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Abstract— Fetal magnetocardiographic (fIMCG) signals are
complex signals that reflect the electrical activity of the fetal
heart. Due to the SQUID’s (Super-conducting QUantum
Interference Device) ability to detect minute changes in the
magnetic fields of the surrounding environment and placement
of the sensors over the maternal abdomen, many mixtures of
maternal and fetal signals are present in fMCG recordings. In
order to investigate the fMCG without interference from the
maternal MCG and other sources, signal processing techniques
must be implemented to either separate the various
contributing sources or attenuate the maternal MCG. Various
independent component analysis (ICA) algorithms and signal-
space projections techniques were compared for ability to
identify the maternal MCG and fMCG component or attenuate
the maternal MCG component without affecting the amplitude
or timing of the fMCG signal. Our findings indicated that all
tested algorithms allow the user to identify the fMCG in the
majority of the cases tested, but attenuation of the maternal
MCG by orthogonal projection of the signal-space vectors
proved superior to all of the ICA algorithms tested.

Keywords—tetal magnetocardiocardiograpy, Independent
component analysis, projection operators, signal-space
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I. INTRODUCTION

In 1974, Kariniemi et al., [1] reported the use of SQUID
magnetometers to record the magnetocardiogram (MCQG)
corresponding to the magnetic field of the fetal heart. Fetal
magnetocardiographic (fMCG) signals are complex signals
that reflect the electrical activity of the fetal heart and are
performed using SQUID (Super-coducting QUantum
Interference Device) sensors located in close proximity to
the maternal abdomen. The first SQUID system designed
specifically for fetal and maternal surveillance was SARA
(Squid Array for Reproductive Assessment). SARA was
specifically designed for detection of fetal brain signals
which typically range from 10 to 180 fT [2-4]. The system
is therefore, highly sensitive to changes in the surrounding
magnetic field, making it ideally suited for recording the
fMCG which typically has values 5 to 10 pT.

Due to the ability of the SQUID to detect minute
changes in the magnetic fields of the surrounding
environment and placement of the sensors over the maternal
abdomen, many mixtures of maternal and fetal signals are
present in the SARA recordings. Based on amplitude, the
most obvious signals are the maternal and fetal cardiac
signals. To study the fMCG with no influence from
maternal MCG, methods must be employed to either

separate the signals into the desired components or the
undesired signals must be attenuated using signal-processing
methods.

SARA’s large 151 sensor array and location of the
sensors in relation to the maternal heart and abdomen enable
the maternal MCG to be recorded by the majority of the
sensors. These conditions give SARA the advantage of
being able to record the maternal MCG with superior spatial
resolution, but also pose a problem for analysis of the
fMCG. Due to the strength of the magnetic field
corresponding to the maternal MCG, the fMCG is always
mixed with maternal signals and cannot be characterized
without signal-processing. The goal is to compare various
methods of signal separation and attenuation using data
collected from SARA’s 151 channel sensor array. The
various methods that are discussed are independent
component analysis (ICA) and orthogonal attenuation of
spatial vectors. These methods have been used in various
areas of signal-processing, but application to fMCG
recordings using a large number of sensors has not been
sufficiently  explored. = Several  publications  have
demonstrated the use of ICA for processing of fMCG from
smaller arrays, and tailoring of FastICA for fMCG [5-7].
Also, Comani et al., [7] compare FastICA, the fixed point
ICA algorithm and adaptive subtraction of maternal MCG,
but no comparison has been performed using the various
available ICA algorithms.

In this paper, we present a comparison of the separation
ability of four ICA algorithms, Infomax [8], JADE [9, 10],
FastICA [11-13], and TDSEP [14, 15]. Attenuation of the
maternal MCG using orthogonal projection of the signal-
space vectors is also included because Samonas et al., [16]
showed that orthogonal signal projection algorithms
(OSPAs) were found to be superior to other methods at
minimizing MCG components in magnetoencephalographic
(MEG) recordings.

II. METHODS

A. SARA system description

The fMCGs were all acquired using SARA, housed at
the University of Arkansas for Medical Sciences. SARA’s
primary sensor array is constructed of 151 1%-order axial
gradiometers with an 8cm baseline covering an area of
approximately 1000 cm®. The sensor array covers a length
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of 45 cm and a width of 33 cm across the maternal
abdomen. In addition to the 151 primary sensors designed

to have a background noise level less than 4 fT /+ Hz ,

SARA consists of 29 reference sensors that are used for
attenuation of environmental and vibrational noise [17]. In
order to provide adequate coverage of the maternal abdomen
and the need for a large number of gradiometers for
excellent spatial and temporal resolution, SARA had to be
designed as a floor mounted system at an inclined angle of
approximately 45 degrees. The pregnant subjects sit on a
specially designed patient support as seen in Fig. 1 that can
be adjusted to allow proper coupling of the maternal
abdomen to the sensor array and to ensure a high signal-to-
noise ratio which is crucial in recording the weak magnetic
signals associated with the fetal magnetoencephalogram
(fMEQG).

Fig. 1. SARA system. Left: Cutaway view showing the 151 primary
sensors. Right: View of the covered sensor array and the patient
support seat.

B. Independent Component Analysis

The ICA algorithms are designed to separate sensor
observations that are linear mixtures of independent source
signals into the independent sources that create the
observations. ICA, also called blind source separation
(BSS), solves this problem by finding a linear coordinate
system so the resulting signals are statistically independent
from each other. Herault and Jutten [18] first introduced the
idea of BSS using an algorithm that was adaptive and used a
simple feedback architecture to blindly separate signals into
independent sources that were unknown. Seeing a need for
improved separation of sources, they later improved the
algorithm to increase speed and accuracy of the separation
[19]. Since the beginning of BSS, many different ICA
algorithms have been developed for various applications,
but few have shown promise in the area of biomedical signal
separation [8, 14, 20-25]. Various approaches have been
taken to approximate the independent components for ICA,
and many of the algorithms were developed for particular
types of data and for specific functions or desires of the
programmer. Some of the more popular ICA algorithms
that are easily implemented and able to handle large
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amounts of data recorded from many sensors, such as SARA
recordings, are the Infomax [8], JADE [9, 10], FastICA [11-
13], and TDSEP [14, 15].

The goal of various ICA algorithms is to estimate the
mixing matrix A that best separates the sources s into the
components creating the observations x according to (1).

x=As (1

After the mixing matrix A is solved, the inverse, W, is used
to acquire the components according to (2).

s= Wx )

The infomax principle was developed by Bell and
Sejnowski [8] and was shown to be equivalent to maximum
likelihood estimation which is based on the fundamental
theory that the observation x is generated from latent
variables s by linear mapping A [26].

Another implementation of ICA is the JADE algorithm,
which is based on joint diagonalization of matrices obtained
from parallel slices of the 4™-order cumulant tensor [27].
The idea of joint diagonalization was originally described by
Cardoso and Souloumiac [10] and separation is achieved by
using ordinary algorithms for eigenvalue matrix
decomposition.

Havarinen and Oja developed a fixed-point iteration
ICA algorithm called FastICA [11]. FastICA finds the
columns of the separation matrix by maximizing the
absolute value of the kurtosis. Besides being very easy to
use, one key aspect of FastICA that makes it a desirable
implementation of ICA is the extremely fast convergence
and high accuracy with minimal number of iterations [13].

The TDSEP (Temporal Decorrelation SEParation) ICA
algorithm [14, 15] relies strictly on the spectral and temporal
characteristics of sources and uses second-order statistics in
the form of time-delayed correlation matrices. TDSEP uses
the idea of simultaneous diagonalization of several time-
delayed matrices [15]. The simultaneous diagonalization is
achieved by first sphering the matrices, then performing a
number of orthogonal transformations or Jacobi rotations.
Sphering transforms the covariance matrix into an identity
matrix, then the remaining correlation matrices can be
diagonalized by a orthogonal transformation.
Implementation of these steps is based on theory first
introduced by Cardoso [28, 29] in the JADE algorithm.

C. Orthogonal projection of signal-space vectors

Another possible method employed to separate the
maternal MCG and fMCG is based on attenuation of the
maternal MCG using orthogonal projection. Attenuation of
the maternal MCG would allow the fMCG to be investigated
with no influence from the maternal cardiac events.
Effective removal of undesired signal in MEG and MCG
using orthogonal projection has been demonstrated in the
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past [16, 30, 31]. To effectively attenuate the maternal MCG
requires several steps. The first step involves manually
selecting a QRS complex corresponding to the maternal
MCQG, selection of a correlation threshold for identification
of corresponding events, and a selection of a threshold used
in calculation of the significant vectors. Next, template
matching is performed to mark the times of correlated
events in all channels and ensemble averaging is performed
to generate a maternal cardiac time series. After the
maternal cardiac time series is created, it is used to calculate
significant signal space vectors using Gram-Schmidt
orthogonalization of vectors [32]. The significant vectors
computed using Gram-Schmidt orthogonalization are
projected from the data until all vectors above the pre-
defined threshold are attenuated. —The fMCG is left
unaltered because the fMCG vectors are dissimilar to the
maternal MCG vectors.

D. Data Analysis

The tested datasets were from 50 subjects with
gestational ages ranging from 24 to 39 weeks. The datasets
were collected from subjects with singleton pregnancies and
no known fetal cardiac or neural developmental anomalies.
The 1% order gradiometer data was collected for six minutes
at a sampling rate of 312.5 Hz using a bandwidth of 0 to 100
Hz. To ensure a smooth baseline, the mean of each channel
was removed in pre-processing. Each dataset was used as
input to the individual ICA algorithms and OSPAs.
Validation of maternal MCG and fMCG independent
components, as well as attenuation of maternal MCG by
OSPA was performed by visual inspection.

III. RESULTS

A. ICA

The ICA algorithms were able to identify a component
corresponding to the maternal MCG, but the algorithms
were not reliable in separating fMCG. All algorithms
identified a maternal MCG component in 100% (50/50) of
the datasets, but the fMCG was not reliably separated.
Infomax and JADE were only able to separate a component
corresponding to the fMCG in 22% (11/50) of the datasets,
and TDSEP found a fMCG component in 48% (24/50) of
the datasets. FastICA proved to be the best at separating the
maternal MCG and fMCG components. FastICA separated
a fMCG component in 52% (26/50) of the tested datasets.

From the initial testing, it was apparent that the ICA
algorithms were able to identify a component corresponding
to the maternal MCG, but the algorithms were not reliable in
separating fMCG. While investigating the results, it was
obvious that the algorithms were separating very many
components that were in the frequency range of 0.1-1.5 Hz,
and the desired signal, fMCG, contains frequencies that are
much greater than these. Some of the components were
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identifiable as maternal breathing, but most appeared less
periodic and seemed to be noise. To overcome these effects,
4 pole high-pass Butterworth infinite input response filter
was implemented with a cut-off of 1.5 Hz.

After filtering, FastICA and TDSEP identified an fMCG
component 88% (44/50) and 82% (41/50) of the datasets
respectively. JADE separation greatly improved and was
able to find an fMCG component in 72% (36/50) of the
datasets and Infomax was successful in 64% (32/50) of the
tested datasets. The results for the ICA algorithms without
high-pass filtering and with high-pass filtering can be seen
in table 1 and Fig. 2.

Table 1. ICA Separation results for various algorithms and filtering.

ICA Algorithm | Component | Unfiltered Filtered
M aternal 100% (50/50) 100% (50/50)
FastICA FMCG 52% (26/50) 88% (44/50)
M aternal 100% (50/50) 100% (50/50)
Infom ax FMCG 22% (11/50) 64% (32/50)
M aternal 100% (50/50) 100% (50/50)
JADE FMCG 22% (11/50) 72% (36/50)
M aternal 100% (50/50) 100% (50/50)
TDSEP FMCG 48% (24/50) 82% (41/50)
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Fig 2. Results of ICA separation of maternal MCG and fMCG for a 26 wk

GA fetus (top) and a 36 wk GA fetus (bottom). In the top figure the fIMCG

can be seen in component 11. In the bottom figure, the fMCG can be seen
in component 6 and component §.

B. Orthogonal Projection

The final method tested on the 50 datasets involved
attenuation of the maternal MCG using orthogonal
projection of the vectors corresponding to the maternal
MCG. The algorithm was written by employees of CTF
Systems Inc., to allow it to be implemented easily on the
proprietary dataset files. the algorithm was successful at
attenuating the maternal MCG in 98% (49/50) of the tested
datasets. In the one dataset that orthogonal projection was
not successful; it was unable to completely attenuate the
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maternal MCG without attenuating the fMCG as well. Fig 3
shows an example of orthogonal projection results.
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Figure 1. Example of attenuation of maternal MCG using orthogonal
projection. The top 4 traces have maternal MCG and fMCG mixed,
and the bottom contains only fMCG.

IV. DISCUSSION

Our findings indicated that all tested algorithms are able
to allow the user to investigate the fMCG in the majority of
the cases tested, but attenuation of the maternal MCG by
orthogonal projection proved superior to all of the ICA
algorithms. Because SARA is designed with high
sensitivity, it is believed that the ICA components that were
below 1.5 Hz may correspond to biological processes like
maternal and fetal breathing, digestive processes, the fetal
brain, and possible biological processes of other organs. All
of the ICA algorithms were successful at identifying
maternal MCG and fMCG in the majority of the datasets
after high-pass filtering of the low frequency.

FastICA was successful in 5 fewer datasets than
orthogonal projection, but was successful in separating a
maternal and fetal MCG component in the one dataset that
orthogonal projection failed at, so FastICA can be an
alternative method when orthogonal projection fails.
Attenuation by orthogonal projection proved advantageous
in ease of operation as well as overall success in attenuating
the maternal MCG.

V. CONCLUSION

The fMCG signals recorded using SARA were
processed with four variants of independent component
analysis (ICA) and orthogonal projection algorithms to
allow the fMCG to be analyzed without maternal MCG
interference. Using 50 fMCG recordings from fetuses with
gestational ages ranging from 24 to 39 weeks and varying
amplitudes and morphology of fMCG signals, the described
signal-processing tools were tested for efficient operation.
The ICA algorithms were able to correctly separate the
fMCG from the recordings in 64-88% of the recordings.
Orthogonal projection was able to attenuate the maternal
MCG without affecting the fMCG in 98% of the recordings,
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proving to be the best alternative for signal-processing the
fMCG. Based on these findings, orthogonal projection is
the preferred method of attenuating the maternal MCG to
allow investigation of the fIMCG.
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