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Abstract – A Wavelet transform based denoising of T Wave
is proposed in the work. The T wave is denoised with fixed
form threshold, Rigorous SURE, Heuristic SURE threshold
methods. Daubechies wavelets at different levels are used in
the work. The Simulated results obtained from the data
collected from MATLAB based ECG simulator and data
recorded from 8 Channel Physiograph. It is observed that for
hard thresholding the standard deviation is very much
decreased with scaled noise.
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I. INTRODUCTION

The transform of a signal is just another form of
representing the signal. It does not change the information
content present in the signal. Transformation is done to
obtain further information from the signal that is not
readily available in the raw signal, normally the time
domain signal. In the time domain signal, the independent
variable is time, the dependent variable is amplitude. In
many physiological signals, especially frequency analysis
is useful for interpreting and classifying the data. Most of
the information is hidden in the frequency content to see
any information that is not obvious in time-domain. So,
the signal should be processed through any of the
mathematical transformations such as Fourier Transform,
Hilbert Transform, Short-time Fourier Transform, Wigner
Distributions and the Wavelet Transform [1]. Basically,
the frequency components (spectral components) of the
signal show what frequency components exist in the
signal. Fourier Transform (FT) is one way to find the
frequency content and tells how much of each frequency
exists in a signal. The Time and Frequency information
cannot be seen at the same time.
A. Wavelet Transform

In Wavelet transform, Signal split up into a bunch of
signals. The same signal is represented, but all
corresponding to different frequency bands, only
providing what frequency bands exists at what time
intervals. The wavelet transform replaces the Fourier
transform's sinusoidal waves by a family generated by
translations and dilations of a window called a wavelet. It
takes two arguments: time and scale. The wavelet
transform uses multi-resolution technique by which
different frequencies analyzed with different resolutions. It
provides good time resolution and poor frequency
resolution at high frequencies, Good frequency resolution
and poor time resolution at low frequencies  and more
suitable for short duration of higher frequency; and longer
duration of lower frequency components. Wavelet
transform (WT) has attracted interest in applied
mathematics for signal and image processing [2]. In this
paper the exploration of the use of daubichies4 and
daubichies6 wavelets for data analysis is pursued. This

seems to be useful for the detection of small amplitude,
short duration signal features which are masked by much
larger fluctuations. The motivation for applying the
wavelet transform to the analysis of ECG signal lies
mainly in the monitoring of non-stationary signals and the
long-term evolution of the power spectrum. The wavelet
transform is defined by the wavelet transform (WT) is a
new approach in the field of biomedical time series
analysis although it seems to possess some obvious
advantages over classical time-frequency analysis
methods. The family of vectors is obtained by translations
and dilatations of the base atom as represented in equation
1.
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Equation 1 is centered around u, like the windowed
Fourier atom. If the frequency center of y is h, then the
frequency center of the dilated function is h/s.Its time
spread is proportional to s as given in equation 2.
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Its frequency spread is proportional to the inverse of s. It
is the point where the analysis is carried out by
daubechies-4 tap and 6-tap wavelet at different levels.
B. Electro Cardiography (ECG)

As the heart undergoes depolarization and
repolarization, the electrical currents that are generated
spread not only within the heart, but also throughout the
body.  This electrical activity generated by the heart can be
measured by an array of electrodes placed on the body
surface. The recorded tracing is called an
electrocardiogram (ECG, or EKG). The different waves
that comprise the ECG represent the sequence of
depolarization and repolarization of the atria and ventricles
[3]. The P wave represents the wave of depolarization that
spreads from the SA node throughout the atria, and is
usually 0.08 to 0.1 seconds (80-100 ms) in duration.  The
brief isoelectric (zero voltage) period after the P wave
represents the time in which the impulse is traveling
within the AV node (where the conduction velocity is
greatly retarded) and the bundle of His. Atrial rate can be
calculated by determining the time interval between P
waves. The period of time from the onset of the P wave to
the beginning of the QRS complex is termed the P-R
interval, which normally ranges from 0.12 to 0.20 seconds
in duration.  This interval represents the time between the
onset of atrial depolarization and the onset of ventricular
depolarization.  If the P-R interval is >0.2 sec, there is an
AV conduction block, which is also termed a first-degree
heart block if the impulse is still able to be conducted into
the ventricles. The QRS complex represents ventricular
depolarization. Ventricular rate can be calculated by
determining the time interval between QRS complexes.
The duration of the QRS complex is normally 0.06 to 0.1
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seconds.  This relatively short duration indicates that
ventricular depolarization normally occurs very rapidly.  If
the QRS complex is prolonged (> 0.1 sec), conduction is
impaired within the ventricles.  This can occur with bundle
branch blocks or whenever a ventricular foci (abnormal
pacemaker site) becomes the pacemaker driving the
ventricle. Such an ectopic foci nearly always results in
impulses being conducted over slower pathways within the
heart, thereby increasing the time for depolarization and
the duration of the QRS complex[2].
 ST segment

The isoelectric period (ST segment) following the QRS
is the time at which the entire ventricle is depolarized and
roughly corresponds to the plateau phase of the ventricular
action potential.  The ST segment is important in the
diagnosis of ventricular ischemia or hypoxia because
under those conditions, the ST segment can become either
depressed or elevated.
 T wave

The T wave represents ventricular repolarization and is
longer in duration than depolarization (i.e., conduction of
the repolarization wave is slower than the wave of
depolarization). Sometimes a small positive U wave may
be seen following the T wave. This wave represents the
last remnants of ventricular repolarization.
 Q-T interval

The Q-T interval represents the time for both ventricular
depolarization and repolarization to occur and therefore
roughly estimates the duration of an average ventricular
action potential.  This interval can range from 0.2 to 0.4
seconds depending upon heart rate.  At high heart rates,
ventricular action potentials shorten in duration, which
decreases the Q-T interval.  Because prolonged Q-T
intervals can be diagnostic for susceptibility to certain
types of tachyarrhythmias, it is important to determine if a
given Q-T interval is excessively long.  In practice, the Q-
T interval is expressed as a "corrected Q-T (QTc)" by
taking the Q-T interval and dividing it by the square root
of the R-R interval (interval between ventricular
depolarizations).  This allows an assessment of the Q-T
interval that is independent of heart rate.  Normal
corrected Q-Tc intervals are less than 0.44 seconds.

II. RELATED WORKS

Mikhled and Khaled Daqroug [5] presented a novel
approach based on the threshold value of ECG signal
determination using wavelet transform coefficients. Their
work is based on choosing threshold value by finding
minimum error of denoised signal. The proposed method
preserves the distinct ECG waves and different low pass
frequency shapes.  Chendi Wang and Feng Wang [6] have
presented an improved algorithm of pulse wave threshold
denoising based on Lifting Wavelet Transform. Authors
have proposed a special threshold function which shrinks
linearly to zero in the threshold domain that can overcome
limitations of the traditional threshold function. Their
algorithm can be used as one of the potential applications
of embedded pulse wave measurement system. Yucai
Dong et. al [7] have presented an application of wavelet

transform in MCG-Signal denoising. Their results prove
that the wavelet threshold denoising method in the MCG-
signal denoising can not only restrain the noise effectively,
but also preserve the fault character information in the
original signal. The T Wave alternans (TWA) detection
and analysis often disturbed by muscular interference.
Parmod and Devanjali [8] have presented the method of
denoising the ECG wave and MRI image based upon the
discrete wavelet transform (DWT) and discrete stationary
wavelet transform (SWT) with different threshold
techniques. Janusek et. al [9] presented an application of
wavelet based denoising for T-Wave alternans analysis in
high resolution ECG Maps. In their work, the evaluation
of wavelet based denoising methods was performed to find
optimal algorithm for TWA analysis. In the proposed work
ECG signals recorded in twelve patients with cardiac
disease were analyzed and found that in seven of them
significant Twave alternans magnitude was detected. The
developed application of wavelet based denoising method
in the pre-processing stage increases the T-wave alternans
magnitude as well as the number of BSPM signals where
TWA was detected. Mourad Talbi et. al [10] analyzed the
ECG on wavelet transform and modulus maxima. They
have removed the baseline wander in order to make easier
the detection of the peaks P and T. Those peaks are
detected after the QRS detection. Their proposed method
is based on the application of the discritized continuous
wavelet transform (Mycwt) used for the Bionic wavelet
transform, to the ECG signal. During the first stage their
method detects R-peaks and in the second stage, the Q and
S peaks are detected using the R-peaks localization. The
Modulus maxima are used in the undecimated wavelet
transform (UDWT) domain in order to detect the others
peaks (P, T). Such detection is performed by using a
varying-length window that is moving along the whole
signal. Authors presented a comparison of results of their
work with other related works.

III. METHODOLOGY

A possible application of the discrete wavelet analysis is
to remove undesired components (noise) from the signal
through a de-noising approach. Basically the procedure
includes decomposing the signal into the detail
components, identifying the noise components and
reconstructing the signal without those components. This
is called the linear denoising approach. The linear
denoising approach assumes that the noise can be found
within certain scales. More sophisticated de-noising can be
done by applying the non-linear thresholding approach,
which involves discarding the details exceeding a certain
limit. This approach assumes that every wavelet
coefficient contain noise and it is distributed over all
scales. The non-linear de-noising by both soft- and hard-
thresholding methods can be performed. The soft
thresholded wavelet coefficients will be

  ( ( )) { ( ( )). };j jd k sign d k dj k p  

 if   dj k p

0;  if        dj k p -- (3)
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where p is the applied threshold. The wavelet
coefficients, whose absolute values are lower than the
threshold, are first set to zero, and then the remaining
nonzero coefficients are shrunk towards zero. With hard
thresholding, the threshold coefficients will be:

    dj k dj k   if   dj k p

0;  if        dj k p -- (4)

which simply means setting to zero the absolute
coefficients lower than the threshold p. The assumed
model for a noisy signal was x(t) = f(t)+e(t), where f(t) is
the noise free signal and e(t) is the white or non-white
noise of variance δ2. The performance of the methods was
evaluated from the simulations with L2-norm. The
threshold p was selected for each signal using three
threshold estimation procedures: sure, heuristic sure,
fixthreshold. The aim was to compare the performance
obtained by different methods in the noise removal of
ECG signal. Stein's Unbiased Risk Estimate (sure) is an
adaptive threshold selection rule defined as

 2
2 )(log.log nnp e -- (5)

Where n is the number of samples in the signal vector.
With this approach obtaining risks and minimizing them
with respect to p values gives a threshold selection. The
method is adaptive through searching a threshold level for
each wavelet decomposition level. A fixed threshold
approach calculates the threshold with respect to the
length of the signal and the estimated threshold is given by

)(log2 np e -- (6)

The heuristic sure approach being a variant of the first,
replaces in very noisy conditions the sure with fix
threshold estimate [4].

Fig.1. Original T Wave

Fig.2. Denoised T Wave

IV. RESULTS AND DISCUSSION

The Original T-wave and denoised T-wave are shown in
fig. 1 and 2. The statistical results based on standard
deviation are tabulated in table 1 through 3. If the level of
decomposition increases the standard deviation also
increased in all the three threshold methods. It is observed
that for hard thresholding the standard deviation is very
much decreased with scaled noise.

Table 1:  Fixed from Threshold
Wavelet Type Level Noise Structure Standard deviation

(Soft Threshold)
Standard deviation
(Hard Threshold)

DB4 4
Unscaled White noise 6.877 6.178
Scaled White noise 2.649 0.882
Non-White Noise 6.553 5.932

DB6 4
Unscaled White noise 6.877 6.175
Scaled White noise 2.649 0.852
Non-White Noise 6.553 5.991

DB6 6
Unscaled White noise 7.771 6.249
Scaled White noise 2.715 0.856
Non-White Noise 20.45 9.129

Table 2: Rigorous SURE
Wavelet Type Level Noise Structure Standard deviation

(Soft Threshold)
Standard deviation
(Hard Threshold)

DB4 4
Unscaled White noise 5.923 5.095
Scaled White noise 0.1078 0.005
Non-White Noise 5.496 4.672
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DB6
4 Unscaled White noise 5.923 3.584

Scaled White noise 0.1078 0.006
Non-White Noise 5.496 3.321

DB6 6
Unscaled White noise 5.314 3.585
Scaled White noise 0.164 0.007
Non-White Noise 5.995 3.413

Table 3: Heuristic SURE
Wavelet Type Level Noise Structure Standard deviation

(Soft Threshold)
Standard deviation
(Hard Threshold)

DB4 4
Unscaled White noise 5.923 5.095
Scaled White noise 0.1078 0.005
Non-White Noise 5.496 4.672

DB6 4
Unscaled White noise 5.287 3.584
Scaled White noise 0.084 0.006
Non-White Noise 5.142 3.321

DB6 6
Unscaled White noise 5.314 3.585
Scaled White noise 0.164 0.007
Non-White Noise 5.995 3.413

IV. CONCLUSION

This paper proposes a new method of denoising T Wave
using wavelet transformation. In the work, the T wave is
denoised with fixed form threshold, Rigorous SURE and
Heuristic SURE threshold methods. Daubechies wavelets
at different levels are used in the work. From the
experimental results it is observed that for hard
thresholding the standard deviation is very much
decreased with scaled noise.
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