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Abstract

Cardiac arrhythmias are common heart diseases and generally cause sudden cardiac death. Electrocardiogram (ECG) is an

effective tool that can reveal the electrical activity of the heart and diagnose cardiac arrhythmias. We propose detection of P

waves based on QRST cancellation zero-one substitution. After preprocessing, the QRST segment is determined by detecting the

Q wave start point and T wave end point separately. The Q wave start point is detected by digital analyses of the QRS complex

width, and the T wave end point is detected by computation of an indicator related to the area covered by the T wave curve.

Then, we determine whether the sampled value of the signal is in the interval of the QRST segment and substitute zero or one for

the value to cancel the QRST segment. Finally, the maximum amplitude is selected as the peak of the P wave in each RR interval

of the residual signal. The average detection rate for the QT database was 97.67%.

Index Terms: Cardiac arrhythmia, P wave, QRST cancellation, Zero-one substitution, T wave

I. INTRODUCTION

Cardiac arrhythmias are common and are accompanied by

symptoms such as dizziness, palpitations, and syncope. A

benign, sudden cardiac death is generally caused by cardiac

arrhythmias, and in almost half of such cases, sudden death

is the first manifestation of cardiac disease [1]. It is becom-

ing not only a social-medical problem, but also a socioeco-

nomic problem [2]. However, if diagnosed early, disease

caused by cardiac arrhythmias can be successfully treated

with drugs or surgery [3].

Electrocardiogram (ECG) is a graph of voltage versus time

of the electrical activity of the heart and is obtained using

electrodes placed on the skin. The ECG waveform represents

both depolarization and repolarization of the heart muscle

cells in specific areas, and the standard features of the ECG

waveform include the P wave, the QRS complexes, and the

T wave [4]. Therefore, research on the particular features of

the ECG, especially the P wave, may provide a reliable way

to diagnose diseases caused by cardiac arrhythmia.

However, it is difficult to detect the P wave because of its

disappearance and variety in noisy ECG signals. In general,

the frequency and morphology of the P wave are utilized for

its detection. Mahmoodabadi utilized a wavelet packet appli-

cation to detect and validate the MIT-BIH arrhythmia data-

base, with a positive predictive value of 53.64% [5-6]. Arafat

presented an algorithm based on empirical mode decomposi-

tion (EMD) to detect and locate waves and tested it using the

QT database [7-8]. Sun proposed a multiscale morphology

derivative (MMD) transform-based singularity detector to

detect the fiducial points; however, the performance of the

algorithm was not reported [9]. Goutas proposed an algo-

rithm based on digital fractional order differentiation for P

wave detection but did not report the results of testing using

the MIT-BIH database [10]. In the study by Mehta, support

vector machine (SVM) was used as a classifier for detecting
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P waves, and a detection rate of 83.58% was obtained using

the CSE ECG database [11, 12]. Thus, the available algo-

rithms are not sufficiently efficient and require development.

Therefore, P wave detection is a challenging procedure in

ECG processing.

In this study, we propose a method for detecting P waves

using QRST cancellation based on zero-one substitution. The

remainder of this paper is organized as follows. Section 2

explains the method. Preprocessing, feature extraction, and P

wave detection will be described in this section. Section 3

includes the results and discussion. The performance of the

proposed algorithm using the QT database will be compared

with those of other algorithms. The conclusion is provided in

Section 4.

II. SYSTEM MODEL AND METHODS

A. System overview

A block diagram of our system overview is shown in Fig.

1. There are three main steps: preprocessing, feature extraction,

and P wave detection in the proposed system. In the first

step, four filters are utilized to reject noise in the ECG. Then,

the QRST segment is determined by Q wave onset detection

and T wave offset detection in the feature extraction step.

Next, we substitute zero or one for the original signal after

making the decision to cancel the QRST segment effectively

and select the maximum amplitude of each residual interval

as the peak of the P wave.

B. Preprocessing

ECG signals are commonly polluted by various types of

noise, including muscle noise, artifacts resulting from elec-

trode motion, power-line interference, and baseline wander.

The frequency spectrum of the ECG signal ranges from 0.05

to 100 Hz [13]. We propose to preprocess the ECG input sig-

nal shown in Fig. 2 to minimize noise and improve the sig-

nal to noise ratio. An electromyogram (EMG) is produced by

muscle electrical activity, and examples of ECG signals with

EMG are shown in Fig. 3(a). A fast morphological filter for

a unit square-wave is applied during our preprocessing to

remove the effect of the EMG [14]. Motion artifacts are caused

by changes in the electrode-skin impedance with electrode

Fig. 2. Instruction chart for preprocessing. 

Fig. 3. ECG signal with noise sources: (a) electromyogram (EMG), (b)

motion artifact, (c) 60-Hz power line noise, and (d) baseline drift. Fig. 1. Block diagram of the system.
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motion. Examples of an ECG signal with artifact motion are

shown in Fig. 3(b). An adaptive filter was used to remove

the interference from motion artifacts [15]. The power line

interference comes from the ECG signal measurement sys-

tem, and examples of ECG with 60-Hz power line noise are

shown in Fig. 3(c). A 60-Hz notch filter can be used to reject

the power line interference. Example ECG signals with base-

line drift are shown in Fig. 3(d), and a high-pass filter with a

cutoff frequency of 0.5 Hz is proposed to filter the signal

during preprocessing [16].

C. Feature Extraction

Two algorithms were proposed to determine the QRST

segments. The QRST segment is from Q wave onset to T

wave offset. Q wave onset is detected by digital analysis of

QRS complex width, and T wave offset is detected by com-

puting a marker related to the area covered by the T wave

curve [17, 18].

1) Q Wave Onset Detection

A real-time QRS detection algorithm based on analysis of

the slope, amplitude, and width of the QRS complexes has

been proposed [14].

The signal is sampled at a constant period Δ = 1/250 Hz =

4 ms, and k is an integer that presents the kth sampled value.

After preprocessing, the derivative procedure provides a

large gain in the QRS complexes to obtain the slope infor-

mation for the waveforms. We use a five-point derivative fil-

ter, in which the transfer function is as follows:

H(z) = 0.1(2 + z−1 − z−3 − 2z−4). (1)

Then, the squaring operation makes all data points positive

and nonlinearly amplifies the output. The equation that

implements this operation is:

y(k∆) = [x(k∆)]2, (2)

The integration operation is performed to obtain the wave-

form feature information as follows:

, (3)

where N is the number of samples in the width of the mov-

ing window. 

The width of the window should be approximately the

same as the widest possible QRS complex, so we chose 38∆

wide as an appropriate window for the 250-Hz sample rate.

After the integration operation, a moving integration wave-

form is obtained. The QRS duration is equal to the length of

the rising edge of the integration waveform, so the QRS

complex onset in each RR interval can be detected as the

start point of the rising edge. The Q wave onset can be

detected in this step.

2) T Wave End Point Detection

Zhang [15] proposed an algorithm to identify the end loca-

tion of the T wave on the ECG by computing an indicator

related to the area covered by the T wave curve. Based on

simple assumptions of concavity of the T wave form, the

maximum of the computed indicator inside each cardiac

cycle coincides with the end of the T wave. Then, a QRS

complex detection algorithm is applied to detect the R peak,

and a slide window inside each detected RR interval is cho-

sen to confine the T wave end search. After the integration

operation, the end of the T wave is located at the value that

maximizes or minimizes the area of the slide window.

Suppose that the signal is sampled at a constant period ∆ =

1/250 Hz = 4 ms and expressed as Sk = S(k∆), the kth sam-

pled signal value. Then, the ECG signal becomes a sequence

of values Sk with k = 1, 2, ···. After detecting the QRS com-

plexes, Ri is expressed as the ith detected R peak. Between

the Ri and Ri+1 interval, ka and kb are chosen to confine the T

wave end search. Ak is computed for k between ka and kb.

The computation of the indicator Ak is defined as:

, (4)

where W is the sliding window width. Sk is replaced by Sk to

reduce the effect of noise; this is the mean value of the sig-

nal between k − p and k + p. The integer p, for which p <<

w, is previously determined as the smoothing window width.

The end of the T wave is located at the value of k that

maximizes or minimizes Ak, which is represented as k or k.

Additionally, threshold λ > 1 is chosen to classify the T

wave morphology. Then, the algorithm increases i by one

and goes back to read the next RR interval. Fig. 4 shows the

algorithm process.

When k = kTend, the T wave end location is detected. In

this step, T wave offsets can be detected successfully. 

D. P Wave Detection

1) QRST Cancellation

After detecting the Q wave onset and T wave offset, the

QRST segment can be determined. After removing the

QRST segments from the original signal, it becomes the

residual signal composed of the residual segments. To obtain

the residual signal, we propose to substitute the detected

QRST segments with zero values and the residual segments

with one value.

Fig. 5 shows the flowchart of the QRST cancellation.

Assume that the signal is denoted by Sk, the kth sampled
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signal value. Then, the ECG signal becomes a sequence of

values Sk with k = 1, 2, ···, N. N is the total number of sam-

pled values. The onset of the QRST segment is defined as

the starting point of the rising edge in the integration wave-

form of the QRS complex, and the offset of the QRST seg-

ment is defined as the point maximizing or minimizing the

computation of an indicator related to the area covered by

the T wave curve. The algorithm reads the mth onset of the

Q wave konset _m and the mth offset of the T wave koffset _m in

the sel100 example.

The QRST segment is from the Q wave onset to the T

wave offset in each RR interval. After finding the QRST

segments in the signal, the algorithm determines if k is in the

interval between Q onset and T offset. If k is in that interval,

it denotes a true result; replace the value of the point with

one.

To ensure that the first QRST segment is not missed, it is

better to substitute one rather than zero for the QRST seg-

ment values. Therefore, we first substitute one for the values

in the QRST segment and zero for the values out of the

Fig. 4. Flow chart of detection of the T wave end location. (a) Read the detected i th R peak and the next R peak. Choose ka and kb to confine the T wave end

search in the RR interval. (b) The mean value of the signal with the smoothing window r. (c) The computation of the indicator Ak
.
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QRST segment. As a result, a reverse zero-one segment SK_m
can be generated, and examples of sel100 are shown in Fig.

6(b). Then, the segments are subtracted from an all-one sig-

nal μ, which is composed of one-values with the same length

as the original signal. We obtain a zero-one substitution seg-

ment SK_m with the examples shown in Fig. 6(c).

Then, the algorithm increases m by one and goes back to

read the next Q wave onset konset_m+1 and the next T offset.

After reading all Q wave onsets and T wave offsets koffset_m+1
and adding all zero-one substitution signals together, we

obtain the complete zero-one substitution signal. The resid-

ual signal can be generated by multiplying the original signal

by the zero-one substitution signal with the one and zero val-

ues shown in Fig. 6(d).

As a result, a continuous ECG signal is generated whose

QRST segments have been removed and that contains only P

wave segments.

2) P Peak Detection

As only the P waves remain in the residual signal, and

sometimes the U waves, the P peaks always have the largest

amplitude in every interval. Therefore, we select the maxi-

mum of the residual signal between each QRST segment that

Fig. 5. Flowchart of QRST cancellation based on zero-one substitution.

Fig. 6. (a) Location of the Q wave onset and the T wave offset in the sel100

examples. (The red “Ο” represents the location of Q wave onset; the red “∆”

represents the location of T wave offset). (b) Reverse zero-one substitution

signal of the examples. (c) Zero-one substitution signal of the examples. (d)

Residual signal of the examples.
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is from the T wave offset to the next Q wave onset. In Fig.

7, we show two examples from the MIT-BIH Arrhythmia

Database [6], the MIT-BIH ST Change Database [19], the

MIT-BIH Supraventricular Arrhythmia Database [20], and

the MIT-BIH Normal Sinus Rhythm Database [21] after P

peak detection.

III. RESULTS & DISCUSSION

The algorithm was evaluated using the QT database [8],

which is designed to evaluate algorithms used to detect

waveform boundaries on ECG. It contains 105 ECG record-

ings with signals sampled at 250 Hz, each of 15-min dura-

Fig. 7. Examples of 100% P peak detection rates after QRST cancellation.
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tion (containing 225,000 samples). Recordings in the QT

database contain two ECG leads with manually determined

waveform boundaries and fiducial points on subsets of heart-

beats in each signal. These subsets of annotated heartbeats

include at least 30 beats in each signal record. In total, 3,622

QRS complexes, 3,193 P points, and 3,541 T points were

annotated in the database.

We tested our algorithm on records from the MIT-BIH

Arrhythmia Database [6], the MIT-BIH ST change Database

[19], the MIT-BIH Supraventricular Arrhythmia Database

[20], and the MIT-BIH Normal Sinus Rhythm Database [21]

in QT Database, and ±50∆ = (±20s) were taken as the error

range. Because sel102, sel104, sel221, sel232, and sel310 are

without P wave annotation, we tested the residual 1,444

annotated beats in 39 records, and a high average detection

rate was obtained despite the presence of a few non-anno-

tated P peaks. Table 1 shows the result of P detection in the

records of the QT database from the MIT-BIH Database.

The algorithm achieved an average P detection rate of

97.67%. The MIT-BIH Normal sinus Rhythm Database [21]

is composed of sel6265, sel6272, sel6273, sel6420, sel6483,

sel6539, sel6773, sel6786, sel6795, and sel7453. As all P

waves in the MIT-BIH normal sinus rhythm database were

detected, these are not shown in detail in Table 1.

As a result of selecting the maximum residual signal

between each QRST segment, which is from the T wave off-

set to the next Q wave onset, false detection, which is shown

by the orange “o” in Fig. 8, can sometimes occur. The ampli-

tude of the P wave is occasionally smaller than the offset of

the T wave (such as the examples in sel114 and sel231), and

sometimes there is no obvious P wave between each interval

of the residual signal (particularly in sel873). In these cases,

Fig. 8. P detection with a relatively low P wave detection rate in the QT database that contains (a) sel114, (b) sel231, (c) sel233, (d) sel306, (e) sel808, (f)

sel873, (g) sel883, and (h) sel891.
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the P peaks can be mistaken for other values. Some errors

may also be caused by noise or artifacts that were not

removed, and incomplete detection of the QRS complex and T

wave end location can also result in partial errors. All of these

issues may result in false detection. Therefore, we obtained

detection rates of 82.69%, 82.25%, 99.01%, 98.36%, 98.36%,

58.93%, 93.22%, and 96.34% for sel114, sel231, sel233,

sel306, sel808, sel873, sel883, and sel891 in the QT database.

Fig. 8 shows examples of sel114, sel231, sel233, sel306,

sel808, sel873, sel883, and sel891 records from the QT data-

base that have relatively low P wave detection rates.

Several algorithms have been proposed for the detection of

P waves. Arafat [7] proposed a P wave detection algorithm

based on the EMD. Sun [9] utilized a MMD transform-based

singularity detector, and Goutas [10] presented an algorithm

based on digital fractional order differentiation. However,

none of these authors reported an exact detection rate. The

P-wave detection algorithms in other studies [5] [11] are

associated with low detection rates, while the algorithm pro-

posed herein was capable of evaluating the QT database with

relatively high performance.

IV. CONCLUSIONS

We proposed an effective and robust P wave detection algo-

rithm that can be utilized for cardiac arrhythmias. The algo-

rithm successfully detected P waves in ECG signals based on

QRST cancellation. After detecting Q wave onset and T wave

offset separately, QRST segments were obtained and then sub-

stituted by zero or one values. Next, we obtained the residual

signal, which consists of P waves and sometimes small U

waves. We determined that the maximum residual signal

between each QRST segment would be selected as the P peak.

We tested the algorithm using the MIT-BIH database from

the QT database and achieved an average detection rate of

97.67%. The beats in the QT database recordings were man-

ually annotated by experts. Thus, the assessment of the pro-

posed algorithm is reliable. Moreover, the proposed algorithm

demonstrates better performance than those proposed in

other studies. The proposed algorithm can be considered

efficient and sufficient.

In our future work, we will focus on arrhythmia detection

and classification. We will not only develop our algorithm to

make it more efficient, but also utilize it for automated anal-

ysis of ECG signals.
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