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Abstract. Atrial fibrillation (AF) is the most common arrhythmia en-
countered in clinical research, with a prevalence of 0.4% to 1% of the pop-
ulation. Therefore, the study of AF is an important research field that
can provide great treatment improvements. In this paper we apply inde-
pendent component analysis to a 12-lead electrocardiogram, for which we
obtain a 12-source set. We apply to this set three different atrial activity
(AA) selection methods based on: kurtosis, correlation of the sources with
lead V1, and spectral analysis. We then propose a reliable AA extraction
based on the consensus between the three methods in order to reduce the
effect of anatomical and physiological variabilities. The extracted AA sig-
nal will be used in a future stage for AF classification.

Keywords: atrial fibrillation, atrial activity, ECG, ICA, kurtosis, cor-
relation, power spectral density.

1 Introduction

Atrial fibrillation (AF) is the most common arrhythmia encountered in clinic
research, with a prevalence of 0.4% to 1% of the population. This prevalence
increases with age, reaching up to 8% in population over 80 years old [1,2].
Therefore, the study of AF is an important research field that can provide great
treatment improvements, such as lower morbidity and mortality, better life qual-
ity, and lower costs for the health care provider.

AF is characterized by uncoordinated atrial activation with consequent de-
terioration of atrial mechanical function [1]. From a clinical point of view, the
analysis of these activities using non-invasive measures is highly desirable. To
this end, the standard 12-lead electrocardiogram (ECG) can be used. Unfortu-
nately, atrial activity (AA) is coupled with ventricular activity (VA), represented
by the QRST complex, in all the 12-lead measures. Furthermore, AA presents
much lower amplitude than VA, sometimes with amplitudes near the noise level.
Additionally, both activities have spectral distributions that overlap, making
linear filtering solutions not useful. Hence, one of the most important tasks for
an appropriate AF analysis is the dissociation of AA from VA. When using
12-lead ECG the challenge we face for the dissociation of both activities is to
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find a representative waveform that estimates the AA, starting from the 12-lead
ECG. Some of the algorithms used for AA extraction include spatio-temporal
QRST cancellation [3,4], principal components analysis (PCA) [5] and indepen-
dent component analysis (ICA) [6,7,8].

In this work we apply ICA together with three methods to select the best
representation of AA. The goal is to characterize the AA in AF, in order to
find patterns that can be recognized as different ECG-based AF classes, in the
hope that classes will give complementary information to improve the different
treatments currently applied to restore sinus rhythm to patients with this cardiac
alteration.

2 Methods

2.1 Data

Real 12-lead ECG recordings were used from four patients with diagnosed AF.
Records were 60 s long, sampled at 1200 Hz. A pre-processing consisting in a
bandpass filtering and an amplitude normalization were applied. This filtering
stage is basically to reduce baseline wandering below 0.5 Hz and high frequency
noise above 50 Hz. Amplitude normalization is optional, but helps visually com-
pare signals from different patients.

2.2 Independent Component Analysis

ICA is one of the techniques that solves the blind source separation (BSS) prob-
lem [9,10,11]. BSS recovers a set of source signals from the observation of linear
mixtures of the sources. These source signals are not directly accessible and have
to be extracted or separated from the set of measurable signals or observations.
As neither the source signals nor the mixing structure are known, this is referred
to as the BSS problem. This problem can be written in a matrix form as

X(t) = A · S(t) . (1)

X(t) is the vector of acquired signals X1(t),...,Xn(t) and S(t) is the vector of
source signals S1(t),...,Sn(t). A is called the mixing matrix. The goal of BSS is
to estimate S(t) and A from the observations X(t).

The ICA solution to the BSS problem assumes that the sources must be statis-
tically independent and the restriction that the sources must have non-gaussian
distributions [11]. The assumption of statistical independence has already been
established [6] since during an AF there is an uncoordinated operation of AA
and VA [1,12].

2.3 Source Selection for AA

As a result of applying ICA over a 12-lead ECG, a 12-source set is obtained.
From this set we have to choose the most representative signal for AA. For this
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search, three complementary methods will be applied: kurtosis-based extraction,
correlation of the sources to lead V1 of the ECG, and spectral features.

The first method is based on the non-gaussianity of the sources, specially
for those with considerable contents of VA. It is not difficult to observe that
VA presents a super-gaussian behavior, while the AA behaves as a sub-gaussian
random process [6,11]. This non-gaussianity of the sources can be measured by
the fourth-order marginal cumulant or kurtosis, that gives a high value, typically
above 10 for the VA or super-gaussian distributions and negative values for the
AA or sub-gaussian distributions. Thus, the best candidate for AA signal is the
source with the lowest kurtosis.

In the second method, a 12 by 12 correlation matrix between ECG leads
and sources is generated. In this matrix the column for lead V1 is of particu-
lar interest. It is generally accepted that lead V1 captures more atrial activity
[12,13]. Thus, the first approach to this method is to correlate lead V1 with all
the sources and selects the one with higher correlation index. However, it would
be wrong to choose directly the highest value, since the sources with high VA
components have high correlation with lead V1, hiding the correlation in the
non-QRST segments. To avoid this problem, only the sources with low kurtosis
are correlated, obtaining a relatively high correlation in the source that has more
similarity with the non-QRST segments of lead V1. Then, the most representa-
tive source of AA is chosen when the correlation with lead V1 is greater than
the correlation with all the other leads.

However, the fact that lead V1 captures more atrial activity is only a general
rule, dependent on both physiological and anatomical variability among patients.
That is why it is necessary to have redundant tools for an effective AA extrac-
tion. The third method is based in this spectral properties of the fibrillatory
waves, which has a distinct peak between 4 and 9 Hz [5,6,14,15]. To indentify
this feature, the power spectral density (PSD) is estimated using Welch’s aver-
aged modified periodogram method [16]. Then, we have to evaluate a spectral
parameter that give us infomation about the relative amount of energy of the
spectra in the range between 4 and 9 Hz. This parameter is called spectral con-
centration (SC) [8] and is defined by

SC =

9∑

f=4

P (f)

50∑

f=0.5

P (f)
· 100% . (2)

P (f) is the PSD of the signal and f the frequency in Hertz. Since we filtered the
signals in the band of 0.5 to 50 Hz, the denominator represents the total energy of
the signal, while the numerator represents only the energy in the range between
4 and 9 Hz. The criterion applied is that we choose the source with the higher
value of SC in the set of 12 sources.
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The source chosen by at least two of these three methods is finally selected
as the AA signal.

3 Results

With all the 12-lead ECG’s signals pre-processed as mentioned in the previous
section, FastICA algorithm was applied [17]. For the resulting set of sources
the kurtosis method was applied, obtaining in all cases at least 4 sources with
kurtosis above 10. This means that those sources have considerable components
of VA, represented by a high amplitude QRS complex, as seen in Fig. 1. Table
1 shows the kurtosis found for all sources in all patients studied. We mentioned
that AA should have negative kurtosis. For example, in Patient 1, Source 9
is the best candidate for AA signal because it is the source with the lowest
kurtosis.

In correlation method, Table 2 shows the selected sources for every patient and
the corresponding correlations with the leads. Fig. 2 shows the source selected
with this method in Patient 1, with the corresponding segment of lead V1.
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Fig. 1. Source 1 in Patient 1, signal with high kurtosis value. QRS complexes are clearly
visible.

Table 1. Kurtosis for all the sources in every patient

Patient

Source 1 2 3 4

1 24.5156 21.9675 113.8125 21.5941
2 26.3407 23.4926 20.8175 19.9526
3 30.555 19.9116 28.0697 34.0353
4 9.249 10.9939 18.0115 11.7974
5 23.5282 7.9972 7.9839 17.5561
6 1.8372 2.74 15.5995 2.5687
7 1.3795 -0.6597 1.7316 1.9107
8 1.3427 1.265 2.0633 1.583
9 -0.5966 0.8024 1.2774 -0.3756
10 -0.4317 0.4478 0.7189 0.6692
11 0.2128 -0.1481 0.4896 -0.1498
12 -0.0792 0.1545 0.079 -0.0366
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Fig. 2. Comparison between Source 9 and lead V1 in Patient 1. Source 9 has the highest
correlation coefficient with this lead.

Table 3 shows the SC parameter for all the sources in the four patients. Fig. 3
shows the PSD of Source 9 (left) in Patient 1, with a SC of 63.2%, and the PSD
of Source 1 (right) in the same patient, with a lower SC of only 18.03%. Clearly,
Source 9 satisfy the hypothesis mentioned above, with a main peak frequency of
5.86 Hz.

Summarizing, Table 4 shows the results of the three methods for the most
representative source of the AA. In this table we see that only in Patient 1 the
three methods match. In the other patients one of the methods does not agree.
The possible causes for this will be discussed in the next section.
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Fig. 3. PSD for Source 9 (left) and Source 1 (right) in Patient 1

4 Discussion

AF is a cardiac alteration that is characterized by uncoordinated atrial acti-
vation. On the ECG, AF is seen as the replacement of consistent P waves by
rapid oscillations, known as fibrillatory waves, that vary in amplitude and fre-
quency components. Furthermore, anatomical differences between patients give
us a source of variabilities in the measurements. This is due to slight variations
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Table 2. Correlation coefficients for the selected sources

Patient/Source

Leads 1/9 2/12 3/12 4/8

I -0.041 0.247 0.044 -0.100
II -0.129 0.118 0.066 -0.023
III -0.125 0.040 0.017 0.038

aVR 0.114 -0.139 -0.054 0.085
aVL 0.076 0.131 0.031 -0.067
aVF -0.074 0.095 0.082 0.011
V1 0.439 -0.256 0.103 -0.385
V2 0.115 0.114 0.002 -0.062
V3 0.067 0.150 0.011 -0.016
V4 0.008 0.174 0.035 -0.001
V5 0.023 0.167 0.026 0.003
V6 0.023 0.141 0.016 0.009

Table 3. Spectral concentration (SC) in percentage for every source in all patients

Patient

Source 1 2 3 4

1 18.03 25.45 10.04 14.36
2 16.80 27.76 22.50 23.65
3 16.06 27.35 15.56 14.25
4 10.62 26.32 13.14 14.39
5 11.47 10.13 9.68 21.25
6 12.35 18.03 22.45 9.49
7 57.14 9.86 6.32 32.41
8 18.10 16.46 25.88 26.29
9 63.20 13.72 27.14 60.99
10 19.81 28.86 11.68 16.30
11 24.60 16.13 26.17 11.07
12 14.86 44.98 9.65 17.32

Table 4. Summary of results for the three methods. Sources shown are those selected
for each method.

Method

Patient Kurtosis corr V1 PSD

1 Source 9 Source 9 Source 9
2 Source 7 Source 12 Source 12
3 Source 12 Source 12 Source 9
4 Source 9 Source 8 Source 9
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Fig. 4. Comparison between Source 8 and lead V1 (left) and between Source 9 and
lead V2 (right). Sources selected by correlation for Patient 4.

in the position of the electrodes in relation to the anatomy of the cardiovascular
system of the patient. All these variabilities directly influence the results from
the proposed methods, thus we use a consensus between these three selection
approaches for AA extraction.

The kurtosis method is an statistical measure, so it is expected that for these
fibri-llatory waves we can have variabilities in the estimation of the kurtosis due
to the potentially non-stationary nature of the physiological process. For Patient
2 we choose Source 7 due to its lower kurtosis, however, Source 12 (chosen by the
other methods) also has a relatively low kurtosis. Although this value is positive,
it is relatively close to Source 7 kurtosis, and still far from values of kurtosis from
VA. Hence, we can conclude that kurtosis is an effective method to discard the
sources that represent the VA, but it is not so accurate to find the source that
represents the AA, due to the intrinsic variablities of this activity.

For the correlation method, the hypothesis we use is that lead V1 is the one
with more visible AA. As we mentioned, it is possible to have variabilities in
anatomical characteristics, resulting in changes of the direction of the electrical
vector, projecting lower or higher AA components to the different leads. Lead
V1 is not the exception to this problem, so the visibility of AA in this lead will
vary for different patients. In Patient 4, Source 8 has the higher correlation with
V1, however, the other methods indicate that Source 9 is the most representative
source for AA. From the analysis, we found that in this patient, Source 9 has the
higher correlation with lead V2. From the above reasoning, we can argue that
in this case lead V2 has more visible components of AA. In Figure 4 we show
both cases, where clearly lead V2 meets this argument. Also, Source 9 presents
a noiseless fibrillatory waves, with a frequency of approximately 7 Hz, matching
with the PSD results.

The PSD method is specially sensitive to variabilities in frequency, so it is
logical to expect variabilities in the PSD for different cases of AF. However, it
is well known that the spectrum of the AA during AF is concentrated between
4 and 9 Hz. In Patient 3 we observe that the SC values for all the sources are
under 28%. This means that we have a scattered spectrum, giving lower SC
for the range between 4 and 9 Hz. Figure 5 shows the PSD for sources 9 (left)
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Fig. 5. PSD for sources 9 (left) and 12 (right) in Patient 3. Source 9 have a peak at a
frequency of 0.6 Hz, and a secondary peak at 7.4 Hz. Source 12 presents a peak at 0.6
Hz and a scattered distribution in the rest of the spectrum.

and 12 (right) in Patient 3. Source 9 is the one selected by the PSD method,
whilst Source 12 is the choice for the kurtosis and correlation methods. It is clear
that Source 9 is not the correct signal for AA, since it has a considerable low
frequency peak that can not be a component of AA. Aditionally, Source 12 was
chosen with a kurtosis value that is not conclusive for the selection, and with
correlation method ocurrs the same, where its greatest value is 0.103. Therefore,
we have a complicated case for AA extraction, that can easily lead in a complete
disagreement of the three methods.

5 Conclusion

In this paper we proposed a reliable extraction of AA during AF. This reliability
is based on the use of a consensus between three selection approaches which
reduces the effect of the expected variabilities.

The results obtained in this paper are the beginning of a research work which
aims to classify AF signals into well-defined subgroups or classes. For the design
of a succesful classifier, we need reliable data, from which feature extraction can
be done. In that sense, if for a certain AF signal we have a complete disagreement
in the results for the three methods proposed, that signal should be discarded.

We trust that the proposed approach will allow for a consistent AA extraction,
thus permiting us to move to the next stage of AF classification.
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