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Abstract

Electrocardiograms are invariably associated with various noise factors at
different levels. During the preprocessing stage, discrete wavelet transform
(DWT) is used to remove the baseline wander whereas the wavelet packet
transform (WPT) is used to remove power line interference (PLI) in
electrocardiogram signals. Apart from location and onset and offset of QRS
complex, P and T waves, the noise-free electrocardiogram is analyzed by
DWT to obtain a set of approximation and detail coefficients. From second
detail coefficients of the reconstructed signals of the MIT-BIH Database,
the Haar wavelet based analysis of lead L2 at sampling frequency of
360Hz gives 99.88% sensitivity, 99.91% positive predictivity, and 0.215%
detection error of actual R peaks. The study also ascertains that the mother
wavelet with small order works more efficiently than higher order in the
same wavelet family for detection of R-peaks.
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1. INTRODUCTION

Electrocardiogram is the transthoracic interpretation of the electrical activity of the
heart. Interpretation of electrocardiogram signal paves the way for the diagnosis of
a wide range of heart anomalies such as cardiac arrhythmia, ischemia [1], [2], [3], [4]
etc. One typical electrocardiogram trace of the cardiac cycle (heartbeat) consists of
different types of waves such as P, QRS, and T, as shown in figure 1. Each of these
waves represents a specific location in the heart structure. P wave records the electrical
activity of the heart’s upper chambers (atria), whereas the QRS complex represents
the ventricular depolarization stage of the cardiac contraction process. T waves record
heart’s return to the resting state. Detection of these waves in an electrocardiogram
(ECG) is one of the essential tasks, and the performance of any ECG analysis method
depends on the reliable detection of these waves. The detection of R peaks which are
nothing but the high amplitude in QRS complex, is considered as the most important
feature for analyzing the ECG signal and is widely used to diagnose heart rhythm
irregularities and estimate the heart rate (HR). Also, the location of other waves in
the ECG cycle can be found based on R peak location.
Electrocardiogram (ECG) conveys information regarding the electrical function of the
heart by altering the shape of its constituent waves.
Study of the onset and offset of the constituent waves of ECG, the time duration between
waves and the rate and regularity of beating, besides the magnitude of the amplitude
are considered in accurately diagnosing the heart diseases. ECG signals record heart’s
electrical activity from different perspectives. Leads 1, 2 and 3 are called bipolar leads,
whereas aVR, aVL, aVF and V1-V6 are called unipolar leads. The septal section of the
heart is viewed by leads V 1 and V 2 while the anterior section by leads V 3 and V 4 and
the lateral section by leads V 5 and V 6 [5].

The ECG signals are contaminated by different noise sources such as the power line
interference, the electrocardiogram (EMG) noise and, the baseline wandering. These
noise factors cause misjudgment and omission of conventional ECG identification for
ECG feature extraction and reduce the diagnostic accuracy. Therefore, de-noising and
preprocessing of ECG signals become an exclusive requirement for accurate diagnosis.
Many approaches have been reported to address ECG signal enhancement and
classification [6], [7], [8], [9], [10]. The wavelet transform gains great importance in
the analysis of electrocardiogram by virtue of its suitability to process a non-stationary
signal. It has excellent time-frequency localization characteristics. Recently, it is being
accepted that the wavelet analysis is far more superior to the time domain analysis for
identifying patients at increased risk of heart ailments. Detecting constituents waves
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in ECG is not feasible due to the time-varying morphology of signal and presence of
noise.

Various methods are in vogue to analyse ECG signal of which, Pan and Tompkins [11],
developed a real-time QRS detection algorithm that uses an automatically adjustable
threshold. Kaur et al. [12], made a comparison between discrete wavelet transform
(DWT) and principal component analysis technique (PCA) in the detection of beats
of ECG signal. In [13], Salih et al. proposed a direct algorithm based on large
positive and negative deflection method (PNDM) for the QRS complex detection of
ECG signal, whereas Benitez et al. [14], proposed an algorithm for QRS detection
using the first differential of the ECG signal and its Hilbert transformed data to
locate the R wave peaks in the ECG waveform. In [15], Ganesan et al. compared
difference operation method (DOM) with earlier methods for R peak detection like
Hilbert transform and continuous wavelet transform. This paper implements a method
based on discrete wavelet transform with Haar wavelet for locating R peaks by the
reconstructed noise-free signal from second detail coefficients. Based on the location
of R peaks, location of other waves are found in ECG cycle and also the duration of
onset and offset of P, QRS complex and T waves are obtained. Further, different mother
wavelets were examined to arrive at which one is more efficient for detecting R peaks.
The performance parameters (sensitivity, positive predictivity and detection error) of
the method for detecting R peaks are compared with the results of Kaur et al.[12].

2. WAVELET TRANSFORM

A wavelet is a mathematical function that cuts up the data into different frequency
components and studies each component with a resolution matched to its scale. It has
an advantage over traditional Fourier transform methods for representing functions that
have discontinuities and sharp peaks and various choice for basis functions. It is an
efficient tool for local analysis of non-stationary and fast transient wideband signals.
It is mapping of a time signal to the time scale representation. Effectivity of wavelet
transform comes from the size of its coefficients which drop off rapidly for a large
class of signals, allowing a more accurate local description and separation of signal
characteristics. Further, the salient features of wavelet functions are adjustable and
adaptable, and also their simplicity of calculations of the discrete wavelet transform
[16].
The wavelet transform can be defined as the correlation between the given signal
and the mother wavelet ψ(t) (such as Haar, Daubechies, Morlet, Mexican hat, etc.)
which is obtained by translating and scaling mother wavelet along with the signal [17].
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The minimum requirement for a function to be a mother wavelet is to satisfy certain
conditions called admissibility conditions. The admissibility condition ensures perfect
reconstruction of a signal from its wavelet representation. In addition to admissibility, to
be of practical use requires that the wavelets need to be localized in space and frequency.
The discrete wavelet transform (DWT) is an offshoot of wavelet transform which
provides sufficient information for analysis and synthesis of the original signal,
with a significant reduction in computation time. It employs two sets of functions
called scaling and wavelet functions which are associated with low-pass filters
(approximation) and high-pass filters (details) respectively. In DWT, the approximation
coefficients are decomposed at every level using high-pass and low-pass filters. In
contrast, the detail coefficients are left untouched after every level of decomposition.
With each mother wavelet ψ(t), there is an associated scaling function, φ(t) such that
the wavelet and the scaling functions are orthogonal and have the following relations
[16]:

φ(t) =
√
2
∑
k∈Z

hkφ(2t− k) (1)

ψ(t) =
√
2
∞∑

k=−∞

gkφ(2t− k) (2)

gk = (−1)kh1−k k ∈ Z (3)

where the discrete filters hk and gk are quadrature mirror filters (QMFs) associated with
the scaling function and the mother wavelet [18].

The discrete Wavelet transform of DWTj,k(t) corresponding to the signal f(t) can be
expressed as [16]:

DWTj,k(t) =
∑
j,k

f(t)2−j/2ψ(2−jt− k) (4)

where j is the dilation parameter, and k is the translation parameter.

Wavelet packet transforms (WPT) are particular linear combination of wavelets.
They form bases that retain many of the orthogonality, smoothness, and localization
properties of their parent wavelets [19]. The WPT, unlike the DWT, decomposes the
approximate as well as the detail coefficients to achieve an adequate level of frequency
resolution. So the problem of hidden critical information within the higher frequency
content of the signal is resolved.
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WPT is represented as ψi
j,k(t), where i is the modulation parameter and is given by

ψi
j,k(t) = 2−j/2ψi(2−jt− k) (5)

here i = 1, 2. . . , jn and n is the level of decomposition in the wavelet packet tree. The
wavelet ψi(t) is obtained by the following recursive relationships:

ψ2i(t) =
1√
2

∞∑
k=−∞

h(k)ψi(
t

2
− k) (6)

ψ2i+1(t) =
1√
2

∞∑
k=−∞

g(k)ψi(
t

2
− k) (7)

The wavelet packet coefficients WPT i
j,k(t) corresponding to the signal f(t) can be

obtained as

WPT i
j,k(t) =

∫ ∞
−∞

f(t)ψi
j,k(t)dt (8)

provided the wavelet coefficients satisfy the orthogonality condition.

Wavelet analysis of ECG signals are exemplified using the MIT-BIH Arrhythmia
Database which is a freely available resource intended for studies and research. It
contains 48 half-hour excerpts of two-channel ambulatory ECG recordings, obtained
from 47 subjects studied by the BIH Arrhythmia Laboratory. The recordings were
digitized at 360 samples per second per channel with 11-bit resolution over 10 mV
range. The records are available in many formats. The user can have the option of the
signal duration, the format of the time, and data [20].

3. METHODOLOGY

Methodology can be illustrated in a flowchart consisting of major steps such as
preprocessing, R-R interval measurement which enables the estimate of heart rate (HR),
and the extraction of features as shown in figure 2. In the preprocessing stage, the
baseline wander (BW) and 60Hz power line interference (PLI) should be minimized in
the input signal. The removal of this disturbance is an essential step in ECG signal
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analysis to produce a stable signal for subsequent automatic processing. Prior to
denoising, the signal is normalized and scaled down in magnitude. Further, subtract
the signal mean from the normalized signal to yield a signal with zero base.

Figure 1: An ECG cycle that illustrates all waves.

Figure 2: Schematic diagram for the method.

One of the most critical types of noise that needs to be minimized is baseline wander
(BW), which is a low-frequency noise that makes the signal on the x-axis “wander”
moving up and down rather than being straight across the zero axis, causing the entire
signal to change in nature. This may be due to broken or corroded electrodes during
recording of ECG. The low-frequency parts of the signal are the most important since
it carries the details of the signal.

Since the baseline wander having a frequency range of (0- 0.5Hz), decomposing
ECG signal using discrete wavelet transform (DWT) with Daubechies wavelet 4 up
to level 10, generates a set of approximation coefficients (A10), and 10 sets of detail
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coefficients. On cancellation of approximation (A10), the filtered signal free from
baseline wander is recovered from only the details and shown in table 1 which include
DWT and the corresponding range of frequency. The normalized input, denoised signal,
and the baseline wander are shown in figure 3.

Table 1: DWT coefficients of different levels and the corresponding frequency range
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Figure 3: Removal of baseline wander from record 100 (10s): (a) Normalized signal
(b) Denoised signal and (c) Baseline wander removed signal

The power line interference (PLI) is narrow-band noise centered at 60Hz with a
bandwidth of less than 1Hz. To minimize it, signal free from baseline wander
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decomposed by wavelet packet transform (WPT) using Daubechies wavelet 4 (db4) up
to level 4 is shown in table 2. According to the Nyquist’s rule, in order to reproduce a
signal it requires a sampling frequency (fs) of greater than double the highest frequency
(fmax), i.e. (fs ≥ 2fmax), so the maximum frequency is in the order of 185Hz.
Dividing the range of frequency from zero to maximum frequency over 16 wavelet
packet transform coefficients equally is shown in table 3. The power line interference
frequency of 60Hz occurs in the interval [57.85 − 69.42]Hz, which corresponds to d45
details coefficient. The reconstructed signal without d45 coefficients, yields signal
free of power line interference. To recognize the impact of minimizing power line
interference, it is shown in the graph with 60Hz noise and reconstructed signal without
d45 coefficient together in figure 4.

Table 2: WPT coefficients at different levels.

Table 3: Frequency range of WPT coefficients.
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Figure 4: Removal of Power line interference (PLI): a) Nossiy signal (b) Signal freed
from PLI (c) 60Hz power line noise (d) 60Hz noise zoom (1s).

4. DETECTION OF WAVE PEAKS

Many a time amplitude peaks of ECG signal play an important role in diagnosing the
problems associated with heart which can be studied by DWT. In this direction, the
denoised signal is decomposed using discrete wavelet transform (DWT) based on the
Haar wavelet up to level 8. It may be expected that the R peaks seem to be dominant
in the 2nd level detail coefficient. Therefore, reconstructing the signal from the second
detail coefficients, the R peaks may be detected and thereby calculated the heart rate as
[2]:

HR =
60

RRinterval

[bpm : beats per minute] (9)

With the knowledge HR for the signal, one can classify it whether it is normal,
tachycardia (fast heart rate), or bradycardia (slow heart rate). Based on the location
of R peaks, the location of P, Q, S and T waves can be found in addition to the duration
of these waves. The optimal wavelet for accurate detection of R-peaks may be decided
by trial and error basis over a large set of the mother wavelet. The R-peaks detection
performance may be determined based on three parameters such as sensitivity (Se),
positive predictivity (P+), and detection error (DER) that are given by the following
relations [12]:

Se =
TP

TP + FN
× 100% (10)
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P+ =
TP

TP + FP
× 100% (11)

DER =
FP + FN

TP
× 100% (12)

where TP is the true positive (correct detection of R peaks), FN is false negative
(undetected R peaks), and FP is false positive (misdetections).

5. RESULTS AND DISCUSSION

The results of detection of R peaks and heart rate for the first 20 beats of the subject
’100’ are shown in figure 5, whereas other waves (P, Q, S, T) are shown in figure 6.
Also, comparing of onset and offset duration of P wave, QRS complex, and T wave are
shown in figure 7.
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Figure 5: Detection of R peaks for record 100 and the HR for the first 20 beats.
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Figure 6: Detection of various component of waves in ECG: a) P peaks b) Q peaks c)
S peaks d) T peaks.
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Based on discrete wavelet transform with eleven different mother wavelets such as
db(1,2,4,6), sym(2,4), coif(1,2,3), and bio(1.1,1.3), the detection of R peaks were
carried out. Beat detection performance for the MIT-BIH Arrhythmia Database with
Haar wavelet is shown in table 4. It can be seen from the results that 99.88% sensitivity,
99.91% positive predictivity, and 0.215% detection error are achieved in order to
accurate detection of R peak. The results presented can be compared with those of
[12], wherein the sensitivity is 99.85% , positive predictivity 99.92% and detection
error 0.221%. In the present analysis they are found to be marginally high.

Table 4: Performance of beat detection for the MIT-BIH Arrhythmia database for the
record ‘100’ .

Table 5: Estimation of beats for different mother wavelets .
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Figure 7: Estimated duration of P, QRS, and T waves.

Based on the results shown in table 5 the performance of different mother wavelet
in detecting R peaks, it may be stated that the wavelet with small order works more
efficiently than high order in the same wavelet family such as (Haar, db2, and sym2).
This is due to the vanishing moments of these wavelets that are simple. Also, the small
length of the filter coefficients that guarantees low redundancy .

6. CONCLUSIONS

The method based on discrete wavelet transform has an immense effect on the detection
of location and duration of onset and offset of P, QRS, T waves of the constituent
waves in denoised electrocardiogram signal. Analysis based on the reconstructed signal
from the second detail coefficients of discrete wavelet transform with Haar mother
wavelet is carried out. In the preprocessing stage, discrete wavelet transform with db4
removes baseline wonder noise whereas wavelet packet transform removes power line
interference. The method has a slight improvement in the detection of location and
duration of onset and offset of P, QRS, T waves. The performance parameters used
to analyse the detection of R-peaks has achieved 99.88% sensitivity, 99.91% positive
predictivity and 0.215% detection error of actual R-peaks. Besides, the mother wavelets
with small order are optimal for electrocardiogram signal analysis.
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