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Abstract — Fetal Magnetocardiography (fMCG) allows the 
non-invasive recording of the weak magnetic field variations 
associated with the electrical activity of the fetal heart. We used 
Independent Component Analysis (ICA) for the separation of 
maternal and fetal signals from fMCG recordings. The 
identification of fetal components is essential to reconstruct 
fetal signals. In this work we present a tool for the automatic 
classification of independent components (ACCT). Its 
performances were assessed using 66 fMCG data sets of 
normal fetuses ranging between 22 and 37 weeks. ACCT, 
whose outcomes were compared with those manually obtained 
by an expert investigator, showed to be an effective tool. 
Moreover, ACCT implementation permitted the reconstruction 
of stable and reliable fetal traces in a completely automatic 
manner. The SNR of the obtained fetal signals was high, 
showing that this was a further step forward the use of fMCG 
in hospital settings.  
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I.  INTRODUCTION 
 

 Fetal magnetocardiography (fMCG) has demonstrated 
its effectiveness for the noninvasive assessment of the 
electrophysiological activity of the fetal heart, thus 
providing signals that can be useful for antenatal monitoring 
[1-2]. It is performed above the maternal abdomen, and 
provides recordings that are linear mixtures of signals 
related to maternal and fetal cardiac activity and to 
background noise.  
 One of the most important problems to be solved before 
the adoption of fMCG in clinical settings is the dependable 
separation of stable and low-noise fetal cardiac signals. 
Several processing techniques have been used, such as the 
correlation method, an eigenvector based spatial filtering, an 
adaptive maternal beat subtraction [3-5], but the 
reconstructed traces are often noisy and fetal signals need to 
be averaged in order to characterize cardiac waves; 
however, averaging entails a loss of information on single 
cardiac cycles and prevents an on-line monitoring of the 
fetal cardiac function. 
 As an alternative, the authors already proved that a 
technique based on an independent component analysis 
(ICA) could be effective in reconstructing the complete time 
course of fetal magnetocardiographic signals for singleton 
and twin pregnancy, and also in case of fetal arrhythmias  
[5-10].  

 An engineering implementation of this ICA-based 
method would be desirable for a broader clinical application 
of fMCG. Nonetheless, this implies that the entire procedure 
should be completely automatic, whereas at present it still 
relies on the investigator’s identification of fetal components 
among those retrieved with ICA.  
 However, the classification of independent components 
(IC) is not trivial, and several factors, related to the 
characteristics of the processing technique, might prevent an 
effective and reliable implementation of an automatic 
procedure.  
 In this paper, a tool for the automatic classification of 
independent components retrieved with ICA from fMCG 
recordings is described. It allowed reconstructing fetal 
cardiac signals in a completely automatic manner. The 
ACCT performances were validated on 66 fMCG data sets 
spanning from 22 to 37 gestational weeks, and its outcomes 
were compared with the results of a manual categorization 
procedure. 
 
 

II.  METHODS 
 

FMCG acquisitions were performed with a flat multi-
channel system operating in a magnetically shielded room. 
Each sensor was a low-temperature dc-Superconducting 
Quantum Interference Device (dc-SQUID) integrated 
magnetometer able to detect magnetic field variations from 
0.01 pT to 100 pT, with an overall white noise density of 
about 5 fT/Hz

1/2
 above 60 Hz [11]. Fifty-five sensors, 

homogeneously arranged on a circular surface with 415 cm2 
area, provided 55 simultaneous recordings. Each acquisition 
lasted from 5 to 10 minutes and was recorded at 1 kHz 
sampling frequency in the bandwidth 0.016-250 Hz.  
Sixty-six fMCG data sets of uncomplicated pregnancies 
with gestational age between 22 and 37 weeks were used for 
the present study, which had been approved by the Ethics 
Committee of our University. All volunteers signed a 
written informed content before undergoing fMCG 
examination 
FMCG recordings were pre-processed with a band-pass 
filter between 0.4 Hz and 150.0 Hz for background noise 
reduction [5-7]; a notch filter at 50 Hz was also used for 
power line disturbance elimination.  

Independent Component Analysis (ICA) was used for 
fetal signal extraction from fMCG datasets [5-10]. In 
standard conditions, ICA assumes linear mixtures of the 
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source signals, and solves the separation problem with 
vectorial operations. The ICA model is described by: 

 

n(t)s(t)A x(t) +=  (1) 

where s(t)=[s1(t),…,sm(t)]T is the vector of source signals, 
x(t)=[x1(t),…,xn(t)]T  stands for the vector of mixtures, n(t) 

is the noise vector and A denotes the [n´m] mixing matrix 
[5-6]. The minimal a-priori information which is required is 
the independence of the source signals, and the fact that at 
most one signal may have Gaussian distribution. The second 
fundamental condition is that the number of independent 
components has to be at most equal to the number of 
recorded signals [5-6]. 

Among the available algorithms suitable to this purpose, 
the Fixed-Point Independent Component Analysis (FastICA) 
algorithm, that applies a fixed-point iteration rule to estimate 
all ICs, was chosen because of its speed in achieving 
convergence [5-6]. In the present study, 6 ICs were 
estimated by means of FastICA for each fMCG acquisition, 
using the complete dataset of 55 recordings. 

After all ICs have been retrieved, each of them was 
ascribed to the appropriate source. The fetal trace was 
restored summing the components related to fetal heart. The 
SNR of the reconstructed fetal signals could be further 
improved with a smoothing procedure based on a Kaiser 
filter working with a moving window [5,13]. 

As regards the classification of ICs, the manual 
procedure was performed by an expert investigator, who 
used three signal categories: fetal cardiac activity, maternal 
cardiac activity and noise; information about the number 
Nman of classified components was collected for each group. 

Therefore, the automatic procedure for the classification 
of components was based on the analysis of their structure 
in frequency and time. 

Information in frequency domain was used to identify 
the components related to noise, but also maternal and fetal 
components affected by too much noise and consequently 
inappropriate for signals reconstruction. 
For each component, the power PLF of the spectrum between 
10 and 40 Hz, where cardiac signal frequencies are largely 
included [12], and the power PHF of the spectrum between 
110 and 140 Hz, where frequencies due to cardiac activity 
are usually negligible [12], were estimated.  
In general, gaussian noise components have PLF almost 
equal to PHF, whereas cardiac components have PLF >> PHF, 
although in real cases a residual noise contamination may be 
observed. The ratio PLF/PHF  was compared with a 
parametric threshold h to distinguish maternal and fetal 
cardiac components from noise components and cardiac 
components of insufficient quality; the latter ones satisfy the 
condition 
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By setting h equal to 3, gaussian noise components and 
noisy cardiac components with SNR lower than 5 dB could 
be selected according to (2). 

The analysis in the time domain allowed separating the 
components defined as cardiac in two categories: one related 
to maternal cardiac activity, and the other to fetal cardiac 
activity; differentiation was attained calculating the average 
cardiac cycle length (RR interval). 
After smoothing the components with a Kaiser filter [13], 
QRS complexes were categorized in each component 

calculating the quantity )t(s)t(s)t(z &= in a moving window 

of 1200 ms. For each window, a threshold b(t) was set equal 
to half the local maximum z(t) value, so that, counting the 
number N of time intervals where z(t) > b(t), the number of 
QRS complexes in the analyzed component could be 
calculated; indeed, N corresponded to the total number of 
cardiac cycles. The average heart rate HRave, given in beats 
per minute (bpm), was then estimated as: 
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where k=60000 in case the instants ti , corresponding to peak 
ventricular depolarization, were expressed in milliseconds. 
Fetal and maternal components could be differentiated on 
the basis of HRave: the ones with HRave greater than 120 bpm 
were classified as fetal, whereas the ones with HRave ranging 
from 50 bpm to 120 bpm were classified as maternal. This 
method also allowed recognizing non-gaussian noise 
components, such as SQUID spikes or baseline shifts, since 
they commonly have HRave values lower than 5 bpm. 

For each fMCG data set, the results of ACCT were 
compared with those of the manual classification.  
The number Ntot of components classified with ACCT was 
calculated for each fetus. The accuracy of ACCT was 
verified comparing all values obtained for Ntot with the 
corresponding values of Nman; the numbers Ncorr of 
components correctly identified with ACCT were also taken 
into account. 
The performance of ACCT was further estimated using an 
index representing the percentage of missed independent 
components (MIC), that is the number of components that 
ACCT failed classifying with respect to the investigator’s 
categorization (true negatives); it was defined as: 
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with Ncorr < Nman . 
A second index represented the percentage of incorrectly 
classified independent components (ICIC), corresponding to 
the percentage of components misidentified with ACCT 
(false positives); it was given by: 
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with Ntot > Ncorr .  
 
 

III.  RESULTS 
 

 The quality of ICs retrieved from two recordings data 
sets of fetuses at 27 and 36 weeks is shown in Figure 1, as 
well as the classification provided by ACCT. The 
corresponding fetal signals reconstructed using the 
completely automatic procedure are presented in Figure 2. 
The method provided clear and stable fetal traces, allowing 
the analysis of the entire time course of the signals. 
Smoothing the traces enabled a further improvement of the 
SNR without any loss of information. 
 Table 1 summarizes the results of the assessment 
performed on ACCT outcomes. The performance 
parameters were grouped in 4 classes of increasing fetal age, 
and used to produce a summary in function of gestational 
period. 
For each gestational group and for each signal category 
(fetal, maternal, noise), the total number of components 
detected with ACCT (Ntot) and the number of those correctly 
classified (Ncorr) can be compared with the numbers obtained 
manually (Nman), with only one wrong classification for a 
data set at 24 weeks. Consequently, the only percent values 
of true negatives and false positives that differ from zero are 
related to fetal components detection during early 
gestational age. Maternal components were always correctly 
detected.  
 As regards computation speed, ACCT showed to be a 
fast method, scoring a processing time reduction of about 
1:10 with respect to the manual procedure. 
 
 

IV. DISCUSSION 

 
 The ICA method allowed the extraction of clear and 
stable independent component, that could be ascribed to the 
signals sources: maternal heart, fetal heart, environment. 
The categorization of ICs in three groups, i.e. maternal 
signal, fetal signal and noise, is strongly affected by the 
quality of the FastICA output, and indirectly by the quality 
of the fMCG recordings.  
The ICA performances in the separation of components can 
be qualitatively appreciated from Fig.1. The absence of 
interference between signals has surely a positive effect on 
the categorization procedure, be it manual or automatic, and 
also on the SNR of reconstructed traces (Fig.2). 
 The effectiveness of the tool proposed for the automatic 
classification of independent components can be appreciated 
from the values reported in Table 1. 

The results showed a general agreement between the manual 
and the automatic procedure. In the study, a single error 
refers to a fetus at 24 weeks, for which the fetal component 
was affected by residual noise, provoking ambiguous 
interpretations. 
 From this perspective, it is worth noting that ACCT 
performances may be sometimes superior to those obtained 
with a manual classification. In fact, the investigator’s 
categorization may be incorrect in rare cases: he is generally 
able to identify components by visualizing them for a small 
number of consecutive cardiac cycles, and consequently 
uses only a part of the traces time course. Conversely, 
ACCT, being based on analytical rules both in frequency 
and time domain, utilizes all available information from the 
ICs, though preserving lower processing times. 
 

Fig.1 – Examples of independent components retrieved with ICA. 
Data refer to two patients at 27 weeks (top) and 36 weeks (bottom). 
For each trace, classification provided by ACCT is given on the right 

side. 
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V.  CONCLUSION 

 

ICA is a signal processing technique particularly 
suitable for the reconstruction of cardiac fetal traces from 
fMCG recordings. We demonstrated that it is able to provide 
fetal signals, that can be useful for a number of clinical 
applications [7-10].   

Nonetheless, the procedure that we developed for fMCG 
still relied on the investigator’s experience for the 
identification of fetal ICs, a task that is the crucial for the 
entire ICA method. 

The automation of the procedure for independent 
components classification allowed reconstructing fetal 
signals without any operator control. ACCT showed to be 
reliable and fast, and will contribute to the implementation 
of an on-line fetal trace reconstruction during acquisition 
sessions. This result will surely have an invaluable impact 
for a wide application of fMCG in prenatal care.  
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fetuses as in Fig. 1; the fetal components identified by ACCT have 
been used for a completely automatic procedure. The same traces 
after smoothing are also shown. 

Table 1. Comparison between manual and ACCT classification of 
independent components into signal categories: fetal signal, 
maternal signal and noise. Data refer to fMCG recordings 
performed during the same gestational period. 
 
 

Gestational period (weeks) 22-25 26-29 30-33 34-37 

Number of datasets   13   16  18  19 

 Fetal 14 17 20 21 
Manual - Nman Maternal 20 26 33 35 
 Noise 44 51 55 60 

 Fetal 13 17 20 21 
ACCT - Ntot Maternal 20 26 33 35 
 Noise 45 51 55 60 

 Fetal 13 17 20 21 
ACCT - Ncorr Maternal 20 26 33 35 
 Noise 44 51 55 60 

 Fetal 7.1% 0% 0% 0% 

MIC Maternal 0% 0% 0% 0% 

 Noise 0% 0% 0% 0% 

 Fetal 0% 0% 0% 0% 

ICIC Maternal 0% 0% 0% 0% 

 Noise 2.3% 0% 0% 0% 
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