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Abstract— Abdominal recordings of fetal ECG (fECG) have
lower signal-to-noise ratio (SNR) as compared with invasive
procedures. In this paper we have combined two previously
proposed methods, one for extracting fECG, called nCA and
the other, a transformation based on Hilbert transform to
enhance the R-peaks. The combination of these methods seems
to work well in situations of noisy data and fetal repositioning.
Also a comparison is done by using ICA in order to extract the
fetal signals. Performance of both methods is studied separate-
ly. Results show that applying the transformation on the com-
ponents extracted with the use of TCA (after maternal ECG
cancellation), had a very good performance. Also, as nCA
ranks the components according to their resemblance to ma-
ternal ECG, it could be used in automatic fetal ECG extraction
algorithms.

Keywords— Multichannel fetal ECG, R-wave detection, Period-
ic Component Analysis, Hilbert transform.

1. INTRODUCTION

Fetal heart monitoring is an important part of prenatal
care. Sonography and Doppler ultrasound, although being
the most available means of fetal monitoring, contain only
anatomical and mechanical information about the fetal heart.
On the other hand, electrical and magnetic signals generated
by the electrochemical activity of the heart are believed to
reveal much more information. Moreover, cord compres-
sion, fetal heart block, fetal malposition, fetal hypoxia and
some other abnormal situations can also be detected by the
fetal heart monitoring.

Electrical signals of the fetal heart, known as fetal elec-
trocardiogram (fECG), can be recorded invasively using
electrodes attached to the fetal scalp, or non-invasively from
the surface electrodes placed on the maternal abdomen.
Invasive recordings have better quality but the procedure is
rather inconvenient and is limited to during labor [3].

Fetal magnetography (fMCG) is another technique for
measuring the magnetic fields of the heart using extremely
sensitive device such as the Super Conducting Quantum
Interference Device (SQUID). Using the current SQUID
technology for magnetic recordings, the SNR of the fetal
MCG is usually higher than the ECG. However, ECG re-
cording apparatus are much simpler and currently more
affordable as compared with MCG systems.

Commonly, the first step in cardiac signal processing is
the QRS complex detection. In previous works, many single
channel RR-interval extraction algorithms have been devel-
oped for adult ECGs [1, 2]. Most of these algorithms follow
a two-step procedure; first, the ECG signal is passed through
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a digital filter or pre-processing step designed to enhance
the QRS complex with respect to the P and T-waves or
simply to enhance the ECG quality. In the second step, a
template detection method is used to identify the R-wave
positions. For fetal ECG signals, since one of the most con-
siderable interferences found in maternal abdominal record-
ings is the maternal ECG itself, an additional preprocessing
step for removing the maternal ECG interferences is also
required.

In this work, the blind source separation (BSS) technique
proposed in [3, 4] is used to extract the fetal cardiac compo-
nents from abdominal recordings, followed by the Hilbert
transform for R-wave enhancement [2, 5]. Then, using the
multichannel properties of our recordings and enhancing the
fiducial points of the ECG, the detection of the QRS com-
plex is rather straightforward.

The proposed method is carried out on the realistic syn-
thetic ECG proposed in [10, 3].

The rest of the article is organized as follows. In section
II, there is a brief description of the simulated data and then
independent component analysis (ICA), periodic component
analysis (nCA), and the Hilbert methods are reviewed. A
simple description of the proposed algorithm and the peak
detection procedure is presented at the end of this section. In
section III, the results and a brief discussion are presented.

1I. METHODOLOGY

A.  Simulated Data

In this work we have used the multichannel ECG and the
noise generator proposed in [3, 10], for generating simulated
ECGs. The model is as follows:

X(O=Xn (D +Xe(D+a(t)+n(t) ey
=Hm'Rm'Bm'Sm (t)+HfRfoSf(t)+(X(t) +n(t)

where S(t)=[x(t),y(t),z(t)] Contains the 3 components of
the dipole vector of heart, He®™ (with N=8 in this work)
corresponds to the body volume conductor model,
(x=diag(7\x,7xy,kz)e@"3 is a diagonal matrix corresponding to
the scaling of the dipole in each of the %, y, z directions.
Re®™ is the rotation matrix for the dipole vector, with the
subscripts m and f referring to the mother and fetus, respec-
tively. a(t) is low-rank noise, representing other biological
sources that contaminate the ECG, and n(t) is full-rank ob-
servation noise that always exist in physiological measure-
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ments. Using this equation, we simulate eight channels of
abdominal recordings sampled at SO0Hz.

Baseline wander removal was done as the only prepro-
cessing step on the dataset using the OSET tools [6].

B.  Independent Component Analysis (ICA)

Assuming an N-dimensional vector x signals generated
by a mixture of N independent sources s, we can formulate
the mixture as:
x=As 2

ICA uses the observed signals (x) to estimate 4 and s
with the assumption of independence and a non-Gaussian
distribution for the sources [7]. These assumptions are be-
lieved to be fulfilled in fECG recordings because the signal
subspaces corresponding to the maternal and fetal heart are
generated by different sources that act independently of each
other (at least from the signal processing perspective). Once
the matrix 4 has been estimated by ICA, the matrix W=4"
can be computed to obtain the independent components as
follows:

s=Wx 3

C. Periodic Component Analysis (xCA)

Here we describe the problem of 7CA from [3, 4]. Given
an N-dimensional observation vector x(t), we seek for the
linear mixture y(t)=WT x(t) with a maximal periodic struc-
ture that minimizes the following measure of periodicity:

_Zely(t+D-y O
WO="5or ®

where W= [w;,...,wy/ and 7 is the period of interest.

It is known that for symmetric matricesA, Be®™", the
problem of generalized eigenvalue decomposition (GEVD)
of the matrix pair (A, B), consists of finding the matrices W
and D such that
WTAW=D and WTBW=I (5)
where D is the generalized eigenvalue matrix corresponding
to the eigenmatrix W, with real eigenvalues sorted in as-
cending order on its diagonal. Therefore, W is a transform
that simultaneously diagonalizes A and B. Moreover, the
first eigenvector w; corresponding to the largest generalized
eigenvalue, also maximizes the following ratio known as the
Rayleigh quotient [8]:

wTAaw
WTBW

j(W)= (6)

ECG signals have a pseudo-periodic structure that is re-
peated in every cycle. However, normal ECG can have RR-
interval deviations up to 20% [3], which means that we

should define a time-varying period updated on a beat-to-
beat basis. For this, by detecting the R-peaks of the ECG, a
linear phase ¢(?) ranging from —x to m is assigned to each
ECG sample, with the R-peaks being fixed at ¢(t)=0. Now
we can replace the time-lag 7 in (4) with a variable z, that is
calculated from ¢(#) from beat-to-beat as follows:

Te=min{t|@e(t+1t)=0(t),7>0} (7
And the covariance matrix is defined as
C=E{x(t+t)x()"} )
co 'C‘;J;E;T ©

where E.{.} indicates averaging over ¢, and (9) assures the
symmetry of C, and the realness of its eigenvalues. With
these definitions, C, is the matrix containing a measure of
ECG periodicity extracted from the ECG R-peak informa-
tion.

Equation (4) can be rearranged as follows

_ WA, ()W _ WTC, (t)W 10
EWO= Wi ow [ ) WTCX(O)W] 10
where
A (t)=E{[X(t+T1)-X(®)] [X(t+1)-X(B)]"}

=2C,(0)-2C,(ty) (11)

Next, we find W, the GEVD solution of the (Cy,C¢(0))
pair with the eigenvectors ranked in descending order of
their corresponding eigenvalues and calculate the desired
sources as y(t)=W'x(t). Hence, the components of y(t) are
sorted according to the amount of their periodicity relative
to the heart beat.

D. Rate of change of Hilbert Amplitude (RHA)

For a real function x(t), the Hilbert transform is defined
as:

1 oo 1
f((t)=EP.V. La x(r)t_—Tdr (12)

where P.V. denotes the Cauchy principal value [12]. Analyt-
ic signal or pre-envelope of a real signal x[n], x,[n] is de-
fined as follows:
X,[n]=x[n]+ik[n] (13)

Next, as stated in [5], the distance R[n] between succes-
sive points in the x,[n] time series is computed by

R[n]=y (x[n+1]-x[n])2+(R[n+1]-[n])2 (14)
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The R[n] time series which shows the rate of change of
the Hilbert amplitude contain R-wave like features. As, it
can be seen, R[n] is always positive. Therefore, the polarity
of QRS complexes in different channels is not important and
a typical bipolar R-wave has a unipolar response with only
one peak. This property solves the problem of QRS location
detection, since for bipolar waveforms one could choose any
of the positive or negative peaks or the zero crossing point
as the R location. After applying the method on all fetal
channels (components) and supposing that the cardiac signal
of the fetus reaches all abdominal electrodes approximately
at the same time (resulting in an instantaneous mixture),
one can average all the RHAs to improve the signal quality
and to enhance the R-peaks.

E.  Proposed Algorithm

In abdominal recordings, the fetal ECG is buried in noise
and interferences. At first we need to cancel the maternal
ECG, as the most important interference in time and fre-
quency domain, using methods such as JADE [11] or atCA
[3]. Having 8 channels of abdominal recordings (with 0dB
SNR) in the input, both methods extract 8 components in
which 3 are related to the maternal signal (due to the 3 di-
mensions assumed for the cardiac dipoles in [1]). In 7CA
the maternal components can be simply removed, since they
are the first 3 extracted components, whereas in the results
obtained from JADE they should be found and removed by
visual inspection.

Now we have two choices: converting the 5 remaining
components to the channel space, which results in 8 noisy
fetal ECG recordings but without maternal interference, or
simply compute the RHA of the five fetal and noise compo-
nents, add the results and find the R-peaks on the resulting
signal.

In order to find the QRS complexes we suggest a simple
peak detector which uses a constant moving window and
finds the local maximum in each window [6]. Next, the
vector of possible QRS complexes is searched for refractory
peaks. Any peak occurring within a refractory period p (0.2s
by default) of a previous peak is disregarded, since the re-
fractory period represents the interval immediately follow-
ing a QRS complex during which no further excitation of
the cardiac tissue can initiate another QRS complex [9].
Thus, detection of false peaks can be minimized. Fig.1
shows the block diagram of the algorithm.

111. REsuLTs AND DEScusioN

As mentioned earlier, eight channels of abdominal re-
cordings are simulated and used (with their baseline wander
removed). Next, maternal components were removed with
both methods, as described in section II, and the RHA was
calculated for each method.

Table I compares the quantitative results of the proposed
methods by calculating sensitivity (se), positive predictive
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value (+P) and detection error rate. As we have simulated
the data, the exact locations of the fetal R peaks are readily
known. Therefore, average time error of the peak detection
is calculated as follows:

TP, |located QRS-actual QRS|
TP

Average time error(ms)=

TP is the overall percentage of QRS correctly located by
the detector and FP represents the false ones.

Fig. 2. shows a segment of fetal and noise mixture signal,
the signal after maternal ECG removal and the RHA signal.
The R-peaks are located using the tCA method in compo-
nent space.

TABLE I
EVALUATION OF THE PERFORMANCE OF THE PROPOSED
TECHNIQUE
1CA 7CA
Component Channel Component Channel
space space space space
Total R 2347 2347 2347 2347
TP 2346 2146 2347 2200
FP 0 45 0 24
FN 1 231 0 171
Se (%) 99.96 90.29 100 92.78
+P (%) 100 97.95 100 98.92
Error
rate (%) 0.043 11.76 0 8.31
Time 0.8 33.6 0.6 256
error(ms)

As Table I shows, better results could be obtained by ap-
plying the transformation on the extracted components.

ICA techniques are usually based on the maximization of
some measure of component independence. However, for
ECG as a pseudo-periodic signal, the temporal structure of
the signal is rich in information and a measure of periodicity
of the extracted signals, both clinically and mathematically,
is a more appropriate criterion as compared to indepen-
dence.

From the sparsity viewpoint, the ECG signals are rather
sparse in time and the second or higher-order statistics esti-
mated in conventional ICA techniques can be susceptible to
noise. The measure of periodicity in the tCA method is a
way of using a priory information to have better estimates
of the required statistics. Also ranking the components is a
helpful feature, spatially for automating the maternal ECG
removal. While in conventional ICA it is not possible to
predict the order of the extracted components [3].

Mentioned features are some reasons that make tCA as a
great choice in the fetal ECG source separation problems.

Also as noted in [5], the RHA method deals with the dy-
namical changes in the polarity of the fECG waveform and
fetal repositioning.

Since the magnitude of the analytic function is always
positive, and thus independent of signal polarity, and to a
large extent independent of QRS waveform morphology this
measure, calculated over multiple sensors, can be averaged
to improve the signal-to-noise ratio, to eliminate transient
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Fig. 1. Block diagram of the proposed algorithm
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Fig. 2. Five seconds of simulated fECG signal before and after maternal
ECG removal. The last signal is the summed R[n] series. The fetal peaks
are located using TCA in the component space (stars), compared with the

real fetal peaks (circles).

signals, and also to retain the fECG amplitude rather con-
stant during the entire recording [5].
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