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ABSTRACT

The electrical depolarization of the atrium indicates the
P-wave in Electrocardiogram. P-wave abnormality infers the
various diseases like pulmonary hypertension, coropulmonale
from chronic respiratory disease, and multifocal atrial
tachycardia. The diseases like atrial fibrillation, atrial flutter,
and sinoatrial arrest cause missing P-wave. Therefore, it is
needed to detect the P-wave presence in the ECG signal for
the diagnosis of AF patients. Therefore, in this paper, a
framework was proposed to find the absence of P-wave in
each beat of ECG. The ECG data is collected from the Atrial
fibrillation database. The morphological features of each beat
were extracted, and the most significant features were
identified using PCA. The reduced feature vector was applied
to the KNN for the detection of P-waves. Finally, it is
concluded that the P-waves were detected by using the
proposed framework with an accuracy of 96.6% without PCA
feature reduction and 98.9% with PCA feature reduction.

Key words: Atrial Depolarization Level, P-wave detection,
Atrial Conduction, Principle Component Analysis (PCA),
K-Nearest Neighborhood (KNN).

1. INTRODUCTION

Atrial depolarization is the contraction of the left and right
atrium, initiated by the Sino-Atrial (SA) node [1]-[2]. The
depolarization of the atrium indicates the P-wave in the ECG
signal. The P-wave occurs before the atrium contraction and
pumping blood to the ventricles [3]. The regularity of P-wave
occurrence depends on the activation of the SA node [4]. If
P-amplitude < 0.15mV [5] and P-duration < 20msec [6],
P-wave is said to be absent [7]. The absence of P-wave in AF
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patients is as shown in Figure 1. The irregularity in RR
interval and regular absence of P-wave infers the Atrial
Fibrillation (AF) [8]. Therefore, the p-wave detection is
essential in the diagnosis of AF patients. AF occurs when the
atria do not pump the blood regularly and effectively to
ventricles. This leads to clot the blood in the arteries, which
causes heart stroke and heart failure.

Further, untreated AF leads to an increase in the risk level of
heart stroke [9]. Therefore, the atrial depolarization level
(P-wave) is a good indicator for the diagnosis of AF. The
remaining paper was presented as follows. The related
literature of P-wave detection was reported in section 11. The
proposed framework was explained in section I1l. The results
were reported and discussed in section 1V. Finally, the paper
was concluded with a summary in section V.

Atrial Fibrillation

Figure 1. Atrial Fibrillation ECG waveform

2. RELATED LITERATURE

The P-wave detection is not as easy as the QRS complex
detection due to the smaller amplitude of P-wave. There is
some literature available where previous researchers
developed different approaches to detect the P-waves in ECG.
In [10], the p-wave was detected by finding the local
minimum and local maximum points using parallel delta
modulator architecture. They achieved an accuracy of 91%
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with datasets taken from the QT database. In [11], the
researcher found the QRS complex using ensemble empirical
mode decomposition. The QRS complex was removed to
separate the P-wave. They achieved a sensitivity of 99.96%
and positive predictivity of 99.47% with the QT database. In
[7], QRS-T waves were detected by the Teager Energy
operator, and P-wave was found by the slope criterion. They
achieved a sensitivity of 96.47% using the CSE database. In
[12], P-waves were found by extracting unique spectral
properties form raw and nonlinearly synthesized high
resolution pseudo-spectral multi-resonance signatures of the
p-wave taken from the MIT-BIH database. The placement of
electrodes is crucial to measure the significant level of P-wave
in ECG, which was addressed in [13]. They investigated the
effect of misplacement in p-lead to find the p-wave by
calculating the P/QRST RMS ratio. They found that the
median p-wave RMS amplitude was 72uV with p<0.001. In
previous literature works, machine learning algorithms such
as ANN, decision tree [14], Support Vector Machine (SVM)
[15] and deep learning Recurrent Neural Network algorithms
[16] were applied physiological data for various biomedical
applications. Therefore, in this study, we have applied
K-Nearest Neighbourhood (KNN), SVM and Decision Tree
algorithms on Atrial Fibrillation (AF) datasets to detect the
atrial depolarization level which helps to assist the clinical
diagnosis of AF patients.

3. PROPOSED FRAMEWORK

The P-wave detection methods reported in the literature was
depended on the accuracy of QRS detection and the removal
of QRST waves from the ECG signal. Therefore, in this
paper, a framework was proposed to separate and detect
significant P-waves from an ECG signal as shown in Figure 2.
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Figure 2. Flow chart of the proposed framework
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In the proposed framework, the ECG signals were collected
form Atrial Fibrillation Database [17]. A total of 31 records of
one minute were used for the current study. The sampling rate
of the ECG signal is 250 samples per second. The ECG signal
was pre-processed by using a smoothing filter and wavelet
transform (WT). The glitches were removed by the smoothing
filter [18]. The baseline drift was removed by WT [19]. The
8th level approximation coefficient was reconstructed from
10th level decomposition with db6 mother wavelet. The
reconstructed signal was subtracted from raw ECG to remove
the baseline drift. The R-peaks were found by using the
Pan-Tompkins algorithm [20]. A segment of R-0.2sec to
R-0.09sec was separated and extracted the morphological
features of all 31 samples. The morphological features from
each beat are measured. The feature vector of 31 features was
reduced by using the PCA method [21]. The reduced feature
vector was applied to the KNN classifier to detect the
significant P-wave presence. The sample of P-wave presence
and absence was shown in Figure 3.
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Figure 3. P-wave presence (left) and absence (right) in ECG
4. RESULTS

The ECG was collected from the Atrial Fibrillation database.
A segment of a record was as shown in Figure 4. Glitches
from ECG were removed using a moving average filter,
which can be observed in Figure 4 (middle).
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Figure 4. Raw and Filtered ECG signals (record #04015)
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Figure 5. R-peaks detection in AF signal

The baseline drift was removed effectively using WT
observed from Figure 4 (bottom). The R-peaks detected by
the Pan-Tompkins algorithm, with 100% accuracy were
shown in Figure 5. In normal ECG, the P-wave occurs
0.12-0.20sec before every R-peak occurrence. Since the
P-wave duration is 80msec, the morphological features of this
segment were extracted to find out the P-wave significance, as
shown in Figure 6.
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Figure 6. P-wave segment detection in AF signal
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Figure 7. P-wave segments in AF signal

Even the P-wave presence can be detected by its amplitude
(>0.15mV), it is difficult to find the amplitude in abnormal
cases, as shown in Figure 7. Also, due to signal
pre-processing, the amplitude will not be the same as the raw
ECG signal. Therefore, in this proposed framework, the
extracted morphological features were applied to the KNN
classifier to detect the significant P-waves. In other words,
abnormal P-waves have been separated by the proposed
framework. Due to the feature vector size was 31, the size was
optimized to 3 by using PCA and tested the accuracy of the
KNN classifier. The performance of the proposed work was
evaluated in terms of accuracy, sensitivity, specificity, and
positive predictivity given by the equations (1) — (4).

sensitivity (0¢) = m—— 10d
_ 1)
epeci Ficity (04) = __" ‘“_ w100
@
postive predictivity (M) = ﬁ w100
@) ? .
Accuracy () = I'“—':” w 100
(4)

Where, TP is the true p-wave presence
TN is the true p-wave missing

FP is the false p-wave presence

FN is the false p-wave missing

Tablel. Classification results before feature reduction

Classifier Accuracy | Se Sp P+
Decision Tree | 95.4 94.64 | 96.77 | 98.15
SVM 96.6 96.43 | 96.77 | 98.18
KNN 96.6 96.43 | 96.77 | 98.18
Table 2. Classification results after feature reduction
Classifier Accuracy | Se Sp P+
decision tree | 88.5 92.86 80.65 | 89.66
SVM 96.6 96.43 96.77 | 98.18
KNN 98.9 100.00 | 96.77 | 98.25
Table 3. Comparison of results with literature
Ref Database Accuracy | Se Sp P+
[10] QT database | 91 - - -
[11] QT database | - 99.96 | - 99.47
CSE
[7] database - 96.47 | - -
Proposed | AF database | 98.9 100 96.77 | 98.25

The classification accuracy of the KNN classifier with and
without feature reduction was presented in Tables 1 & 2. It
was observed that the highest accuracy of 96.6%, the
sensitivity of 96.43%, Specificity of 96.77%, and positive
predictivity of 98.18% was obtained for both SVM and KNN
classifiers without feature reduction. The highest accuracy of
98.9%, the sensitivity of 100%, Specificity of 96.77, and
positive predictivity of 98.25% was obtained using the KNN
classifier with feature reduction. Finally, the detection
accuracy of the proposed work was compared with the
previous literature. It was observed that the proposed
framework exhibited better performance compared to the
literature, as shown in Table 3.

5. CONCLUSION
The Atrial Fibrillation is a severe cardiac disease which
further causes heart stroke. In this regard, a framework was

proposed in this paper to detect the P-wave presence (atrial

6656



Awvaru Srinivasulu et al., International Journal of Emerging Trends in Engineering Research, 8(10), October 2020, 6654 — 6657

depolarization). The detection of P-wave was done by
extracting morphological features from each beat. The
P-wave presence and absence beats were separated by using
the KNN classifier. The proposed framework classified the
P-wave absence with an accuracy of 96.6%. By applying the
PCA feature reduction, the accuracy was increased to 98.9%.
Also, the proposed framework detected the P-waves with
accuracy compared to the literature.
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