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electrodes (72×71/2 electrode pairs), can be very time-consuming and inefficient, since

a much smaller subset of the electrodes (which can also vary with time depending on

the location of the fetus, shape of the abdomen, or stage of pregnancy), may be suffi-

cient to extract the required ‘information’. Based on these facts, an electrode selection

strategy was recently proposed to reject the channels which correspond to the maternal

ECG, by minimizing the mutual information (MI) between the different electrodes and

a reference channel reflecting the ‘pure’ maternal ECG [3]. The method was proposed

as a preprocessing for applying ICA to the multi-channel recordings.

On the other hand according to the dipole theory of the heart, it is known that the

electrodes placed on the body surface receive projections of the cardiac dipole vectors,

depending on their relative positions with respect to the maternal and fetal hearts. This

suggests that the ‘pure’ maternal and fetal signals are not unique for all electrodes.

Consequently the recordings obtained from each of the abdominal electrodes should

be compared with their own corresponding reference, rather than a single reference that

is shared by all the sensors.

In this work, the problem of electrode selection has been revisited, by considering the

3-dimensional shapes of the cardiac dipole. For this, the reference channels have been

customized for each of the recording channels and the MI of each channel has been

calculated with respect to its corresponding reference. Moreover, the channel selection

strategy has been modified by preserving the channels having the lowest MI with the

associated maternal ECGs and, at the same time, the highest MI with the fetal ECG to

avoid selecting highly noisy signals. The effectiveness of the proposed method has been

verified by extracting the fetal components from the selected electrodes by using ICA.

BACKGROUND

The Vectorcardiogram vs. the Electrocardiogram

The electrical activity of the cardiac muscle and its relationship with the body surface

potentials, namely the Electrocardiogram (ECG), has been modeled with different ap-

proaches ranging from single dipole models (SDM), to activation maps [4]. Among these

methods, the simplest and yet the most popular is the SDM, which is believed to explain

80%–90% of the representation power of the body surface potentials [5]. The ECG and

the vectorcardiogram (VCG) are also based on this model. According to the SDM, the

cardiac electrical activity may be represented by a time-varying rotating vector, with its

origin located at the center of the heart and its end sweeping a quasi-periodic region in

the space. The dipole model is a mean of modeling the heart source, and in order to

analyze the electrical recordings on the body surface, an additional model is required for

the propagation of the heart potentials in the body volume conductor. By assuming this

volume conductor as a passive resistive medium which only attenuates the source field

(no delays, no reverberations, etc), any ECG signal would simply be a linear projection

of the cardiac dipole onto the direction of the recording electrode axes.

A 3-D vector representation of the ECG, namely the VCG, is also possible by using

three of such ECG signals. Basically any three linearly independent set of ECG elec-

trodes can be used to construct the VCG. However in order to achieve an orthonormal
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representation which resembles the dipole vector, a set of three orthogonal electrodes

which best match to the three body axes are selected. The Frank lead system, or the

corrected Frank lead system which has better orthogonality and normalization, are con-

ventional means of recording the VCG [6]. In a recent work [7], a realistic model of the

adult ECG and maternal abdominal recordings has been developed based on the SDM.

The model consists of 3-dimensional dynamic models for the maternal and fetal cardiac

dipoles and the maternal body volume conductor. We have used this model to verify the

effectiveness of the MI criterion for localizing the best sensors which contain the most

information about the fetal heart with the least maternal ECG contaminants.

Application of Independent Components Analysis and Mutual

Information for ECG Signals

Mathematically Independent Component Analysis (ICA) always gives a solution for

the most independent sources contributing to a linear mixture of signals. However when

applying ICA to multivariate ECG recordings, the interpretation of the extracted sources

and the extraction of meaningful clinical measures from these components need closer

study of the ECG and the VCG. In some previous studies, it has been shown that by using

the dipole model of the heart, the body surface potentials can be linearly related to the

cardiac dipoles [1, 5, 8]. In [8], it is further shown that with appropriate baseline wander

removal, the columns of the mixing matrix extracted by ICA correspond to the most

representative axes of the VCG loop scatter, which are closely related to the directions

of the main planes in the VCG space.

There are several means of measuring the independence between random variables

[9], however the Mutual Information (MI) has interesting properties that are specifically

suitable for the problem of interest [10]. Considering two random vectors (or scalars) X

and Y , with the joint probability density function pX ,Y (x,y), and the marginal densities

pX(x) and pY (y), the MI is defined as follows:

I(X ,Y ) =
∫ ∫

pX ,Y (x,y)log
pX ,Y (x,y)

pX(x)pY (y)
dxdy. (1)

One of the interesting properties of MI, is the independence with respect to re-

parameterizations [10]. This means that if X ′ = F(X) and Y ′ = G(Y ) are invertible

transformations, we have:

I(X ′
,Y ′) = I(X ,Y ). (2)

These equations hold for both scalar and vector variables of arbitrary dimensions [10].

According to the SDM and by assuming a linear propagation medium, up to 80%–

90% of the representation power of the body surface potentials can be achieved through

a linear combination of these signals. This implies that with a good approximation, the

VCG representations constructed from any set of 3 linearly independent reference ECG

leads can be linearly mapped to the standard orthonormal VCG representation VCG0(t),
as follows:

VCG(t) ≈ A ·VCG0(t), (3)
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where the approximation results from assumptions of SDM that are not exactly fulfilled

in practice. In this model the 3× 3 transformation matrix A depends on the location

of the electrodes and the attenuation of the body volume conductor. The well-known

Dower transformation and its inverse which are used to map the standard ECG leads

and the Frank leads, are the evident results of this approximation [11]. Now by using (1)

and (2), if we calculate the MI between any noisy recording x(t) and any set of reference

VCGs (neither necessarily orthogonal, nor orthonormal), we find the following result:

I(x(t),VCG(t)) ≈ I(x(t),A ·VCG0(t)) = I(x(t),VCG0(t)), (4)

where the approximation is again due the approximation in (3). Moreover according to

(2) the transformation between VCG(t) and VCG0(t) only needs to be invertible and

not necessarily linear. The interesting interpretation of this equation is that as long as a

unique and invertible transformation (either linear or nonlinear), exists between two sets

of VCG recordings, its MI with any of the recording channels is robust to the changes

and movements of the reference VCG channels. This point is practically important, as

the reference electrodes can either move or have slight location differences in different

recordings.

ELECTRODE SELECTION STRATEGIES

As explained before, there are totally 71 channels of real recordings available. In prac-

tice, it happens that some of the electrodes are detached from the maternal body, making

there corresponding channel totally noisy. These electrodes should be eliminated before

the main processing, leaving N 6 71 channels for the processing.

The electrode selection strategy originally suggested in [3], uses a unique reference

signal for the rejection of the channels which contain the most mutual information with

the maternal ECG. However according to the 3D representation of the VCG presented

in previous sections, it is now clear that the different electrodes are recording the

projection of the cardiac potentials from different angles. Hence, although they are all

time-synchronized, the maternal ECG contribution in the recordings may have totally

different shapes depending on the associated sensor’s location. This means that a unique

maternal reference template is not sufficient for all channels. Ideally, we would like to

have an appropriate reference channel for each of the electrodes. Unfortunately the idea

of using a specific reference for each electrode can only be achieved on simulated data,

and it is not applicable to real ECG recordings. However, a suitable compromise is to

use a set of 3 reference recordings such as the 3 signals captured from the standard Frank

lead electrodes and compare each of the channels with its corresponding reference.

For real recordings, in order to select the channels with the least interference from the

maternal components, two experiments have been carried out. In the first experiment we

select the set of reference electrodes R = {r1(t),r2(t),r3(t)}, being three typical signals

obtained via the Frank lead sensors from a pregnant woman. For the case where the

Frank lead recordings are not valid, synthetic Frank lead references can be generated by

passing a train of pulses which are time-synchronized with the R-peaks of the mother,

through systems with impulse responses similar to the typical signals of the Frank lead

electrodes. The output of this system can be used as the three reference channels for the
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maternal ECG. Using these reference signals, each of the N channels are classified to

one of the three classes labelled 1, 2, and 3, as follows:

∀x ∈ X , C (x)
.
= argmax

j∈{1,2,3}
|corr(x,r j)|, r j ∈ R. (5)

Accordingly, each channel is assigned to the class with which it has the largest correla-

tion with its reference signal, and for further calculations the MI is calculated between

each channel and its corresponding class reference. This pre-classification is used in the

following iterative channel selection.

Assuming that X ′ = {x′1, . . . ,x
′
k−1} is the set of k − 1 already selected signals, the

k-th signal x′k is selected as follows:

x′k
.
= argmin

x j∈X \X ′

{

I(x j,rC (x))+
k−1

∑
i=1

I(x′i,x j)
}

, x′i ∈ X
′
,rC (x) ∈ R (Maternal rule 1).

The intuition behind the first term in this equation is to find the most independent

channels (in terms of MI), which contain the least information about the maternal

components, while the second term assures that the selected channels are not redundant

and contain information which was not provided by the previously selected channels.

In a second experiment, we artificially extend the number of references from n(R) = 3

to n(R) = N as follows. According to the SDM explained in previous sections, if only

the maternal heart was active, the signals recorded from the maternal body could be

approximated by:

x(t) ≈ H ×VCG(t), (6)

where x(t) ∈ R
N is the array of recorded signals, VCG(t)

.
= [r1(t),r2(t),r3(t)]

T is the

3D maternal VCG that can be obtained via the Frank orthonormal representation, and

H ∈ R
N×3 is the transfer matrix depending on the propagation medium and sensor

locations, which may be found by solving the following least squares problem:

Ĥ
.
= argmin

H

‖x(t)−H ×VCG(t)‖. (7)

Note that if we consider ĥi as the ith row of Ĥ, ĥi×VCG(t) is the local maternal ECG

reference for the ith recorded signal xi(t). This result leads us towards the second sensor

selection strategy. Again, assuming that X ′ = {x′1, . . . ,x
′
k−1} is the set of k−1 selected

signals, the k-th signal x′k is selected as follows:

x′k
.
= argmin

x j∈X \X ′

{

I(x j, ĥi ×VCG(t))+
k−1

∑
i=1

I(x′i,x j)
}

, ∀i,x′i ∈ X
′ (Maternal rule 2).

Using any of the maternal rules (1) or (2), the channels containing the least MI with

the maternal signals are achieved. However this is not enough to ensure that a channel

contains fetal components, since highly noisy signals which neither correspond to the

maternal nor the fetal components can also be selected by such criteria. In order to solve

this problem, we need some additional information concerning the fetal components.
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For the moment, lets suppose that we had one or more fetal references defined by the set

R ′, similar to the maternal references considered above. In this case, the signal which

contains the most information about the fetal components could be found as follows:

x′′
.
= argmax

x′j∈X ′

{

I(x′j,rC (x′j)
)
}

, r′
C (x′j)

∈ R
′ (Fetal rule 1).

This rule may be applied several times in order to find the best M < n(X ′) channels

containing the most information about the fetus, by each time removing the selected

channel from X ′ and applying the rule to its remaining members. Note that in the

fetal rule, we no longer considered the minimization of the mutual information with

the previously selected channels, since the fetal components are very weak and even

minor information concerning the fetal components should not be lost.

Now the remaining problem is how to find a set of fetal reference potentials. As

mentioned before, for simulated recordings we have the fetal and maternal references for

each channel; however for real recordings no a priori reference is available for the fetus.

In order to find a fetal reference we can apply ICA to the total N-channel database or to

the channels selected by the maternal rules. This usually provides at least one channel

which corresponds to the fetal components and may be used as a single fetal reference.

Moreover the R-peaks of the fetal components may also be detected from this single

component and used to make a synchronous averaging of the different channels. In fact

due to the quasi-periodic shape of the ECG, when we average the different channels

synchronous with the fetal R-peaks, the SNR of the fetal components are improved;

leading to an average ECG waveform which can be used as the reference for each

channel. Next, as mentioned before, we can use these average waveforms together with

the R-peak pulses to achieve synthetic references for each channel1.

RESULTS

The recording system consists of 72 electrodes placed in a grid of 8 columns and 9

rows throughout the maternal abdomen and back. The signals recorded from each of

the 2 neighboring electrode pairs are amplified by a differential amplifier and sampled

at 1kHz with a resolution of 12-bits. Accordingly 71 differential channels are achieved,

which are transferred to a computer for further processing. Note that, from this electrode

configuration, it is possible to reconstruct the potential difference between any pair of

the original recording electrodes, through a linear combination of the recorded signals,

meaning that a total combination of 72×71/2 differential pair of recordings is possible.

Some of the electrode selection strategies developed in the previous section have

been tested on real recordings. The studied database consisted of 71 recordings. Due

to the detachments of some electrodes from the skin of the pregnant woman, 13 of

these channels were totally noisy channels which were detected and removed through

the preprocessing. From the remaining set X of 58 channels, the maternal R-peaks

1 The idea of synchronous averaging may also be used as an alternative means of achieving the maternal
references for each channel. However we have not considered this approach in this paper.
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(a) (b) (c)

FIGURE 1. Typical segment of fetal ECG components extracted by ICA from various sets of sensors

using the ICA inputs as (a) X ; the 58 signals with relevant information, (b) the 20 signals selected using

maternal rule (1) from X , (c) ICA inputs were the 10 signals selected by applying fetal rule (1) from the

20 ones obtained through maternal rule (1).

were detected and the three Frank reference signals were generated by using the R-

wave train of pulses. Using these adapted references, these channels were classified

into one of the three classes based on equation (5). In this stage, 47 of the channels

were classified to the first class, 6 to the second, and 5 to the third. Next the 20 ones

having the least interference from the maternal ECGs were selected by using maternal

rule (1). From these 20 channels, 6 were chosen with fetal rule (1); for this stage, the

fetal component obtained by running FastICA on the 58 recordings set was chosen as

a unique fetal reference2. This ‘full-set’ ICA has only to be applied once, to build the

reference, which can then be used exactly as the Frank leads. Note that if one selects 10

signals from X using maternal rule (1), JADE does not retrieve any fetal component

from the selected recordings; without the fetal rule (1), 20 signals have to be selected by

maternal rule (1) in order that JADE gives a fetal component. By contrast, our results

indicate that selecting 10 signals using maternal rule (2) from X is sufficient: a fetal

rule is not needed here. Indeed, both methods maternal rule (1) + fetal rule (1), and the

maternal rule (2) alone, give globally similar signals. Specifically for K = 10, 7 sensors

are common to both sets. Typical fetal components extracted by the different methods

can be seen in Fig. 1. We can see in this figure that the SNR is slightly better in the signal

extracted from the total 58 channels; but the fetal components have still been extracted

by using a selected subset of 10 channels.

DISCUSSIONS AND CONCLUSIONS

In this paper, the extraction of the fetal ECG from a large array of sensors is investigated

in the ICA framework. In order to address this problem in real-time, a selection of few

sensors from the array is considered. In order to perform an ICA method on a subset of

say k ≪ N recordings, an ad-hoc selection strategy has to be developed, since applying

ICA on a randomly selected subset of k recordings does not give a fetal component,

except when k is rather high (close to N). This paper extends previous works on sensor

selection strategies. The presented approaches use multidimensional references inspired

2 It should be noted that in this stage, due to the high dimension of the dataset, FastICA was preferred to
JADE.
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by a detailed analysis of the cardiac signals and their dimensionality. The proposed

strategy is proved on real-world data. Contrary to a random selection technique, our

method gives a small subset which contains fetal information. Indeed, in spite of a strong

dimensionality reduction of the ICA input space, the fetal component has been retrieved.

The method is hence believed to be useful for the selection of the most informative

channels in online applications, considering the different fetal positions and movements.
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