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Abstract— This paper presents a robust technique for
denoising of vibration signals corrupted by Additive White
Gaussian Noise. The proposed method uses Dual Tree
Complex Wavelet Transform (DTCWT) and is very
efficient due to its shift invariance property and reduced
aliasing effect. While using DTCWT, we are comparing
Different Threshold selections. The threshold value is
selected using Universal, Rigrsure, Heursure and Minimaxi
methods and is level adaptive. The best results are obtained
by the threshold value selection using ‘Minimaxi’ threshold
at low values of noise standard deviation and using
‘Universal’ threshold at higher values of noise standard
deviation. Experiments are carried out on simulated
vibration signals as well as on real time faulty signal. The
comparison of the results of the proposed methods using
DTCWT for synthetic signal is done using the signal to
noise ratio (SNR). Higher SNR is gained compared to
traditional denoising method. For comparison of results of
the real time signal, another statistical parameter ‘Kurtosis’
is chosen.
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l. INTRODUCTION

Modern machineries are one of the most important tools.
Today industries can’t be imagined without machines. These
machines play crucial role in manufacturing industries,
reduce the labor work and time consumption. Rotary
machine is a tool that contains different rotating parts such
as rotors, bearings, gears etc. To achieve the appropriate
goal, machines should be fault less. But due to presence of
noise, faults are not detected correctly. Due to various
reasons such as mechanical vibrations, stresses, inadequate
lubricant and asymmetric loading, breakdown happens and
different types of faults take place in machines. These faults
foremost to slow or total stoppage in production and
therefore economical loss and safety problems are faced by
industries. To defeat these problems, some efficient and fast
techniques are required that are able to not only detect
faults, but also remove noise from the faulty signals. These
vibration signals contain useful information to detect the
faults [1-2]. To retrieve the characteristic fault frequencies
of the vibration signal, denoising of signal is an essential
pre-processing step.

For the past few years, many techniques have been
developed in this field to detect faults such as the Fourier
Transform (FT) [3-4] and the Short Time Fourier Transform
(STFT) [4]. Fourier analysis has a serious drawback. Fourier
Transform gives the complete information about the
frequency content of the signal but the time information is
missing. Thus using this transform it is not possible to
identify that which frequency component exists at a
particular time. Main Drawback of STFT is poor resolution.

STFT creates constant resolution for a window and it is
suitable for Quasistationary signals. STFT gives the
information about both time and frequency of the signal, but
the selection of window size is a big concern.

Due to this drawback, a transform is required
which is able to give not only perfect time and frequency
resolution of a spectral band but a particular spectral
component without any limitation. Wavelet transform has
now become approved that gives perfect time and frequency
information of a signal under investigation. Wavelet
transform can be basically categorized into Continuous
Wavelet Transform (CWT) and Discrete Wavelet Transform
(DWT) . Main advantage of DWT over CWT is that it is
comparatively faster, easier to implement and avoids
redundancy. However DWT has some drawbacks such as
lack of shift invariance and aliasing effect. To overcome
these problems, in this paper, a robust technique for
denoising of vibration signals are proposed that use
DTCWT.

The paper organization is as follows: A short
description of DWT and DTCWT is given in Section Il that
describes the functioning of the transforms. Section Il
presents the proposed denoising algorithm. In Section IV,
comparisons of results and their analysis is done. Finally
conclusions are given in Section V.

Il. DWT AND DTCWT

A. DWT

In numerical analysis and functional analysis, a discrete
wavelet transform (DWT) is any wavelet transform for
which the wavelets are discretely sampled. As with other
wavelet transforms, the key advantage over Fourier
transforms is temporal resolution i.e., it captures both
frequency and location information (location in time) [4-6].
In discrete wavelet transform, filters of different
cutoff frequencies are used to analyze the signals at different
scales. The signal is passed through a series of high pass
filters to analyze high frequency components, and is passed
through a series of low pass filter to analyze the low
frequency components. This shows better in Fig.1. The
amount of detail information present in the signal known as
resolution of the signal, is changed by filtering operations,
and the scale is changed by upsampling and downsampling
operations. Downsampling a signal corresponds to reducing
the sampling rate, or removing some of the samples of the
signal whereas upsampling leads to increasing the sampling
rate of a signal by adding some new samples to the signal.
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Fig. 1: Block Diagram of Discrete Wavelet Transform at 3
level of decomposition

1) Drawbacks of DWT

a) The drawback with wavelets is that it oscillates between
positive and negative values around the singularities.

b) Wavelet coefficients of decimated DWT are changed
when input signal will be shifted in time.

c) Aliasing appears when wavelet coefficient is calculated
i.e., it is unwanted checkerboard artifacts appear when
edges are under an acute angle.

B. DTCWT

The dual-tree complex wavelet transform (DTCWT) is a
comparatively recent enhancement to the discrete wavelet
transform (DWT) with extremely important additional
properties. ‘It is nearly shift invariant and directionally
selective in two and higher dimensions. The dual-tree
complex wavelet transform is employed due to its property
of approximate shift invariance that is extremely important
in signal denoising. It generates complex coefficients by
using a dual tree of wavelet filters to obtain their real and
imaginary parts. This introduces limited redundancy (2m:1
for m-dimensional signals) and enable the transform to
provide approximate shift invariance and directionally
selective filters (properties lacking in the traditional wavelet
transform) while maintaining the usual properties of perfect
reconstruction and computational efficiency with good well-
balanced frequency responses.

DTCWT contains two dual tree wavelet basis
functions and due to this property the difficulty of lack of
shift invariance, coefficient oscillation and aliasing effect do
not occur [7-8]. It is very influential and efficient transform
for multiple fault detection and noise reduction. DTCWT
uses a dual tree of wavelet filters to find the real and
imaginary parts of complex wavelet coefficients. The
DTCWT of a signal is implemented using two critically-
sampled DWTs in parallel on the same data. In this
transform, two parallel DWTs with dissimilar lowpass-
highpass filters are used for decomposition and
reconstruction of signal and hence it is extremely
directionally selective. For specially designed sets of filters,
the wavelet associated with the upper DWT can be an
approximate Hilbert transform of the wavelet associated

with the lower DWT. When designed in this way, the
DTCWT is nearly shift invariant, in contrast with the DWT.
The perfect reconstruction property of the DTCWT is
verified too. Its properties of approximate shift invariance,
computational efficiency and perfect reconstruction makes it
a good candidate for denoising signals. For ,(t)and
Y, (t)denoting two real valued wavelets used for lowpass
and highpass filters respectively, the complex wavelet (1)
is given by

YE) =Pn() + jug(®) 1)
Thus two real wavelets constitute a complex analytical
wavelet which is supported on positive frequency axis.

1) Decomposition and Reconstruction of DTCWT

Since DTCWT is decomposed of two parallel wavelet
transforms, the wavelet coefficient dR¢(k) and scaling
coefficient c}“’(k) of the upper tree can be computed via
inner product

drke (k) = 22 f_ x(OP, (21t — k)dt

cfe (k) = 22 [ x (Dbt — k)t )
Where | is scale factor and j is maximum scales.
similarly coefficient of lower tree can also be computed

using ng(t) and ¢g(t) in place of Yy, (t) and ¢y, ()
dim (k) = 22 Fox@u,@t—kde  1=1...5 &
Im (k) — 22 f_

I=1....j

XDy (2t — k)dt )
The wavelet and scaling of the DTCWT coefficient
can be given by combining the output of the dual tree as
follows
di (k) =
o (k) =

afe (k) + jdim k) l=1....j (6)
e (k) + jei™ (k) (7
Furthermore, when other coefficients are set to
zero, the scaling or wavelet coefficients can be individually
reconstructed using the following equation
d;(t) =20/ EndieUv,R't—n) + (8)
Tndi™ (), (2t — )] I=1.j
and ¢;(t)=207D/2 [ () br(2/t —n) + (9)
Tnc™ ()dy (27t —n)]

Coefficients d,(t) and c;(t) are real and have
equal lengths as the original signal x(t), which are different
from df (k) and ¢f (k). For real tree, corresponding
decomposed scaling coefficient (approximation) c}“ (k) and
wavelet coefficient (details) dr¢ (k) as well as the inverse
transform between the two consecutive resolution levels |
and I+1 can be derived by
Cl+1 (k) = Xnho (n = 2K)c*® (n)(10)

diy (k) = X hy (n = 2k)cf (n)(11)
and
Ef;)(k) =Ynh, (k —2n) ¢ () + X0y (k —2n) d¥, (n)
Similarly for imaginary tree

iy (k) = Xn go (n = 2k)c™ (n) (13)
iy (k) = Xn g1 (n = 2k)c[™ (n)\ (14)
and ¢/™ (k) =Xn8, (k —2n) 4 (n) + X, 8 (k —

(15)
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Fig. 2(a) and Fig. 2(b) shows block diagram of two stage
DTCWT decomposition and two stage DTCWT
reconstruction respectively[9-10].
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Fig. 2(a): Block Diagram of Two stage DTCWT
Decomposition
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Fig. 2(b): Block Diagram of Two stage DTCWT
Reconstruction

Complex transform implemented in this way is no
longer critically sampled, because two independent wavelet
transforms are required. The benefits of complex wavelet
transform actually depends on the spectrum of wy(t) being
single sided. To have this property, it is required that the
wavelet function i, (t) and y,(t) form the Hilbert
Transform pair.
Yg () =H[Wn ()] (16)

Where H[.] denotes the Hilbert transform operator.
It is demonstrated that an orthogonal wavelet basis is the
Hilbert transform of another orthogonal wavelet basis if and
only if the associated scaling filter of the former is a half
sampl delayed version of the scaling filter of later, that is
9o(n) = hy(n—0.5) 17)

I11. PROPOSED WORK

Overlapping of undesirable, out of band frequencies with
required frequencies of signal, causes distorted spectrum of
signal and aliasing effect is introduced in the signal.
Aliasing an effect that causes different signals to become
almost identical or aliases of one another when sampled. It
also refers to the distortion or artifacts that results when the
signal reconstructed from samples is different from the
original continuous signal. The inverse DWT cancels this
aliasing, but only if the wavelet and scaling coefficients do
not change. Any wavelet coefficient processing
(thresholding, filtering, quantization) upsets the delicate

balance between the forward and inverse transform, and
introduce artifacts in the reconstructed signal. These types
of signals cannot be filtered correctly and create serious
impacts in many sensible applications. DWT avoids
aliasing, only if the wavelet and scaling coefficients are not
changed. However throughout filtering, thresholding or any
other processing, coefficients deal with this step. These
coefficients alter and aliasing is introduced in the signal.
DTCWT have no such restriction and thus gives alias free
spectrum of the signal.

A. Decomposition of Multiple Harmonic Signal

The aliasing of signals caused by DWT is established by
generating a synthetic signal s;(t)having multiple
harmonics, at a sampling frequency 2000Hz, given by

S1 (t)=0.5cos(2n.30t)+cos(2m. 150t)+1.5¢cos(2w.200t)+  (18)
c0s(2m.300t)+0.5c0s(2m.500t)

Where, t € [0,0.256]. From the equation of this
signal, it is clear that five frequencies are here in the signal,
that are 30, 150, 200, 300 and 500Hz. Decomposition of this
signal via DWT and DTCWT is shown in Fig. 3(a) and
Fig. 3(b) respectively. The frequency information of the
decomposed signals are obtained by computing their FFT.
The FFTs of decomposed subbands are plotted in Fig. 3(c)
and Fig. 3(d) for DWT and DTCWT respectively.

From the spectrum of subbands, DWT shows
distorted frequency spectrum (Fig. 3(c)), in which unwanted
frequency component such as 800 and 1000Hz are observed
in d3, d2 and in d1 subbands, whereas these frequencies are
not in the signal. On the other hand, spectrum of DTCWT
(Fig. 3(d)) shows actual frequencies 30, 150 and 500Hz in
a4, d1 and d4 subbands in that order and d2 and d3 subbands
both show 200 and 300Hz frequencies. For DWT, identical
wavelet (db8) is used for the decomposition of the signal.
Thus it is clear that DTCWT do not suffer from aliasing.

Also, in DWT the figure of lowest approximation
coefficients is not as clear as in DTCWT
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Fig. 3(a): DWT decomposition of Si(t), (b)) DTCWT
decomposition of Sy(t), (c) FFT of the decomposed
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subbands of DWT of Fig.3(a), (d) FFT of decomposed
subbands of DTCWT of Fig.3(b)

B. Proposed Denoising Method

Noise suppression is an integral part of any signal
processing task. For denoising of signal in the proposed
work, initially the signal is decomposed using DTCWT
which results in seperate approximation and detail
coefficients for every stage of decomposition. Threshold
plays an important role in the denoising process. Finding an
optimum threshold is a complicated process. Soft
thresholding  technique are used for such denoising
processes normally.

1) Threshold Selection

Threshold selection is an important process which directly
affects the quality of output denoised signal. In this paper,
performances of four well-known standard threshold
estimation methods are investigated for vibration signals
corrupted by additive white Gaussian Noise. These four
methods are briefly described as follows:

2) Universal Thresholding

The threshold wvalues (A) are calculated by wuniversal
threshold (square root log) method given by,

A= gj /ZIOgNj (19)

Where, N; is the length of the noisy signal jt" scale and ajis

the standard deviation at j**scale given by,

o = MAD j _median |o| (20)
0.6745 0.6745 L i

Where, o represent wavelet coefficient at scale j.

3) Minimaxi Thresholding

This method finds threshold (L) using Minimax principle. It
uses a universal threshold to yield Minimax performance for
mean square error against an ideal procedure. The Minimax
principle is used in statistics to design estimators. Since the
de-noised signal can be assimilated to the estimator of the
unknown regression function, the Minimax estimator is the
option that realizes the minimum, over a given set of
functions of the maximum Mean Square Error (MSE). This
procedure finds optimal thresholds [12]. The threshold is
given by,

1= {0(0.3936 + 0.1829l0g, N) N>32 (21)

0 N <32

Where, 6 = median 0':;'45 and o is the wavelet

coefficient vector at unit scale and N is the length of signal
vector. In this method, the threshold value will be selected
by obtaining a minimum error between wavelet coefficient
of noise signal and original signal.

4) Rigrsure Thresholding

It is a soft threshold evaluator of unbiased risk. Suppose W=
[wy W, .......wy] is @ vector consists of the square of
wavelet coefficients from small to large. Select the
minimum value r, (b*"r) from risk vector, which is given
as,

_ _ N-2i+(N-Dwi+ Xk, 22
R= {Ti}i=1,2...1v— Nl k=1 K (22)

as the risk value. The selected threshold is A =
o.Jw, where,w, the b'™ squared wavelet coefficient

(coefficient at minimum risk) chosen from the vector W and
o is the standard deviation of the noisy signal.

5) Heursure Thresholding
Threshold is selected using a combination of universal and
Rigrsure methods. If the signal to noise ratio is very small,
the rigrsure method’s estimation is poor. In such case, fixed
form threshold of universal method gives better threshold
estimation [13]. Let threshold obtained from universal
method is A;and threshold obtained from Rigrsure is A,
then Heursure gives the threshold given by,
L= {7\1 A>B (23)
min(A;,A,) A<B

Where, A = SI;N and B= (log,N)*/2 VN . The N is
length of wavelet coefficient vector and s is the sum of
squared wavelet coefficients given as s = ¥V, w? .

Threshold determination is an important problem.
A small threshold may yield a result which may be noisy
and large threshold can cut significant part of signal thus
losing the important details of the signal.
6) Thresholding
Thresholding is used to filter the noisy signal. For better
results, proper thresholding method is required to be used,
which not only eliminates the noise but also sustains the
original information of the signal. Thresholding is
performed on high frequency component i.e. detailed
coefficient of wavelet transform, as it is more affected by
noise. Approximation coefficients contain low frequency
components, hence are less affected by noise. Thresholding
is performed at each level of decomposition. Detailed
coefficients are compared with the threshold value and are
modified accordingly. After reconstruction, denoised signal
can be obtained. For proper smoothing, appropriate
threshold value has to be chosen. If it is too small, noise
cannot be eliminated properly and if it is large it will remove
original signal information along with noise. In this paper
soft thresholding is used which is discussed below.
7) Soft Thresholding
In this thresholding, if the signal contains noise than it is not
removed totally, but its amplitude is reduced by some
amount as shown by the mathematical expression
x = sign * max(0,|x|-T) (24)

Here ‘x’ is a noisy wavelet coefficient and ‘T’ is
threshold. Soft thresholding shrinks the coefficients above
the threshold in absolute value and has some advantages. It
makes algorithms  mathematically more  obedient.
Sometimes, pure noise coefficients may pass the hard
threshold and appear as annoying “blips” in the output. Soft
thresholding shrinks these false structure.

IV. EXPERIMENTS AND RESULTS

A. Denoising of Simulated Faulty Signal

Faulty bearings can be seen as a series of impulses.
Furthermore, noise is always present when these signals are
captured with the help of accelerometers. In this work, a
faulty signal is simulated and noisy signals are generated by
adding Additive White Gaussian Noise of a variety of
standard deviations.The simulated signal is represented by,
Sy (1) = 0.4%8, 6(t — 111i) + Y-, rand (1)exp(—0.12(t — t))sin(2m400t") (25)

Here, t € [0, 1023] is the no. of samples, t’ shows a
delay of 204.8 seconds and t” € [0, 0.5120-1/Fs, where
1024/Fs=0.5120]. The sampling frequency (Fs) of signal is
2000Hz.
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For conducting tests, noisy signals are generated by
addition of noise levels of 0.01, 0.02, 0.04, 0.08, 0.2 & 2
noise standard deviation. The noisy signals are denoised by
applying the thresholding methods on the DTCWT
coefficients. The threshold value is selected using Universal,
Rigrsure, Heursure and Minimaxi methods on DTCWT
coefficient.

Quantitative Results are shown in table 1. The
threshold value is selected using Universal, Rigrsure,
Heursure and Minimaxi method and is level adaptive, that
is, for every stage a different threshold is chosen. The best
results are obtained where the threshold value is selected
using ‘Minimaxi’ for low values of noise standard deviation
and ‘Universal’ for higher values of noise standard
deviation. Fig.4 shows simulated faulty signal, Noisy signal
with noise Standard deviation 0.02 and denoising results of
Threshold value selected using Universal, Rigrsure,
Heursure and Minimaxi methods on DTCWT coefficient.
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Table 1: SNR values of the denoised signal for values of
noise standard deviation
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B. Denoising of Real Time Faulty Signal

with torque transducer, dynamometer and control electronics
constitutes the test arrangement. This signal contains defect
in inner race at fan end side. The sampling frequency of the "
signal is 12000Hz. Diameter of inner race is .007 inches and o m W w w I )
load is 1 HP. For this signal input SNR is not known, thus to Time(Ports)
compare the results, statistical parameter known as kurtosis (c)
[15],[16] is calculated, and is given by the equation ] Denoised Signalusing Heusure tresholding
Kurtosis(x) = E(x = p)*/c* (26) . il | .

here p and ¢ are mean and standard deviation of WL
signal(x). The kurtosis for noisy signal and denoised signal
using DTCWT for various threshold value selected
Universal, Rigrsure, Heursure and Minimaxi are shown in
Fig.5.This shows better performance of DTCWT with
Universal thresholding as compared to Minimaxi " |
thresholding. |
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Fig. 5(a): Noisy signal with fault at inner race, (b), (c), (d),
(e) Denaising results by Various Thresholds selected using
Universal, Rigrsure, Heursure and Minimaxi thresholds
respectively.
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V. CONCLUSION

A comparison of denoising of vibration signals affected with
various noise levels by employing different threshold
calculated using universal, rigrsure, heursure and minimaxi
has been introduced in this paper. In the proposed work,
DTCWT is used as it is shift invariant and do not introduce
aliasing. By applying this method to practical signals, it is
observed that the proposed denoising method removes noise
more effectively and the denoised signal retains the original
shape of signal after eliminating the noisy content. While
using DTCWT, we are comparing different threshold
selections. The conclusion can be drawn from the study, The
best performance for simulated faulty signals the threshold
value selection using ‘Minimaxi’ threshold at low values of
noise standard deviation and using ‘Universal’ threshold at
higher values of noise standard deviation. The best results
are obtained when the threshold value is selected using
‘Universal’ on DTCWT for Real time faulty signal. Future
work proposes testing and improving the algorithm for
different load values and for various gears and rotary parts.

REFERENCES

[1] G.Dalpiaz, A.rivola, and R.RUBINI, “Effectiveness and
sensitivity of vibration processing techniques for
localfault detection in gears”, Mechanical Systems and
Signal Processing, vol.14, no .3, pp. 387-412, May
2000.

[2] C.M.Harris and A.G.Piersol, Harris shock and vibration
handbook, 5% ed., Megraw-Hill, 2000

[3] H.Shatkay,The Fourier transform-A primer,Brown
University,1995.

[4] R.poliker “The wavelet tutorial by Robi Poliker,”
Available

http://users.rowan.edu/poliker/WAVELETS/WTtutorial
.html,1996.

[5] R.Rubini, and U.Meneghetti, “Application of the
envelop and wavelet transform analysis for the
diagnosis of incipient faults in ball bearings 7,
Mechanical system and Signal Processing, vol.15 no.2,
pp. 287-302, March 2001.

[6] J.Antonino-Daviu, A.Riera-Guasp, J.Roger-Folch,
F.Martinez-gimenez, and A Peris, “Application and
optimization of the discrete wavelet transform for the
detection of broken rotor bars in induction machines,”
Applied and Commputational Harmonic
Analysis,Vol.21, no.2, pp.268-279,sep.2006.

[7] 1.W.Selesnick, R.G.Baraniuk, and N.G.Kingsbury “The
dual tree complex wavelet transform”.IEEE signal
processing magazine, vol.22,n0.6,pp.123-151,nov.2005.

[8] N. Kingsbury, “Complex wavelets for shift invariant
analysis and filtering of signals”. Applied and
computational harmonic analysis, vol. 10.3, pp. 234-
235,2001.

[9] S.H. Kia.,, Henao, & G.A Capolino, ‘“Diagnosis of
broken-bar fault in induction machine using discrete
wavelet transform without slip estimation”, Industry
Application, IEEE Transactions on, vol. 45, no. 4,
pp.1395-1404, 2009.

[L0]A. Bouzida, O.Touhami, R. Ibtiouen, M Fadel, &
A.Rezzoug, “Fault diagnosis in industrial induction
machines through discrete wavelet transform”,

Industrial Electronics, IEEE transaction on, vol.58,
no.9, pp. 4385-4395, 2011.

[11] S.H.Kia.,Henao, & G.A.Capolino, “Diagnosis of broken
bar fault in induction machine using wavelet transform
without slip estimation” Industry Application ,IEEE
Transaction on,vol.45,n0.4,pp.1395-1404,2009.

[12] S.Edwards,A.W.Lee & M.I.Friswell, “Fault diagnosis
of rotating machinery” ,Shock and Vibration Digest,vol.
30,n0.1,pp.4-13,1998.

[13] Bearing data center,
www.eecs.case.edu/laboratory/bearing.

[14]Image denoising with an optimal threshold and
neighbouring window Zhou Dengwen *, Cheng
Wengang Department of Computer Science and
Technology, North China Electric Power University, 2
Beinong Road, Changping District, Beijing 102206,
China.

[15]“Ideal spatial adaptation via wavelet shrinkage,”
Biometrika, vol.81, pp. 425-455, 1994.

All rights reserved by www.ijsrd.com 674


http://users.rowan.edu/poliker/WAVELETS/WTtutorial.html,1996
http://users.rowan.edu/poliker/WAVELETS/WTtutorial.html,1996

