Lightweight signal analysis for R-Peak detection
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Abstract. The electrocardiogram signal is considered very important in clinical practice in order
to assess the cardiac status of patients. In this paper, a computer aided detection system for R
peak localizations is indicated. A four stage architecture is implemented which is able to differ-
entiate R waves from peaked T and P waves with an high degree of accuracy. The performance
of the algorithm is tested using ECG waveform records from the MIT-BITH Arrhythmia database.
A sensitivity of 96 % and a positive prediction of 99% are achieved.

Keywords: ECG, QRS, Hilbert transform, wavelet transform, computer aided detection
(CADe), R-Peak

1 Introduction

Signal processing technique has a large number of uses in medical environments
where it is a difficult task the differentiation between real pathological signs and false
alarms because of noise and imperfect signals [1]. Modern signal processing techniques
can improve existing investigation processes for diagnostic, treatment evaluation, and
research applications even in presence of corrupted and weak signals. Therefore, Com-
puter-aided detection (CADe) systems have become one of the major research subjects
in medical signal and imaging [2-5]. The fusion of technology and medical science thus
produces significant innovations that greatly contribute to human health and to people
quality of life. In particular CADe systems are important in detecting abnormalities
related to heart function in presence of signals corrupted by noise, artifacts and so on
[6]. The electrical activity of the heart is represented by the Electrocardiogram (ECG)
signal which shows the regular contraction and relaxation of heart muscle. It is a time-
varying signal reflecting the ionic current flow which causes the cardiac fibers to con-
tract and subsequently relax. Therefore its analysis is adopted to detect heart abnormal-
ities. The ECG is a non-invasive technique whose useful information are indicated by
the ECG shape such as intervals and amplitudes of the signal [7]. Due to the non-sta-
tionary behaviour of biological signals, disease indicators may be present all the time
or may occur at random during certain irregular intervals of the day. Therefore, the

D. Impedovo and G. Pirlo (Eds.), Workshop on Atrtificial Intelligence with Application in Health, Bari, Italy, November 14, 2017.
Copyright held by the authors.


mailto:matteo.daloia@masvis.com

study of ECG pattern by analysts may have to be carried out over several hours with an
high probability of missing vital information. The implementation of a procedure for
the detection of ECG key points (such as the P wave, the QRS complex and the T wave)
is a difficult task because of the time varying behaviour of human body and conse-
quently all processing methods should change their state during measurement. Moreo-
ver, noise contaminations, due to baseline drifts changes, motion artefacts and muscular
noise, is frequently encountered [7, 8]. The QRS detection is one of the most important
task in ECG signal analysis systems. In fact after the QRS identification, the heart rate
may be calculated and other parameters can be examined to avoid and to prevent serious
pathologies such as ischemia.

In this paper an improved signal processing technique able to detect R peaks in ECG
signals for heart rate evaluation, is presented. Its variability is linked to various disor-
ders such as obstructive sleep apnea syndrome, congestive heart failure [8, 9]. The im-
plemented method adopts the Hilbert transform envelope and a thresholding technique
for the detection of zones inside the ECG signal which could contain a peak. Experi-
mental results show the method validity and its high sensitivity and predictivity param-
eters. In section Il a briefly description of ECG technique is presented while section 111
describes the adopted methods. Section 1V makes an in depth presentation of the im-
plemented CADe system and in section V the system performance are evaluated. More-
over, some conclusions are drawn out.

2 ECG technique

ECG signal is the representation of the heart muscle electrical activity over time. It
supplies physicians with useful information and represents an important part of the car-
diac patient assessment.

A single normal cycle of ECG represents successive atrial depolarization/repolarization
and ventricular depolarization/repolarization which occur in every heartbeat. In fig.1
an example of the ECG shape is indicated [9].

The P wave is the first upward pulse of the ECG signal and is generated when the atria
contract to pump blood into the ventricles. The PR interval, which is a short period
where no electrical activity is seen, is due to a physiological delay; in fact the atrioven-
tricular node slows the electrical depolarization before it proceeds to ventricles. The
successive pulse, the QRS complex, is formed when ventricles contract to pump out
blood. The next S-T segment represents the early stage of ventricular repolarization and
under normal conditions is isoelectric (constant potential). A marked displacement of
the S-T segment signifies coronary artery disease. The ventricular repolarization forms
the T wave and the cardiac muscle is prepared for the next cycle of the ECG. Therefore,
the Q-T interval reflects the total duration of ventricular systole. A long QT interval
can be associated with heart failure, ischaemic heart disease, bradycardia, some elec-
trolyte disorders (i.e. hypocalcaemia) and can be consequence of different drugs taking.
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Fig. 1 ECG characteristic shape

3 Proposed Method

3.1 Hilbert transform
The Hilbert transform xn(t) of a real function x(t) is defined as [10]:

xp(t) = =17 x(1) = dT = x(t) X = )
Therefore, xu(t) is both a time dependent function and a linear function of x(t). In fact,
it is obtained from x(t) applying the convolution with (nt). Equation (1) shows that
xu(t) is obtained by filtering the signal x(t) through a linear time-invariant filter with
impulse response equal to (nt). Because of the integrand has a singularity and the
limits of integration are finite, the Hilbert transform is properly defined as the Cauchy
principal value of the integral in (1), whenever this value exists.
Considering the frequency domain and applying the Fourier transform it results:

F{xy (0)} = —j sgn F{x(6)} (2
where
+1 F>0
sng F{x(t)} =4 0 f=0
-1 £<0

Therefore, the Hilbert transform shifts all positive frequency components by -90° and
all negative frequency components by +90° while the amplitude of F[x(t)] remains con-
stant. Thus it is found that: x(t) and xu(t) are orthogonal and xu(t) represents the har-
monic conjugate of x(t). The function x(t) and its transform xu(t) are related to each
other and they together create an analytic signal that is expressed as:

z(t) = x(t) + jxu () ®)

B(t) =X (1) + % (1) @

It is evident that B(t) and x(t) have common tangents and the same values in the points
where xu(t) is zero. Therefore, B(t) have the same slope and magnitude of x(t) at its
local maxima.

3.2 Wavelet transform

Wavelet transform is a suitable tool for studying non-stationary signals. In fact, both
the property of time-frequency localization (which allows us to obtain a signal at a
particular time and frequency or to extract features at various locations in space) and
the multirate filtering option (which permits the differentiation of signals with different

The envelope of z(t) is:



frequencies) make the wavelet transform an effective tool in signal processing analysis.
It decomposes the signal into several components with various scales or resolutions.
Therefore, it can identify useful information for R point detection and discard signal
bands which provide scant contribution to the study [11].

Since wavelet functions are compact, wavelet coefficients only measure the variations
around a small region of data array. This feature makes wavelet analysis particularly
useful for signal processing; the "localized" nature of the wavelet transform allows us
to pick out features in analyzed data with ease such as spikes (i.e. noise or discontinui-
ties), discrete objects, edges of objects, and so forth. Moreover, wavelet coefficients at
one location are not affected by coefficients at other locations in data under study. As
the aim of this paper is the implementation of a fast algorithm, a non-redundant wavelet
decomposition has been chosen. Moreover, as the temporal ECG shape is an important
parameter, the wavelet to be adopted should be a symmetrical function to avoid the
introduction of non-linear phase shift.

3.3 Block Diagram

The proposed system is composed of four stages (fig.2).
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Fig.2 The block diagram of the implemented method

The first stage is the pre-processing phase in which the ECG signal is derived. This is
done for preparing the signal for Hilbert envelope computation. The second stage per-
forms the Hilbert transform envelope of the first derivative of ECG waveform. This
envelope represents an enhancement of the signal that can be used for the peak detection
[12] (fig.3,4).
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Fig.3 Details of processed signal at stage 1, 2
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Fig.4 Overview of the signal at the output of stage 2 compared to the original signal

In order to guarantee an accurate detection of R peaks, a third stage is necessary. In this
step, the method decomposes the output signal of the second stage into six dyadic scales
(fig.5). After validation tests, wavelet bior 3.3 has been used. According to the power
spectra of the input signal of the third stage, the larger contribute of the signal is located
in scales 3 and 4. The implemented method adopts both an evolution of the classical
Mallat decomposition, called a’ trous algorithm and equivalent parallel filter banks. A
hard threshold is adopted for singularity selection over the scales 3 and 4.
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Fig.5 Decomposition of Hilbert signal over six dyadic scales



4 Simulation Results

For the performance evaluation of the method, sensitivity and positive prediction
are taken into account. The Sensitivity (Se) is defined as the probability of detecting a
R point when a R point exists really; the positive prediction (+P) represents the proba-
bility of detecting a R point among the detected ECG peaks. They are computed adopt-

ing the following expressions:
TP

Sensitivity: Se = prep— (5)
Positive Prediction: *P = —— (6)
TP+FP

where
- TP (the number of true positives) is the number of correct identifications of R
points present in the signal under test;
- FN (the number of false negatives) is the number of R points present in the signal
that the algorithm is not able to detect;
- FP (the number of false positive) is the number of R points detected by the algo-
rithm but actually in the signal.
The proposed algorithm is tested on the ECG signals taken from the first channel of
the MIT-BIH arrhythmia database [13]
In fig.6 are shown the system performance related to the threshold value adopted in
the last stage. The threshold value is a percentage of the peak maximum value in the
dyadic scales.
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Fig.6 Se and P vs. threshold values
The algorithm gives Se and *P parameters of about 96% and 99% for a threshold

value in the range [45% + 70%] of R* denoting with R* the R point average value in
the related dyadic scales.



5 Conclusion

Real time ECG signal processing is an important diagnostic procedure for the mon-
itoring of heart functional status. The proposed CADe system, makes the localization
of R peaks possible even if noisy signals and peaked T and P waves are present. The
Hilbert transform envelope and a multiscale analysis is performed for ECG enhance-
ment and R points localization. The parallel behavior of the implemented method opti-
mizes the procedure computational time and makes it suitable for a hardware imple-
mentation.
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