils diameter faults, and NTN
equivalent bearings were used for the 28 mil and
40 mil faults. Vibration data was collected using
accelerometers, which were attached to the housing
with magnetic bases. Accelerometers were placed at
the 12 o’'clock position at both the drive end and fan
end of the motor housing.

During some experiments, an accelerometer was
attached to the motor supporting base plate as well.
Vibration signals were collected using a 16 channel
DAT recorder, and were post processed in a Matlab
environment. All data files are in Matlab (*.mat)
format. Digital data was collected at 12,000 samples
per second, and data was also collected at
48,000 samples per second for drive end bearing
faults. Speed and horsepower data were collected
using the torque transducer/encoder.

To illustrate the advantages of the proposed
feature extraction and reduction method with
harmonic wavelet package and KPCA, this paper
compares it with conventional wavelet packet and
KPCA. Firstly, decompose the vibration data with
harmonic wavelet packet and the wavelet packet
respectively. Secondly, extract the eigenvector,
implement kernel principal component analysis and
compute its principal component contribution rate.
Contribution rates of the former seven principal
components are shown in Table 1.
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Table 1. Contribution rates of principle component.

Wavelet packet-eigenvector Harmonic wavelet packet-eigenvector
e Principal Principal Principal Principal component
igenvalue 1 component component 1 component cumulative
number contribution rate cumulative contribution rate contribution rate (%)
(%) contribution rate /% (%)
1 8.6511 72.05 72.05 18.306 78.14 78.14
2 1.3106 10.92 82.97 3.3144 14.15 92.29
3 0.8497 7.08 90.05 0.9923 4,24 96.53
4 0.5443 453 94.58 0.3743 1.60 98.13
5 0.3034 2.53 97.11 0.2410 1.02 99.16
6 0.1187 0.99 98.10 0.1227 0.52 99.68
7 0.1027 0.86 98.96 0.0754 0.32 100

Table 1 shows that both harmonic wavelet
package and wavelet package possess good
performance in the process of feature compression
with kernel principal component analysis. The first
principal component contribution rate exceeds 70 %,
the former three principal components cumulative
contribution rate exceeds 90 % and the former five
principal components cumulative contribution rate
exceeds 95 %. Meanwhile, the principa component
contribution rate with harmonic wavelet package
exceeds the principal component contribution rate
with wavelet packet respectively. So, harmonic
wavelet package possesses better performance when
feature compressing. In order to ensure the good
dimension reduction effect and minimal information
loss in the process of feature extraction, feature
dimension should be large than 3 by experiences.
With the proposed feature extraction and reduction

method, 200 groups are collected including 50 groups
with normal state, 50 groups with inner race fault, 50
groups with roller fault and 50 groups with outer race
fault. After these groups have been used to train the
MRVM (Multiple Relevance Vector Machine)
classifying model that is established with decision
tree architecture, the model possesses the capability
to discriminate different roller bearing state. Then,
collect other 200 groups to test the classifying
capability of the model. Meanwhile, we use the same
process to verify the method with wavelet package
and KPCA. This paper studies four different working
states. The fault diameter range includes 0.007 inch,
0.014 inch and 0.021 inch. The rolling speed range
includes 1730 r/min, 1750 r/min and 1797 r/min. The
accuracy and elapsed time of two methods are
compared in Table 2.

Table 2. Comparison results of two methods.

Wavelet-K PCA-MRVM Harmonic wavelet-K PCA-M RVM
Principal Principal
Working | component | Principal component Principal
state cumulative |component Aceuracy El_apwd cumulative | component Aceuracy/ EI_apsed
S % time/s R % timels
contribution | number contribution number
rate /% rate /%
0.007 inch
1730 r/min 98 6 99.5 0.328 97 4 100 0.250
0.007 inch
1797 r/min 98 6 100 0.282 98 4 100 0.281
0.014 inch
1730 r/min 98 9 99.5 0.312 98 5 100 0.297
0.021 inch
1750 r/min 95 4 85.5 0.297 95 3 95.5 0.297

Table 2 shows that the corresponding fault states
with different sizes and different speeds in this paper.
The proposed method possesses higher diagnostic
accuracy, less elapsed time and few kernel
components than the method with wavelet package
and KPCA.

7. Conclusions

This paper combines harmonic wavelet packet
and KPCA for the purpose of feature extraction and

reduction from the rolling bearing vibration signal.
Harmonic wavelet packet possesses outstanding
performance when extracting feature from time-
frequency domain. KPCA reduces dimension of
principal components and excludes those components
with little contribution. So, the sensitive features with
fault characteristics are left for discriminating faults
of rolling bearing more efficiently. The classification
model with RVM is established to discriminate roller
bearing faults. Based on the decision tree
architecture, four bearing states can be discriminated
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with feature vector. After the experimental data is
acquired from the rolling bearing test stand in Case
Western Reserve University, the feature extraction
and discrimination roller bearing faults of the
proposed method are verified. Experimental result
shows that the proposed method extracts feature more
accurately and effectively than the method with
wavelet packet and KPCA. Meanwhile, classification
with RVM can discriminate roller bearing state more
accurately and efficiently.
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