
Complex Valued Wavelet Analysis for QRS
Detection in ECG signals

Vladimir Johneff

Technical University - Sofia

1 Introduction

The QRS complex is the most prominent waveform within the electrocardiographic (ECG)
signal, with normal duration from 0.06s to 0.1s. It reflects the electrical activity within the heart
during the ventricular activation. Its shape, duration and time of occurrence provide valuable
information about the current state of the heart. Because of its specific shape, the QRS complex
serves as an entry point for almost all automated ECG analysis algorithms. The QRS detection
is not a simple task, due to the varying morphologies of normal and abnormal complexes and
because the ECG signal experiences several different types of disturbances with complex origin.
Once the QRS complex has been identified, a more detailed examination of ECG signal can be
performed.

During the last fifteen years, the wavelet transform has proven to be a valuable tool in many
application areas for analysis of nonstationary signals such as the biomedical signals, and the
ECG signal in particular. The wavelet transform provides a time-frequency representation of
the signal, and thus permits the inspection of characteristic waves of the ECG signal at different
scales with different resolutions. Several types of wavelet-based QRS detection algorithms have
been proposed, most of them based on Mallat’s (1991) approach for singularity detection using
wavelet coefficients maxima. This extended abstract paper presents the application of complex
valued wavelets for QRS detection with computation of the wavelet decomposition at one scale
only, which differs from the approaches reported up to now.

2 Methodology

The complex continuous wavelet transform is calculated as the inner product, or the convolution
of the analysed signal f(t) with the complex conjugate version of the wavelet function
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After comparative analysis with several types of complex valued wavelets the frequency B-
spline wavelet was chosen as a function-prototype for the QRS detection, because of its good
temporal localization properties. The complex frequency B-spline wavelet is defined by:� �������/. � )103254769890 � ) �:<;�;>= ,@?BADCFE5G7H7IJ� (2)

depending on three parameters:� ) is a bandwidth parameter (
� ) =1 is chosen);�LK

is the wavelet central frequency (
�MK

=1.5 is chosen);
m is an integer order parameter (m N 1);
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and on the function: 2B4 698 � � � � � 2B4 6 ����� ���	��� �
�������� ��� �� ,
For computational reduction the wavelet used for the analysis is of first order (m=1). Fre-

quency B-spline wavelets of higher order do not improve the detection ratio. By varying the
parameters

� ) and
�LK

the optimal for the QRS detection values are determined. The real part,
the imaginary part and the modulus of the analytical wavelet can be seen in Figure 1:

Figure 1: Complex frequency B-spline wavelet. (a) Real part; (b) Imaginary part; (c) Modulus.

The whole record set of the MIT-BIH Arrhythmia database, consisting of 48 half-hour anno-
tated ECG records with more than 116 000 QRS complexes, is used for the method evaluation.
Some of the records are relatively clean while others include a large amount of noise, abrupt
baseline shifts, ectopic beats, higher T waves and arrhythmias.

The QRS complex detection is accomplished by using the modulus of the complex valued
wavelet transform coefficients. The transitions in the input ECG signal correspond to local
maxima in the decomposition modulus at different scales. The frequency content of the ECG
characteristic waves is different, so they are distinguished at different decomposition scales.
The energy of the QRS complex usually is highest at scale 4 (scale


 � ���
at the dyadic

sampling grid), so the wavelet decomposition of the signal with the frequency B-spline wavelet
is computed for this scale. The modulus of the wavelet transformed signal is searched for local
maxima by peak detection logic with adaptively changing threshold value. When a local peak
exceeds the threshold, it is stored as a QRS candidate and successive search in a defined vicinity
is performed for higher peaks, which could replace the previous QRS candidate. After a QRS
complex is declared, a refractory period of 0.2s follows, during which no further excitation
could cause heart muscle’s contraction, and peaks are not registered. The average RR interval
of the last ten QRS complexes detected is maintained and if no peak is found within this interval,
the threshold is lowered and a backsearch is performed. Thus the QRS detector adapts to the
changing signal amplitude and prevents omissions of QRS complexes. The threshold has a
lower bound, preventing false detections of the noise content in the signal.

The detected QRS locations are compared with the reference annotation files for each record
and the number of false positives (FP) and false negatives (FN) is counted. The error ratio for
each record is calculated by the formula: � �����������! " #%$ ! #�& , � � �('*),+

.

3 Results and conclusions

In Figure 2 are shown some sample test results with sections of ECG signals, corrupted with
noise, baseline drifts and artifacts. The upper signal is the input ECG with the final QRS
complex decisions denoted with ’x’, and the lower is the wavelet transform modulus signal,
used for the detection, where a ’+’ sign denotes the detected local maxima.
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Figure 2: Noisy and abnormal ECG sections and detected QRS complexes. (a) Noisy signal;
(b) Arrhythmia and high T waves; (c) Baseline shifts and artifacts.

The mean detection error for all the 48 records is 0.26%, which is a relatively good result,
compared to the conventional QRS detection schemes and to some of the wavelet-based ones.
In most arrhythmia free records the error is zero. Only five ECG records with very complicated
nature produce error, higher than 1%, which is equally distributed and influences the overall
detection performance for this dataset.

The proposed complex valued wavelet-based approach gives satisfactory detection results
with computation of the wavelet coefficients at a single scale, which substantially reduces the
calculations. The implementation of the complex wavelet transform is not a challenge for the
contemporary common computers and DSP processors. The high frequency noise and baseline
drift in the signal are eliminated by the wavelet transform at the chosen scale. The accuracy of
detection could be further improved by including one more scale of analysis or by finding even
more suitable wavelet function. The next step after the successful QRS detection is a search for
other ECG characteristic waves as the T and P waves which have different frequency content
and could be detected at higher scales of decomposition. Further efforts in this area require
the classification of the detected characteristic waves as normal or abnormal patterns and the
diagnostics of pathological changes in the activity of the heart.
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Procrustes statistics for unlabelled points and
applications
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We consider the Procrustes statistics for a form arising from matching problems in Bioin-
formatics. The Procrustes statistic is related to RMSD except for a divisor. In practice, the
unlabelled (atom) points are matched and one is interested in understanding how good is the
resulting match.

We can consider this final match as drawn from
����������� C �	� A�
� � for two configurations.

Thus, we can derive the p-values, giving some indication of the goodness of fit. For concentrated
data, the statistic has a � A distribution. The harder problem is finding the distribution of the
minimum Procrustes statistic when the points are unlabelled. We will discuss this problem and
the inherent difficulty. For illustrative purposes, we will use Gaussian configurations on a line.
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