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ABSTRACT
With the increased prevalence of atrial fibrillation (AF) –rhythm disturbances in heart’s top chambers–
there is growing interest in accurate non-invasive diagnosis of atrial activity to improve its therapy. A key
component in non-invasive analysis of atrial activity is a successful removal of the ventricular QRST
complexes from electrocardiograms (ECGs). In this study, we have developed a new approach for an
objective and physiologically-based evaluation of QRST cancellation methods based on the power spectra
of the AF. Three commonly used QRST cancellation methods were evaluated; namely, average beat
subtraction, singular value cancellation, and principal component analysis. These methods were evaluated
in time and frequency domains using a set of synthesized ECGs preserving the atrial-specific temporal and
spectral properties. It was observed that the ABS method provided the best estimation when QRST
morphological variability is low, while PCA produces an overall best estimate when a large QRST
morphological variability is present.
Keywords: Electrocardiogram, Principal Component Analysis, QRST Cancellation, Atrial Fibrillation.
1

INTRODUCTION

An estimated 3 million Americans are currently afflicted by atrial fibrillation (AF), the most commonly
sustained heart rhythm disorder, known as arrhythmia, in humans (Naccarelli et al. 2009). AF is associated
with an increase in the risk of structural heart disease and a five-fold increase in stroke risk, both leading
causes of death in the U.S. (Go et al. 2012).
There is a growing body of evidence demonstrating how characterization of the AF in the frequency domain
increases our understanding of the disease and can improve its therapy (Berenfeld et al. 2011). Global
assessment of the arrhythmia can be effectively performed through spectral analysis of the non-invasive
electrocardiograms (ECGs) (Rodrigo et al. 2014). However, studying the spectral characteristics of AF
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from ECGs is often difficult due to the much higher power of the ventricular activity (VA) components in
the form of QRST complexes which mask the atrial activity (AA) in the ECG (see Figure 1 for an example).
Therefore, in order to extract the AA information, it is imperative to eliminate the VA from the ECG.
Several QRST cancellation algorithms have been developed till date which exploit the spatiotemporal
diversity using multiple leads (usually the standard 12-electrodes) of ECGs (Petrėnas et al. 2012). These
techniques are powerful in analyzing the signals in persistent or permanent AF, which are more advanced
and stable stages of the disease. However, their use is limited in the early stages of AF (paroxysmal AF)
where the patients are usually monitored with a Holter system (Lee et al. 2012) or implanted devices in
which only one to three leads might be available. The most common approaches to single-lead QRST
cancellation include average beat subtraction (ABS) (R. Alcaraz and Rieta 2008), adaptive singular value
QRST cancellation (SVC) (R. Alcaraz and Rieta 2008) and principal component based atrial activity
estimation (PCA) (Castells et al. 2005).
Although these methods have been shown to eliminate visible VA from single-lead ECGs, their
performance may be dependent on signal characteristics and is not validated against any independent
measurement of the atrial activity to confirm that they retain the AA features in question. In fact, thus far
there has been no systematic analysis comparing the performance of these frequently used cancellation
algorithms and how their performance vary for single-lead ECG signal for varying activity data set
precluding an ad hoc rationale for selection of an optimal algorithms. The main reason for lack of such
comparison is the absence of an objective metric for quantitatively evaluate the performance of QRST
cancellation.
We therefore develop and describe here a framework for comparison of QRST cancelation methods based
on quantifying how well the cancelation method retains spectral properties of the AA that is extracted from
non-VA segment of the ECG. Following the Welch principle, separated, VA-free, ECG segments retain the
stationary power spectral characteristics of the AA and therefore can be used as a reference for the QRST
cancelation method aiming at analysis of the AA in the frequency domain (Rodrigo et al. 2014). We focus
here on comparing the performance of the three single-lead QRST removal algorithms under conditions of
varying heart rate, duration, and morphological QRST variability. This comparison is performed by
applying the algorithms to a controlled set of synthesized ECG signals derived from actual AF recordings
with authentic and known time and frequency domain properties. The comparisons demonstrate that the
effectiveness of each of these methods varies based on the characteristics of the signal, and therefore an ad
hoc evaluation of the AA power spectrum and the QRST properties of the ECG signal may aid in selection
of an appropriate VA removal method.

Figure 1. Examples of single-lead ECGs. A) During sinus rhythm, the lower amplitude P complex of the
atrial activity is distinguishable from the QRS and T complexes of the ventricular activity. B) During AF,
a lower amplitude atrial activity is present throughout the time-series and is masked at times by the larger
amplitude ventricular activity (QRS and T complexes).
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2

METHODS

2.1 Synthesizing ECG Data
The QRST cancelation algorithms were analyzed on single-lead ECG signals, with AA and VA components
known a priori. The sources of both components were real surface ECG recordings in sheep with AF condition, collected via continuous cardiac rhythm monitoring using an implantable loop recorder (ILR) subcutaneously implanted in the sheep’s sternum. All procedures were approved by the University of Michigan
Committee on Use and Care of Animals and complied with National Institutes of Health guidelines. More
details on the data collection can be found elsewhere (Filgueiras-Rama et al. 2012).

Figure 2. The process of synthesizing an ECG. The corresponding FFT-based power spectra of the traces
are presented on the right side for each step of the process. A) Acquire ECG samples during AF and extract
the QT segments. B) Remove any linear trends and taper the ends of each QT signal to zero by a Hanning
window. C) Concatenate the processed AF segments into the synthetic AF signal. The AA-only power
spectrum is seen on the right side. D) Extract QRST complexes from sinus rhythm ECGs. Then subtract
the line which intersects the first and last samples of the QRST complex, such that both ends are equal to
zero. Pad the ends and spaces between QRST complexes with a constant to form synthetic VA, of the same
length as the synthetic AF signal. E) Add the synthetic VA to the synthetic AF signal to create the synthetic
ECG.
A synthetic AF signal was constructed by manually splicing together TQ segments (the space between the
end of the T-wave and the beginning of the Q waves) containing only atrial activity as illustrated in panels
A-C of Figure 2. Each segment was set to a zero-mean value and tapered at both ends with half a Hanning
window (spanning ~0.1 seconds). TQ segments were gathered to construct over four minutes of such AA.
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Then QRST signals were constructed by QRST complexes from periods of sinus rhythm (normal ECG
signals), with the P-wave excluded. The isoelectric line was set to zero at both ends and any linear trends
were removed, as can be seen in Figure 2D. A set of 426 of these synthesized QRST complexes were
collected and processed for the test data. After the QRST complexes were temporally arranged on the
isoelectric line, the synthesized AA (Panel C) and VA (Panel D) were added together to form the
synthesized ECG as seen in Figure 2E.
2.2 Evaluation Method
The synthesized QRST complexes were grouped together and compared using the Pearson correlation index
(also known as cross-correlation). The Pearson correlation index is a means of comparing the similarity of
two signals. If the index is 1, the signals are identical; if 0, then there is no correlation. For two zero-mean
signals s1 and s2, the Pearson index is calculated as:
𝜌=

𝛦[𝒔1 ⋅𝒔2 ]
𝜎1 𝜎2

(1)

where E[•] is the expectation operator and σ1 and σ2 are the standard deviations of s1 and s2 respectively.
Variables s1 and s2 can also be chosen to be the subtracted and the reference AA signals, either in the timeor in the frequency-domain. The QRST variability is defined as the opposite of the QRST similarity:

 =1− 

(2)

where larger values for ν correspond to larger differences in QRST morphology. Figure 3 shows examples
of how ν corresponds to morphological differences. With this information, test sets falling within specified
ranges of QRST variability were created for the purpose of controlled testing of this parameter.

Figure 3. Examples of QRST variability from a sample reference QRST (top traces). A) Two QRST
complexes in which ν=0.08, B) ν=0.20, C) ν=0.46.
2.3 Test Case Construction
The testing suite was implemented in MATLAB. When constructing a test case, the length (in seconds),
the heart rate (in bpm), and the range of QRST complex variability were specified as parameters. Each
synthesized ECG signal was linked to a copy of the known atrial and ventricular activity from which it was
constituted. The fast Fourier transform (FFT) was computed for the AA trace so the AA estimation produced by each QRST removal algorithm could be compared to the known AA both in the time domain and
in the frequency domain.
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2.4 Test Parameters
The methods being tested were evaluated based on the accuracy of the AA estimates they produced – i.e.
how similar they were to the known, true, AA in both the time and frequency domain as measured in terms
of the Pearson correlation index (Eq. 1). Besides the type of algorithm being used, the main independent
variable was the average variability between the QRST complexes within each test case. The secondary
and tertiary independent variables were the length of the test case signal and the heart rate, respectively.
The five bins of QRST variability were: ν = 0.05±0.05, 0.15±0.05, 0.25±0.05, 0.35±0.05, and 0.45±0.05.
The four categories of signal length were 5 seconds, 10 seconds, 15 seconds and 20 seconds. The types of
heart rates tested were 60 bpm, 80 bpm, 100 bpm, and 120 bpm. All 80 combinations were tested against
the three algorithms, with 100 test cases each.
2.5 QRST Cancelation Algorithms
Average Beat Subtraction (ABS): There are multiple variations on ABS,(Alcaraz and Rieta 2008) but the
most generic form of ABS was implemented which generates a template for VA by averaging the QRST
complexes in the signal. Because the AA is assumed to be independent from the VA, it cancels out in the
averaging. After the template was derived, it was subtracted from the original signal at each QRST location
such that the R-peaks are aligned.
Singular Value Cancellation (SVC): The SVC algorithm was implemented as defined in.(Alcaraz and
Rieta 2007) The QRST complexes in the trace being tested were arranged into the column vectors of a
matrix X (i.e. X=[x1, x2, …, xn], where xi are temporally aligned vectors of QRST complexes), on which
singular value decomposition was performed:
X=USVT.
The matrix U is an unitary matrix containing eigen vectors of X, S is a diagonal matrix containing eigen
values or singular values of X, sorted in a descending order, and V is an upper diagonal matrix. The matrices
U and S were then re-multiplied C=US, so that C is a matrix of the principal components. The first principal
component was selected as a template and was then scaled by a factor of QRi/QRt where QRi is the difference
in amplitude between the Q-peak an R-peak of ith QRST complex and QRt is the same measurement, but
from the template. After scaling, the SVC template was subtracted from the original signal in the same
manner as in ABS.
Principal Component Analysis (PCA): The PCA algorithm, like SVC, uses principal components to derive a template (Castells et al. 2005). However, instead of simply scaling the first principal component
based on the QR difference, the PCA algorithm recombines a subset of the principal components that are
most associated with VA. This makes PCA unique among the other three algorithms in that the number of
principal components used to construct the VA template can be an adjustable parameter. For illustrative
purposes, suppose the principal components of observation matrix X can be obtained through linear transformation W:
(3)
P = WXT
where P is a matrix in which the row vectors are the principal components ordered by variance. Because
the VA is the dominant feature, the first one or more principal components can be assumed to be most
associated with VA. The subsequent components can then be assumed to correspond with AA and noise.
By isolating only those principal components associated with VA in a matrix PV and multiplying it by the
associated columns of the inverse transformation matrix W-1, a VA template can be generated for each
QRST complex from the original observation matrix.
𝑻𝑉 = 𝑾−1 𝑷𝑉

(4)

The matrix TV contains VA templates for each of the QRST complexes in the test case, which are then
subtracted from the originating trace.
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While this makes the PCA method more flexible, it necessitates that several sets of tests are needed to truly
gauge the effectiveness of the PCA algorithm. Optimal PCA was defined as the version of the PCA algorithm in which the optimal number of components (n) was used in every case. This was achieved by applying the algorithm to the test with n = 1 first, and then reapplying the algorithm with incrementally increasing
values of n until the results ceased improving (as defined as the ρ value between the AA estimate and the
known AA). This was considered the optimal value of n, which was adopted for optimal PCA’s test results.
The PCA algorithm was also applied to the same test cases using fixed values of n. These tests were performed for n = 1, 2, 3, 4, and then 5. Each of these was defined as one-component PCA, two-component
PCA, three-component PCA, etc. Unless stated otherwise, optimal PCA was used as the test results for the
PCA algorithm.
3

RESULTS

Figure 4 shows the outcome of all the three methods under consideration applied to a synthesized AF trace.
The sample synthesized ECG, including both VA and AA, is shown in Figure 4A along with its
corresponding power spectrum in Figure 4B. Comparing the 3 QRST removal methods with the true AA
signal (Figure 4I) shows a general reduction of the VA, but with varying resulted estimated AA between
the methods. Information on the QRST reduction in the frequency domain can further help in evaluating
the performance of these 3 methods. By comparing Figure 4J with 4B we realize that the VA contributes
spectral power primarily in frequencies below the dominant frequency (DF) peak at about 9 Hz. Although
all three methods were able to reduce the power of QRST segments, their effectiveness in extracting precise
AA information and reproducing the DF of the AA (Figure 4J) was variable. Thus, we can use the
comparisons between the power spectra of the estimated AA with the power spectrum of the true AA that
can be obtained from atria-only segments in ECGs as a measure for the performance of the 3 QRST
cancellation algorithms.
The performance of the PCA method was dependent on the number of components used to extract the
QRST information. Figures 4G and 4H show the extracted information using the PCA method applied to a
sample ECG trace with two principal components. An example of the first 8 principal components of an
ECG is shown in Figure 5. As mentioned above, because VA is a dominant feature in the QRST complex,
it is assumed that VA components will be the most primary. In the case of Figure 5, the morphological
characteristics and power of the first two components suggest that indeed they are associated with VA. The
next three components (components three, four and five) appear to mostly be associated with AA. The
higher components are less powerful and are presumably associated with noise. As the goal here is to
eliminate VA in the form of QRST segments, principal components only up to the 3rd order were
considered.
Figure 6 shows the quality of estimation of VA using one-component, two-component, and threecomponent PCA methods. As can be seen from Figure 6A, the optimal number of principal components
increased as the average QRST morphological variability was increased. The traces with the lowest
variability in QRST complexes most often needed only one principal component for optimal QRST
cancellation. This increased to three principal components as the average QRST variability was increased
to 0.45 ± 0.05. The effects of two other parameters—namely, length of the signal and heart rate—were also
studied on the performance of the QRST cancellation methods (see Figure 7). It was observed that all else
unchanged, the greater the length of the signal, the better all algorithms performed (Figure 7A). On the
other hand, the overall performance of all three methods worsened with the increase in heart rate (Figure
7B).
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Figure 4. An example of all three QRST removal methods applied to a sample AF single-lead ECG
recording A) Synthesized ECG segment (red) with both atrial and ventricular activity consisting of 2 QRST
complexes along with B) corresponding power spectrum. C) The estimated AA (blue) using the ABS
algorithm superimposed on the ECG from A (red) with D) corresponding power spectrum. E) The
estimated AA (blue) using the SVC algorithm superimposed on the ECG from A (red) with F)
corresponding power spectrum. G) The estimated AA (blue) using the two-component PCA algorithm
superimposed on the ECG from A (red) with H) corresponding power spectrum. I) The true AA (blue) of
the synthesized ECG with J) corresponding power spectrum.

Figure 5. The first eight principal components derived using the PCA method applied to a sample ECG
trace. The first two components describe VA, followed by the next 3 providing AA information, whereas
the last 3 describing mostly noise.
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Figure 6. A) The optimal number of principal
components for the PCA and the QRST variability
indices of their associated traces. B) The quality of
estimation in the time domain of the PCA method
using one component, two components, three
components and the optimal number of
components on the same data set as panel A.

Figure 7. Quality of estimation for the three QRST
cancellation algorithms for traces in which the
QRST variability is 0.25±0.05 but with variable
lengths and heart rates. A) Compares quality of
estimation for traces with different lengths and a
heart rate of 60 bpm. B) Compares quality of
estimation for traces with different heart rates and
a length of 20 sec.

Figure 8. Performance of the three QRST cancellation methods with varying signal variability. Quality of
estimation () for ABS, SVC and Optimal PCA was assessed using synthesized traces of 20 seconds long,
60 bpm heart rate and varying QRST variability (ν) in A) time domain and B) Frequency domain as
calculated by the fast Fourier transform. C) Mean error of the estimated dominant frequency as calculated
using the same data set as in panel A and B.
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Figure 8A and 8B shows the performance of the three QRST cancellation methods with increasing morphological QRST variability in the signals, assessed in time and frequency domains, respectively. The optimal PCA algorithm provided the most accurate AA estimates, except for situations where the average
QRST variability was very low. The ABS and SVC methods were able to obtain better AA estimates than
the optimal PCA for the low QRST variability when the frequency domain results are considered, but their
effectiveness was monotonically decreased as QRST variability was increased. This trend was evident in
both time (panel A) and frequency (panel B) domains. Panel C plots the mean error in estimated DF for the
same three methods on the same data set used in panels A and B. The optimal PCA provided better DF
estimates over the considered range of QRST variability.
4

DISCUSSION

This paper compares the performance of single-lead QRST cancellation methods for the first time against
preserved, atrial-only spectral characteristics. The extraction of the time series and power spectra of the
atria-only activity during AF in this study serves as an independent solid reference for performance comparison of the different cancellation methods. The results contribute ad hoc solutions for given QRST characteristics, which can be used by future researchers as a guide for picking the best QRST cancellation
algorithm for processing their data. Specifically, the results indicate that PCA is most effective when there
is a high degree of variability between QRST complexes, but ABS is superior when the QRST complexes
in the signal are very similar. The performance of ABS degrades with increasing variability because it uses
all the ECG complexes in the signal trace to generate a VA template. Other variants of ABS have been
proposed to address this limitation by combining the information from adjacent leads (Stridh and Sörnmo
2001) or by separately processing the T waves (Mathieu Lemay et al. 2007). However, their extension to
the single-lead signals has not been effective. On the other hand, the PCA utilizes a set of base functions to
cancel the VA in multiple orthogonal components instead of cancellation from a single template.(Castells
et al. 2005) Therefore PCA is much more effective in removing the VA from signals with very high degree
of variability. Furthermore, the performance of the PCA method for analysis of AF is improved by determining the optimal number of components. However, this requires knowing the actual AA a priori and so
it may not be practical in most real-world scenarios. Nonetheless, the results obtained using fixed number
of components (e.g. Fig. 6) may give some guidelines to estimate the optimal number of components.
In this study, we analyzed in detail the performance of the three algorithms being tested under different,
quantifiable QRST variability circumstances. This independent performance comparison was performed on
benchmark data and provides unbiased results given a variety of scenarios. This comparison is important,
as previous results may be biased based on choice of method on particular data. For example, it was implied
in (Alcaraz and Rieta 2007) that the SVC method was superior to the PCA method. That is, it was reported
to produce an average ρ = 0.92 ± 0.07 between the actual and estimated AA of their synthesized ECGs
while citing that (Castells et al. 2005) reported only ρ = 0.774 ± 0.106. Given how much the performance
of QRST cancellation method can be affected by the varying ECG signal characteristics, as demonstrated
in this work, it is imperative to consider all possible scenarios to make valid comparisons. Thus, the
presented study provides a framework for how performance of QRST cancellation algorithms can be
compared in the future.
5

CONCLUSION

This study provides a novel framework for spectral-based evaluation for single-lead ECG QRST removal
methods, especially in the context of atrial arrhythmias. Using a multi-segment average power spectrum of
the AA activity we provide an objective evaluation criterion for the quality of the QRST removal. The ABS
algorithm provided the most accurate AA estimation when the difference between sequential QRST
morphologies was minor. However, when the QRST morphology was varied between beats, both SVC and
ABS left enough ventricular residual signals to dramatically decrease the quality of their AA estimates. On
the other hand, the PCA algorithm was better able to adapt to QRST morphological variability, and was
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usually able to do so using only two or three principal components. However, using two components on
traces with only small differences between QRST complexes removes important AA components from the
estimation. Thus, when performing QRST removal on single-lead ECG traces, the best strategy found is
the PCA method using just enough principal components to remove ventricular artifacts from the signal.
The findings promote an unbiased validation and comparison of current QRST removal techniques, with
aims to best characterize AF in the frequency domain.
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