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Abstract

A robust and numerically-efficient method based on two moving average
filters followed by a dynamic event duration threshold has been developed to
detect P and T waves in ECG signals. Detection of P and T waves is affected
by the quality of the ECG recordings and the abnormalities in the ECG
signals. The proposed method detects P and T waves in Arrhythmia ECG
Signals that suffer from: 1) non-stationary effects, 2) low signal-to-noise
ratio, 3) premature atrial complexes 4) premature ventricular complexes, 5)
left bundle blocks, and 6) right bundle blocks. Interestingly, the P and T
waves detector obtained a a sensitivity of 98.05 per cent and a positive
predictivity of 97.11 per cent for P waves and a sensitivity of 99.86 per cent
and a positive predictivity of 99.65 per cent for T waves over 10 records of
MIT-BIH arrhythmia database with 21,702 beats. The P and T detection
algorithm performed very well compared to traditional detection algorithms.

Keywords: electrocardiogram, P detection, T detection, ECG analysis, P
wave annotation, T wave annotation, arrhythmia

1. Introduction

According to the World Health Organization, cardiovascular diseases (CVD) are the
number one cause of death globally, more people die annually from CVDs than from
any other cause. An estimated 17.3 million people died from CVDs in 2008,
representing 30% of all global deaths. Of these deaths, an estimated 7.3 million were
due to coronary heart disease and 6.2 million were due to stroke.

In Australia, CVD is the leading cause of death in Australia, and the second leading
cause of disease burden [1]. Through 2007, CVD was the underlying cause of 34 per
cent of all deaths in Australia (46,626 deaths [2]) and it is estimated that around 1.4
million Australians experience a disability associated with the cardiovascular system.
These rates are consistent with those of other western developed countries such as New
Zealand, the United States (US), the United Kingdom (UK) and the Scandinavian
nations [3].

CVD is the most expensive disease group in terms of direct health-care expenditure.
In 2008, it cost Australia about $5.9 billion [4]. As a consequence of the direct and
indirect costs of CVD, medical researchers have placed significant importance on cardiac
health research. This has produced a strong focus on preventative, medicinal and
technological advances, both in Australia and abroad. One such research pathway is leading
researchers towards improving the conventional cardiovascular-diagnosis technologies used
in hospitals/clinics.



The most commonly performed cardiac test is ECG as it is a useful screening tool
for a variety of cardiac abnormalities, simple, risk-free and inexpensive. The advances
in technology have done much change to the way we collect, store and diagnose ECG
signals, especially the advances in memory/storage technology have enabled us to store
more ECG signals than ever before.

Scientists are collecting more information in order to understand the mechanism of
the cardiovascular diseases which will ultimately lead to effective treatments.
However, analysing large ECG recordings, collected over one or more days, is a time
consuming process. Therefore, a robust and numerically-efficient algorithm is highly
required to analyse ECG signals.

P and T waves are two of the three main waveforms in an ECG. The normal
heartbeat (or cardiac cycle) consists of a P wave, a QRS complex, and a T wave. The
P wave represents the wave of depolarisation that spreads from the sino-atrial node
throughout the atria. The morphology of the P wave provides relevant information
concerning intra-atrial conduction, hypertrophic conditions of the atria and atrio-
ventricular conduction, among others [5].

The T wave corresponds to the ventricular repolarisation phase of the heart cycle. In
some pathological conditions the morphology of the T wave may change from beat to
beat [5]. Due to the low amplitude of P or T waves, distinguishing the morphology of
P or T waves in noisy ECG signals is considered challenging.

The purpose of this work is to develop an effective P and T wave detection
algorithm and test it on MIT—BIH arrhythmia ECG signals. As mentioned in Section
4.1.1, the database contains different types of arrhythmia with abnormal morphologies
of P and T waves. Therefore, evaluating the P and T wave detection algorithm will
reflect its robustness against arrhythmia P and T waves.

A number of algorithms are found in the literature. Most of these algorithms
delineate either P or T waves of the ECG, and a few approaches delineate both P and
T waves. In 1990, Trahanias and Skordalakis [6] applied a syntactic approach to ECG
pattern recognition and parameter measurement for the detection of P, QRS and T
waves. Their approach has been evaluated using the CSE database [7] to compare the
onsets and offsets of P, QRS, and T waves obtained by their program with those
provided by the referenced library. Murthy and Prasad [8] used the discrete cosine
transform (DCT) for delineation of P waves and applied it to a database of 500 beats.
In about 0.5 per cent of the beats, the algorithm failed to model the P wave, usually
when its amplitude was very small. Their method was applied to a few ECG segments
from the MIT-BIH database and to their own data, consisting of 500 beats. Thakor
and Zhu [9] used adaptive filters for delineation of P waves. They used their own data.

Li et al. Proposed a method for detecting monophasic P and T waves based on
quadratic spline wavelets with compact support and one vanishing moment was
proposed by [10]. They did not mention whether they tested the algorithm on any
ECG database. Carlson et al. [11] used a classification method for P wave morphology
based on the impulse response analysis of the P wave and linear discrimination. They
reported a sensitivity of 95 per cent, and a specificity of 90 per cent after using 37
records out of 40 from their own collected data. De Azevedo et al. [12] used a neural
network with asymmetric basis functions to extract the features of the P waves. They
tested the algorithm on the MIT-BIH database but did not mention the detection rate.
Vila et al. [13] proposed an algorithm for the detection and characterisation of the T
waves based on mathematical modelling. Their approach has been evaluated using the
PhysioNet QT database.

Strumillo proposed a nonlinear signal decomposition method based on nested
median filters for detecting the T wave offset in ECG signals [14]. Their approach has
been evaluated using the PhysioNet QT Database without mentioning the detection
rate. Martinez et al. presented a generalized method for the delineation of P and T
waves based on quadratic spline wavelets and the derivative of a Gaussian as a
smoothing function [15]. They reported a sensitivity of 98.87 per cent for the P waves



and a sensitivity of 99.77 per cent for the T waves using the PhysioNet QT database.
The Biorthogonal WT was applied by Sovilj et al. to detect P waves. They reported a
sensitivity of 98.5 per cent without mentioning the source of their data [16]. The first
derivative with adaptive quantised thresholds was used by Chouhan et al. [17], who
reported a P wave detection rate of 96.95 per cent with false positive and false
negative percentages of 2.62 per cent and 3.01 per cent respectively. Similarly, a T
wave detection rate of 98.01 per cent with false positive and false negative
percentages of 3.08 per cent and 1.93 per cent was reported after using 125 files from
the CSE Database [7]. They did not apply their algorithm to the MIT—BIH Arrhythmia
Database.

The detection of P and T waves has been investigated in the past two decades.
Many attempts have been made to find a satisfying universal solution for P and T
waves’ detection. Difficulties arise mainly because of the diversity of the P and T
waveforms, abnormalities, low SNR and the artifacts accompanying the ECG signals.
Moreover, producing P and T waves detection performance with high rates after
excluding some segments or beats from the used records.

The performance of the existing P and T wave detection algorithms is still
inefficient and needs to be tested on long recordings rather than short ECG segments,
such the well-known MIT-BIH database. Therefore, the main focus of this study is to
develop a robust and numerically-efficient algorithm tested over MIT-BIH arrhythmia
database after being annotated. Moreover, compare the developed algorithm against
the existing P and T detection methods.

This paper is structured as follows. The next section discusses the ECG database
and the annotation of P and T waves. Section 3 demonstrates the different types of
noise in ECG, while Section 4 elaborates on the new methodology of detecting P and
T waves. Section 5 elaborates on the results and discussion respectively. Finally
discussion and conclusion covered in Section 6.

2. Data

Several standard ECG databases are available for the evaluation of QRS detection
algorithms for ECG signals. Most of these databases contain annotated files for R
peaks but not for P and T waves. The MIT-BIH Arrhythmia Database [18] will be
used in this study for the following reasons:

e The MIT-BIH Database contains 30-minute recordings for each patient which
is considerably longer than the records in many other databases, such as the
Common Standards for Electrocardiography (CSE) database, which contains
10-second recordings [7].

e The MIT-BIH Arrhythmia Database contains records of normal ECG signals
and records of ECG signals that are affected by non-stationary effects, low
signal-to-noise ratio (SNR), premature atrial complexes, premature ventricular
complexes, left bundle blocks, and right bundle blocks. This provides an
opportunity to test the robustness of QRS, P and T wave detection methods.

e The database contains 23 records (the ‘100 series’) that were chosen at random
from a set of more than 4,000 24-hour Holter tapes, and 25 records (the ‘200
series’) that were selected from the same set, including a variety of rare and
clinically important ECG segments [19]. Several records in the 200 series have
abnormal rhythms and QRS morphologies, and they suffer from a low SNR.
These issues are expected to present significant difficulties for any ECG signal
analysis algorithms [19]. Table 1 provides an overview of the different beat
types in the MIT-BIH database.



Table 1 ECG database. A statistical overview of different beat types in the MIT-BIH Arrhythmia
Database [18].
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Figure 1 Annotation of P and T waves in normal beats. Determining the normality of the beats is
based on the annotation provided by the MIT-BIH database and described in Table 1. ‘+’
represents the P wave and *’ represents the T wave.
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Figure 2 Annotation of P and T waves in PVC beats. Determining the abnormality of the beats is based
on the annotation provided by the MIT-BIH database and described in Table 1. ‘+’
represents the P wave and ‘*’ represents the T wave, while the circle with asterisk
represents merged P and T waves.
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Figure 3 Annotation of P and T waves in different types of beats. Determining the abnormality of the
beats is based on the annotation provided by the MIT-BIH database and described in
Table 1. (a-b) atrial premature beats, (c-f) paced beat, (g) left bundle branch block beat,
(h) isolated-like QRS beat .‘+’ represents the P wave and ‘*’ represents the T wave,
while the circle with asterisk represents merged P and T waves.
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Figure 4 Annotation of P and T waves in controversial beats. Determining the controversial beats is
based on the annotation provided by the MIT-BIH database and described in Table 1. (a-
b) normal beats where P wave is not salient, (c) Fusion of paced and normal beat, (d)
Fusion of ventricular and normal beat.‘+” represents the P wave and ‘*’ represents the T
wave, while the circle with asterisk represents merged P and T waves.

The MIT-BIH Arrhythmia Database contains 48 ECG recordings with total of
110,007 beats. These 30-minute recordings were sampled at 360 Hz with an 11-bit rate
resolution over a 10 mV range. Lead | from each record is used here because the
quality of the ECG signals was higher in Lead | compared to Lead Il. No episodes
(measurements) were excluded.

The MIT-BIH Arrhythmia Database is annotated. R peaks are fully annotated;
therefore, the QRS detection algorithm has been tested automatically. Unfortunately,
the P and T waves are not annotated; thus, two independent annotators annotated the P
and T waves in 10 records of MIT-BIH arrhythmia database, specifically records 100
to 109. The symbols used for annotation are as follows:

a. “t’shows the detected P waves

b. “*’ shows the detected T waves
c. circle with asterisk shows the detected P and T waves

Annotation is a difficult task due to inter-annotator discrepancy, as the two
annotators will never agree completely on what and how to annotate the P and T
waves in each record. Figures 1, 2, 3, 4 show how the annotated P and T waves after
the discrepancies were adjudicated.
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Figure 5 Power spectrum of the ECG signal. The spectrum illustrates peaks at the fundamental
frequency of 60 Hz as well as the second and third harmonics at 120 Hz and 180 Hz,
respectively.

3. Sources of Noise in ECG

ECG signals can be contaminated with several types of noise which may affect the
accuracy of the main events detection and overall diagnosis. The noise could be
physiological, caused by the instrumentation used or the experiment’s environment of.
Removing the various types of noise that corrupt the ECG without degrading the
signal of interest is challenging. The main sources of noise, which are relevant for the
detection of P and T waves are discussed below.

3.1 Powerline Interference

Powerline interference noise is caused by interference from mains power sources
being induced onto the recording leads of the ECG which introduces a sinusoidal
component into the recording. The ECG database used for this research was collected
in the United States (US). Therefore, ECG signals used for this thesis have a
frequency component of 60 Hz. The periodic interference is clearly displayed as a
spike in Figure 5, not only at its fundamental frequency of 60 Hz, but also on its
harmonics (e.g. 120 Hz, 180 Hz). Its amplitude can be up to 50 percent of the peak-to-
peak ECG amplitude [20].

3.2 Physiological Interference

The human body is a complex accumulation of systems and processes. Several
physiological processes could be active at a given moment, each one producing many
signals of different types [21]. The appearance of signals from systems or processes
other than those related to the heart may be termed as physiological interference, as
discussed below.

3.2.1 Muscle Noise

Muscles other than the heart produce electrical impulses in the body; these impulses
can also be detected by the ECG leads. Unlike cardiac muscles, other muscles do not
have a regulated cycle; therefore, the generated impulses will not be represented as
characteristic waveforms. The noise is usually of a low amplitude and high frequency,
and it can be sporadic or consistent throughout the recording as shown in Figure 6.



Figure 6 Muscle noise. Coughing, tensing of muscles and movement of limbs cause the corresponding
electromyogram (EMG) signal to appear as undesired noise.

3.2.2 Motion Artifact

Low-frequency artifacts and baseline drift may be caused by poor contact of the chest
leads. A small arm or leg movement may cause a simple baseline wander as shown in
Figure 7. Variations in temperature can occasionally cause baseline drift. In general,
baseline wander makes it difficult to detect P, QRS and T waves. To remove the baseline
wandering, a low pass filter can be implemented.

Contact between the skin and the electrode is important to obtain an ECG signal of
good quality. The loss of contact can be permanent, or can be intermittent, as would be
the case when a loose electrode is brought in and out of contact with the skin as a
result of movements and vibration. Large movement can cause a rapid baseline
transition (step) which decays exponentially to the baseline value, as shown in Figure
8. Chang Yong et al. [22] proposed to use conductive yarn rubber electrodes to reduce
the motion artifact. Moreover, loss of contact associated with movement may generate
isolated QRS-like artifacts as shown in Figure 9.
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Figure 7 Baseline wandering. The usual cause of motion artifacts is assumed to be vibrations or
movement of the subject. The shape of the baseline disturbance caused by motion
artifacts is assumed to be a biphasic signal resembling one cycle of a sine wave.

Figure 8 Large movement of the chest. The low frequency noise is generated by bad contact between
skin and electrode.
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Figure 9 Large movement with isolated QRS-like artifacts. This segment starts with isolated QRS-like
artifacts followed by low frequency followed by high frequency

4. Methodology

In economics, moving average is a common analysis tool used by traders to identify
trend directions. More than one moving average can be used to generate buy and sell
signs [23]. Two moving averages have been used together to generate crossover signs
[24,25]. These crossovers are the buy and sell indicators. A crossover occurs when a
faster (shorter) moving average crosses a slower (longer) moving average [26].

The use of two moving averages succeeds in detecting the critical events in trading.
Moreover, in ECG signal analysis, two moving averages have been used as a bandpass
filter to extract the QRS features in [27,28]. In addition, the implementation of the
moving average can be highly numerically efficient (simple, fast and fewer
calculations required). Therefore, the idea of using two moving averages is promising.

In this section, a new, numerically-efficient and robust algorithm is proposed to
detect QRS complexes in ECG signals based on two moving-average filters. The first
moving average is used to extract the QRS features while the second moving average
works as a threshold to the first one. This creates blocks of interests followed by a
QRS complex duration threshold to detect QRS complexes.

The introduced algorithm is a generic algorithm based on the characteristics of the
ECG features; that is, the average duration of the QRS complex and heart beat in
healthy subjects. The thresholds used in this algorithm are adaptive signal-dependent.
The ECG signal passes successively through a sequence of processing steps, including
bandpass filtering, differentiating, squaring, generating blocks of interest and applying
dynamic thresholding, to distinguish the QRS complexes, as shown in Figure 10. The
maximum absolute values within the considered QRS blocks are considered R peaks
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a time-domain algorithm that consists of three main stages: pre-processing, feature
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Bandpass Filter

As discussed, a recommended bandpass filter is typically a bidirectional
Butterworth implementation. These filters offer good transition-band characteristics at
low coefficient orders, which make them efficient to implement [29].

The main frequencies of the P and the T wave lie in the range of 0.5 Hz to 10 Hz
[30]. In this thesis, the baseline wander and high frequencies that do not contribute to
P and T wave detection are removed using a second-order Butterworth filter with
passband 0.5—10 Hz.

ECGIn] s[n] X[n]
Butterworth Time Butterworth
—  Filter > Filter [

A 4

reversal

Figure 11 Demonstrating the zero-phase filtering in ECG signals

The phase lag effect of the Butterworth filter can be cancelled by following the
process shown in Figure 11. The Xx[n]output will be a filtered version of ECG[n]
with no phase distortion. The same Butterworth filter is used twice in this scheme: the
time reversal step is a straight left-right flipping of the time domain sequence, as
follows:

s[n]:ZN:bk ECG[n—k]—ZN:aks[n—k] Eq. 1
x[n]:ZN:bk s[n—k]—ZN:akx[n—k] Eq.2

QRS Removal

To make the P and T waves the dominant feature of the signal, the QRS complex is
removed. Therefore, R peaks must be detected before applying the P and T waves
algorithm. Fourtunately, R peaks are annotated in the MIT—BIH Arrhythmia Database.



1.2

1.15

1.1

1.05

0.95[

r r r r r r r

Time(s)

T T T T T T T

0.1+ b

0.08~ b

0.06

0.04

(b)

mV

0.02

-0.02

0.025

0.02

0.015

0.01

0.005

-0.005

-0.01

-0.015

-0.02

r r r r r

Time(s)

Figure 12 Pre-processing stage of the algorithm structure. (a ) Original ECG signal, (b) filtered ECG
signal with bidirectional Butterworth bandpass filter, (¢c) QRS removal.
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Removing the QRS complex duration is performed by setting the signal to zero for
the duration of the QRS complex [31]. The duration’s 0.083 ms before R peak and
0.166 ms after R peak are set to zeros in all beats.

y[n] = QRS Removal(x[n]) Eq.3

Figure 12 (c) shows the result of removing QRS complexes from the filtered signal
of Figure 12 (b).

Select Potential Blocks

The onset and offset of the potential P and T waves in the ECG signals will be
demarcated using two moving averages based on the normal duration of the ECG
features. The normal limit of the P wave duration for a healthy adult is 110+20 ms at a
heart rate of 60 beats per minute [32]. The normal limit of the corrected QT interval is
400+40 ms.

The average duration of the event is the suitable window size to detect the event.
The average window size corresponding to the P wave duration approximately 110



ms, and the average window size corresponding to the QT duration is approximately
400ms. As the P and T waves will be detected simultaneously, and the expected
duration of the P wave is smaller than the T wave, the window size of the two moving
averages will be adjusted related to the P wave duration.

In healthy subjects (P and T waves exist in the ECG signal), the moving average
that can demarcate the P wave can also demarcate the T wave.

The detection of P and T waves will depend on two moving averages. The first
moving average will be used to demarcate the P and T waves, while the second
moving average (with a larger window size) will be used as the threshold for the first
moving average, as discussed below.

i) First moving average: The first moving-average integration is used to demarcate
the P and T waves with a sharp wave, shown as the dotted line in Figure 13 (a).

MA....[n] = V%(y[n -(W, -1)/2]+ ...+ y[n]....+ y[n+(W, -1)/2]) Eq.4

1

where W, =55ms* SF which is half the window width of the P interval. Its value

is rounded to the nearest odd integer. A smaller window size is chosen than the
expected healthy duration in order to demarcate small P and T duration in cases of
severe arrhythmia.

ii) Second moving average: The purpose of the second moving average ( MApyave )
is to be used as a threshold for the first moving average MApe,« integration, shown as
the solid line in Figure 13 (a):

MA,,...[N] = V%(y[n -(W, -1)/2]+ ...+ y[n]....+ y[n+(W, -1)/2]) Eq.5

2

where W, =110ms* SF is the window width of the P interval. Its value is rounded

to the nearest odd integer.

As discussed above, the window size of the first moving average should be less than
the average healthy duration for the P wave (which is half of the P wave duration)
while the window size of the second moving average equals the average healthy P
wave duration. The first moving average will demarcate the P and T waves (especially
in cases of arrhythmia with smaller durations), and the second moving average then
works as a threshold for the first moving average. It has been observed that when the

window W, is less than 110ms, false negative will increase. Conversely, if the

window size W, is greater than 110 ms, the FNs will decrease and the FPs will
increase.
When the amplitude of the first moving-average filter (MApea ) is greater than the

amplitude of the second moving-average filter (MAp, .. ), that part of the signal is
selected as a block of interest, as follows:

IF MAPeak [n] > MAPWave [n] THEN
Blocks[n] =0.25

ELSE
Blocks[n]

END
Figure 13 (a) shows the result of applying the two moving averages.
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Figure 14 Demonstrating the effectiveness of using two moving averages to detect P and T waves.
(a) Filtered RR ECG signal with Butterworth bandpass filter, (b) generating blocks of
interest after using two moving averages: the dotted line is the first moving average and
the solid line is the second moving average, (c) the detected P and T waves after applying
the thresholds.

If the interest is the sinus activity for heart rate variability, then the PP interval
should be considered a better measure compared to the RR interval [33]. However, in
this research, the main interest is the pump function and the blood volume; thus, QRS,
and consequently the RR interval are more important. One RR interval shown in
Figure 14 (b) demonstrates the idea of using two moving averages to generate blocks
of interest. It can be seen that not all of the generated blocks of interest are potential P
or T waves. The blocks will be considered according to their relative positions and
widths of P and T waves to R peaks (for healthy subjects), as shown in Figure 15.



Reject noisy blocks: The blocks associated with small width are considered as
blocks caused by noise. Blocks which are smaller than half of the expected size for P
waves are rejected. Because the T waves are wider than the P waves, potential T
waves are still present. The expected size for the P wave is based on the statistics for
healthy adults, as described in [32] which varies from 90 ms to 130 ms. Blocks that
are smaller than half of the width W, that is expected for the P wave are rejected.

P Ri Ri+l N
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e T e | |
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'€ > —>
I:\)iTmax Pmax Ri+1

Figure 15 Demonstrating P and T wave time occurrence with respect to the current R peak and
next the R peak. Where Ri Ty, represents the minimum interval between the T wave

and current the R peak, while RiTqax represents the maximum interval between the T
wave and the current the R peak. Phin Ri;1 represents the minimum interval between

the P wave and next the R peak, and PraxRi.1 represents the maximum interval the P
wave and next the R peak.

In Arrhythmia ECG signals, P wave duration is smaller than in healthy adults.
Therefore, the 75 per cent ratio has been set in order to consider these P waves that
suffer from arrhythmia. This corresponds to:

P_Block size =0.75*W, *(SF /360) Eq. 6
where RiRi,; is the RR interval that contains the blocks of interest and SF is the
sampling frequency. Similarly, T waves in arrhythmia ECG signals is smaller than in

healthy people. Therefore, the block size of T wave will be double the P block size to
detect small T wave durations as

T_Block size =1.25*W, * (SF/360) Eq.7
If P_Block size and T_Block size have been set equal to W, , the results will be

close to the reported ones. Given the fact the P wave duration is smaller than T wave
duration, support the idea of decreasing the expected P wave compared to the T wave.

Thresholding
To determine whether the detected blocks contain P or T waves, the number of
blocks in each consecutive RR interval is counted. A threshold based on the distance
of the maximum point within a block to the R peak is applied to distinguish P waves
from T waves and noise.
There are three possibilities for the number of detected blocks:
1. Zero: the algorithm failed to detect a P or T wave in the current RR interval.
2. One: the P and T waves are most likely merged within one block, which is
marked as an asterisk (see Figure 13 (b)).



3. More than one: The distance of the maximum point within a block to the
nearest R peak will be used as a measure for selecting the blocks that
contain potential P or T waves. This consists of two steps:

a. Detect potential T waves. as shown in Figure 16, a block is considered to
contain a T wave if the distance of the maximum point of the block to the
nearest R peak is within a certain range.

RT

i ' min

=RR,,*0.111
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RT,. =RR. *0583

1~ max

max(BLOCK) > R;T;, and
max(BLOCK) < R; T ax

A 4 A 4

T wave Block Ignore Block

Figure 16 Flow chart for selection of T waves. If the block lies within the expected segment RiTmin

and RjT;ax, the block is considered to contain a T wave. The maximum absolute value
within this block is considered as the peak of the T wave.
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A 4

P..Ri.. =0.47*SF
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Max(BLOCK) < PoaxRi 1

A 4 A 4
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Figure 17 Flow chart for selection of P waves. If the block lies within the expected segment P, Ris1

and PrnaxRis1, the block is considered to contain a P wave. The maximum absolute
value within this block is considered as the peak of the P wave.
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Figure 18 Demonstrating the performance of the proposed P and T detection algorithm. The
algorithm succeeds to detect P and T waves in ECG signals that contain. (a) high-
frequency noise, (b) baseline wander. ‘+” represents the P wave and ‘O° represents the T
wave.
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Figure 19 Demonstrating the performance of the proposed P and T detection algorithm. The
algorithm succeeds in detecting P and T waves in ECG signals that contain (a) normal
sinus rhythm without U waves, (b) normal sinus rhythm with U waves, (c) normal sinus
rhythm with negative polarisation. ‘+’ represents the P wave and ‘O’ represents the T
wave.
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Figure 20 Demonstrating the performance of the proposed P and T detection algorithm. The
algorithm succeeds in detecting P and T waves in ECG signals that contain a) LBBB
beats with merged P and T waves, (b) LBBB beats. ‘+’ represents the P wave and ‘O’
represents the T wave while the asterisk represents merged P and T waves.
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Figure 21 Demonstrating the performance of the proposed P and T detection algorithm. The
algorithm succeeds in detecting P and T waves in ECG signals that contain (a) RBBB
beat (record 118), (b) PVC beat (record 200), (c) PAC beat (record 209). ‘+’ sign
represents the P wave and ‘O’ represents the T wave, while the circle with asterisk
represents merged P and T waves.
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5. Results

The algorithm was evaluated using MIT-BIH database. The P and T waves were

detected successfully even the merged P and T waves in arrhythmia ECG signals that
are affected by: high-frequency, noise baseline wander, NSR, LBBB, RBBB, PVC,
and PAC. All of the reasons for detection failure are described below.

1)

2)

3)

4)

5)

6)

7)

High-frequency noise. high-frequency noise results from the instrumentation
amplifiers, recording system and ambient electromagnetic signals received by the
cables. The signal shown in Figure 18 (a) has been corrupted by power-line
interference at 60 Hz and its harmonics and other high frequencies. As Figure 18
(a) illustrates, the proposed algorithm is very robust to noise.

Baseline wander. as shown in Figure 18 (b), the proposed algorithm is not
sensitive to baseline wander and detected the P and T waves correctly.

NSR. is a normal ECG cycle is initiated by the sinoatrial node and consists of a P
wave followed, after a brief pause, by a QRS complex, and then a T wave [5]. The
proposed algorithms correctly detected P and T waves in three types of normal
beats: 1) Normal sinus rhythm without U waves (record 100 of the MIT-BIH
database) as shown in Figure 19 (a). 2) Normal sinus rhythm with U waves
(record 103) as shown Figure 19 (b). 3) Normal sinus rhythm with negative
polarization (record 108) as shown Figure 19 (c).

LBBB. results from conduction delays or blocks at any site in the intraventricular
conduction system, including the main LBBB and the bundle of His. The result of
an LBBB is extensive reorganisation of the activation pattern of the left ventricles
[5]. The proposed algorithms successfully detected normal and merged P and T
waves in two types of LBBBs: 1) LBBB beats with merged P and T waves (record
109), as shown in Figure 20 (a), and 2) LBBB beats with normal P and T waves
(record 111), as shown in Figure 20 (b).

RBBB. is a result of conduction delay in a portion of the right-sided intra-
ventricular conduction system. The delay can occur in the main RBBB itself, in
the bundle of His, or in the distal right ventricular conduction system. RBBBs may
be caused by a minor trauma such as right ventricular catheterisation [5]. As
shown in Figure 21 (a), the proposed algorithms succeeded in detecting the P and
T waves in ECG signals of RBBB (record 118).

PVCs. are characterised by the premature occurrence of a QRS complex that is
abnormal in shape that has a longer duration than normal QRS complexes,
generally exceeding 120 ms. The T wave is commonly large and opposite in
direction to the major deflection of the QRS. The QRS complex is generally not
preceded by a P wave, but it can be preceded by a non-conducted sinus P wave
occurring at the expected time [5]. In Figure 21 (b), a special case of PVC is
shown, called bigeminy, where the premature ventricular beats occur after every
normal beat in an alternating pattern. The proposed algorithm succeeded in
detecting the P and T waves in the normal beats and the T waves in the premature
ventricular beats (record 200).

PACs. are among the most common causes of irregular pulses and can originate
from any area in the heart [5]. The impulse is discharged prematurely by an
irritable focus in the atria giving rise to a distorted P wave, usually superimposed
on the preceding T wave. The P wave may be inverted. As shown in Figure 21 (c),
the proposed algorithms detected the merged P and T waves in PACs (record 209).



Table 2 P wave detection performance over 10 records from the MIT-BIH Database

Record No of TP FP FN SE +P
beats
100 2274 2074 0 0 100.00  100.00
101 1866 1866 0 0 100.00  100.00
102 2187 2021 87 79 96.37 96.02
103 2084 2076 4 4 99.81 99.81
104 2229 2071 82 76 96.58 96.32
105 2602 2557 33 12 99.53 98.72
106 2026 2013 12 1 99.95 99.41
107 2136 2136 0 0 100.00  100.00
108 1765 1363 244 158  90.56 86.13
109 2533 2342 135 56 97.72 94.67
21702 20719 597 386  98.05 97.11

Table 3 T wave detection performance over 10 records from the MIT-BIH Database

Record s TP PP AN LR Ty
100 2274 2274 0 0 100.00 100.00
101 1866 1863 3 0 100.00 99.84
102 2187 2187 0 0 100.00 100.00
103 2084 2084 0 0 100.00 100.00
104 2229 2228 1 0 100.00 99.96
105 2602 2579 15 8 99.69 99.42
106 2026 2013 13 0 100.00 99.36
107 2136 2136 0 0 100.00 100.00
108 1765 1710 36 19 98.91 97.95
109 2533 2532 1 0 100.00 99.96

21702 21606 69 27 99.86 99.65

As illustrated in Figures 18-21, the proposed method successfully detected P and T
waves in ECG signals with a low SNR, baseline wander and various arrhythmias.
However, the restults are reported in Tables 2 and 3 for just 10 annotated records of
the MIT-BIH database, as discussed in section 2. The algorithm detects and evaluates
the detected P and T waves automatically based on the following statistical parameters
that are used to evaluate the algorithm:

TRy
Seem = B + FNor Eq.8
+ Por TPer Eq.9

" TPor + FPer

True positive (TPpr): P/T wave has been classified as P/T wave.



False negative (FNp): P/T wave has not been classified as P/T wave.
False positive (FPp/r): non-P/T wave has been classified as P/T wave.

The sensitivity Sepr is the percentage of true P/T waves that are correctly detected

by the algorithm. The positive predictivity + Pg is the percentage of detected P/T
waves that are real P/T waves. Table 2 shows the result of P wave detection in 10
different records of the MIT—BIH database. P wave detection is affected by the quality
of the ECG recordings and the abnormalities in the ECG signals. Records that have a
relatively large proportion of very poor quality signals, such as 108 and 109, contain a
larger number of FN than the other records. The arrhythmia P and T waves caused a
large number of FP compared to the false negatives. False positives for P waves were
often caused by a low signal to noise ratio. Ventricular premature beats and atrial
arrhythmias occasionally caused false positives. The largest number of false positives
was found in record 108. The sensitivity for P waves was 98.05 per cent and the
positive predictivity was 97.11 per cent.

Table 3 shows the result of T wave detection in the same 10 records of the
MIT-BIH database. The number of FNs was smaller than the number of FPs, as for P
waves. FN were mainly caused by noise. FPs for T waves were often caused by PVC,
as in record 108, and LBBB as in record 109. The algorithm achieved a sensitivity of
99.86 per cent and a positive predictivity of 99.65 per cent for T waves.

Table 4 P waves detection performance comparison. Several P wave algorithms have been compared
on the MIT-BIH Arrhythmia Database (N/R: not reported).

. Se +P
Year  Algorithm Method Data used %) (%)
Proposed Blocks of 10 records,
2009 algorithm Interest 30 minutes each 98.05  97.11
10000 normal ECG
beats selected from
2009 Arafatetal. [34] EMD the MIT—BIH N/R N/R
database
39 records,
2008 Diery [35] WT 10 “seconds _each, \,o0 n/R
from the MIT-BIH
database
Mahmoodabadi Segments from the
2007 et al. [36] WT MIT-BIH database 5169 5364
Segments from the
2006 Ktata et al. [37] WT MIT-BIH database N/R N/R
Multiscale Segments from the
2005 Sunetal. [38] morphol_oglca MIT—BIH database N/R N/R
| derivative
Segments from
Fractional MIT-BIH database
2005 Goutasetal.[39] order that are suitable for N/R N/R
differentiation  just monophasic P
and T waves
2004  Martinez [15] WT Applied to QTDB N/R N/R

Comparison of performance on MIT—BIH arrhythmia dataset

The detection performance on the MIT—BIH database obtained by the proposed P
and T waves detector record by record performance (see Table 2, Table 3) and
comparisons to other published detectors are provided in Tables 4 and 5. ThePand T
wave detection algorithm was evaluated using two statistical parameters: sensitivity



and positive predictivity. The data used to calculate these performance parameters are
shown in the fourth columns of Tables 4 and 5. However, while the total number of
records in the MIT-BIH aarhythmia Database is 48, most of the published P and T
detection algorithms used few records or segments of the ECG signals, as shown in
Tables 4 and 5. As shown, the algorithms published in the literature about detecting P
and T waves in MIT-BIH database have limitations, which can be summarised as
incomplete usage of the recorded ECG signals, detecting either P or T waves, and
detecting particular morphologies of either P or T waves.

As shown in Table 4, the P wave detection algorithms in literature have been
applied to few ECG segments. The proposed algorithm succeeds in handling long
ECG recordings with high performance compared to the most recent and well-known
publications in the P wave detection field.

A robust P and T wave detection algorithm is introduced against all challenges in
Section 3. The algorithm succeeds in handling the non-stationary effects, low SNR,
PACs, PVCs, LBBBs and RBBBs. The advantage of the proposed method is that it is
numerically-efficient, robust, and it detects P and T waves simultaneously.

Table 5 T waves detection performance comparison. Several T wave algorithms have been compared
on the MIT-BIH Arrhythmia Database (N/R: not reported).

Year  Algorithm Method Data used (502) (’: /f)
10 records,
2011 ;;%F.’r?tsﬁri Fnl(t);lf;to f 30 minutes each, from 99.86 99.65
the MIT—BIH database
Arafat et al 10000 normal ECG beats
2009 [34] ‘ EMD selected from the N/R N/R
MIT-BIH
2006  Ktataetal. [37] WT Segments from the NR  NR
' MIT-BIH database
Records from the
2006 Krimi etal. [40] WT MIT-BIH arrhythmia 93 N/R
database
multiscale
2005 Sun et al. [38] morphological Segmems from MIT-BIH N/R N/R
L atabase
derivative
Segments from the
Goutas et al Fractional MIT—BIH datal?ase that
2005 [39] ' order are suitable for just N/R N/R
differentiation  monophasic P and T
waves
Multi-scale False detections in
2005 Sun et al. [38] morphological N/R N/R

derivative biphasic T waves

As shown in Table 5, the T wave detection algorithms in literature have been
applied to few ECG segments. The proposed algorithm succeeds in handling long
ECG recordings with high performance compared to the most recent and well-known
publications in the T wave detection field.

6. Discussion and conclusion

There is a limitation when evaluating P and T wave detection algorithms, as
finding datasets with annotated P and T waves is quite difficult. Consequently,



comparing the existing algorithms becomes even more difficult. The devloped
algorithm was evaluated using 10 records from the MIT-BIH database, containing a
total of 21,702 heart beats annotated by two independed annotators, after runing the
program, whether the P and T waves have been detected or not.

The algorithm successfully detected P and T waves in ECG signals with a low
signal to noise ratio, baseline wander, and various arrhythmias. It achieved a
sensitivity of 98.05 per cent and a positive predictivity of 97.11 per cent for P waves
and a sensitivity of 99.86 per cent and a positive predictivity of 99.65 per cent for T
waves. Moreover, the proposed algorithm succeeds to score the highest overall
performance among the most recent and well-known publications in the P and T wave
detection field.

It is clear from Tables 4 and 5 that the proposed algorithm is by far less complex
compared to existing algorithms. The new algorithm has the advantage of being
simple, fast and numerically-efficient. It is based on two moving average filters. The
second moving-average window size equals the average P wave duration and the first
moving-average window size equals half of the P wave. The second moving average
works as a threshold to the first one. This creates blocks of interests followed by P and
T wave duration thresholds to detect P and T waves

The assessment of the P and T detector has been reliably done over the existing
standard databases. Moreover, the number of annotated beats used in testing the new
algorithm is considered sufficient as it is a good representation of the possible
morphologies found in ECG signals.

Unfortunately, the P and T waves in the MIT-BIH Arrhythmia Database are not yet
fully annotated; this makes testing and evaluating developed algorithms quite difficult.
However, a preliminary annotation for the used ECG signals will be uploaded to
Physionet to allow validation by the clinicians and researchers. Moreover, further
research should compare the performance of the proposed P and T detectors with more
algorithms.
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