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In this paper we present a method to blindly separate ma-|i;
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ternal and fetal ECG signals using recordings made from
the maternal abdomen. The method is general and is able' T T
to separate the signals using any number of recording elec- DD DD
trodes, including the difficult case of single channel blind ||,
source separation. The approach is based on the assumpr D D e
tion that the signals admit a sparse and shift-invariantrep || LU0 |

resentation. Adaptation of the representation then leads t 5
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the emergence of the PQRST complexes of the maternal|| | DDD[

[ a21]
[as2]

s2
and the fetal heart for each electrode so that we can sep-|,
arate the individual sources by reconstructing the signal
using only a single PQRST complex.

Keywords: Sparse coding, fetal ECG, Single Channel Figure 1: Graphical representation of the structures in the
Blind Source Separation equationx = As + e.

1 INTRODUCTION of this waveform together with the information about the
The electrocardiogram (ECG) is a valuable diagnostic tool relative position between the electrode and the heart con-
to assess heart conditions. Details on general ECG diag+ain important diagnostic information. As the PQRST
nostics can be found in [4] and a description of patholog- complex changes depending on the relative position be-
ical ECG data is given in [5] and [6]. It is often desired tween the recording electrode and the heart, it is important
to record fetal ECG’s which contain important diagnostic to separate the signals for each electrode location.
information for prenatal medical assessment [7]. Unfor-
tunately, non-invasive techniques are currently not avail
able to directly record fetal ECG’s. Instead, recordings ar 2 ALGORITHM
taken from the maternal abdomen. However, the recorde%

signals are then contaminated by the signal from the ma- feteaflri;:?t?egtlgtcg]r?btgggrjggnts;jeggtth gfsm:::éna‘?] dangs-
ternal heart, which in general has a much stronger ampli- P WO Sp P

tude than the signal from the fetal heart. In addition, the itive time-series, which are convolved with the associated

recordings are often contaminated by substantial noise. PQRST complexes. The PQRST complexes are differ-

In this paper we present a method that can separateem for each recording electrode so that we have twice

the signals from the fetal and maternal hearts and also re—the number of PQRST complexes than electrodes, i.e. we

moves the noise. The characteristic waveform associatecrea;\;le ﬁg;?trefg: ZSCF;]S; (t:r?;nrpeli)c;?j';or ;T:Crtr:ggggal_%nedég?
with each individual heartbeat recorded by a particular Ny :

ECG electrode is called a PORST complex [4]. The sha eservation at each of the recording electrodes is the sum-
P ' P€ mation of the two sparse time-series, each convolved with

the PQRST complex for that electrode, and a noise term.
Permission to make digital or hard copies of all or part o$ thi We denote the vector composed of the concatenation
work for personal or classroom use is granted without fee pro of the observation time-series asthe vector composed
vided that copies are not made or distributed for profit orcom of the concatenation of the two sparse time-series as
mercial advantage and that copies bear this notice and the fu and the error term as The model can then be written
citation on the first page. asx = As + ¢, where the matrixA has a certain struc-

ture and contains the information of all PQRST complexes
(©2006 The University of Liverpool a; j. This is shown graphically in figure 1. This additional



structure is a result of the assumed convolutive model and

the way in which the different time series have been con-
catenated.
We define the following probabilistic model:

P(snltn) = wn p(sn; pog) + (1 — un)do(s).

Heres,, is used to denote any one sample from the time-
seriess andu,, is an indicator variable. We ugg(s,,) to
denote the unit mass at zero, so that,ifis zero, then so
will be s,,. The non-zero coefficients, model the ampli-

tudes of the heartbeats, which are assumed to follow the

modified Rayleigh distribution

1
p(Sn;M,G%) _Se—(Sn—u)2/20§’

which was introduced in [2]. Note that the modified
Rayleigh distribution is a conjugate prior for the Gaussian
mean. The indicator variabtg, is assumed to follow the
Bernoulli distribution:

P(un) Z_16_0'5>\“u"’,un c {0’ 1}.

Finally, e is assumed to be i.i.d. Gaussian noise with scale
parameten.
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Figure 2: The five signals recorded from the maternal ab-
domen.

To estimate the PQRST complexes we use a gradient

method to estimate the maximum of the marginalised pos-
terior p(A|x) = [ p(A,s|x) ds such thatA has the nec-
essary structure.

The gradient is then:

AA_/{ 1)

where we use the notati to denote the matrix of
derivatives with respect to the individual values of the
PQRST complexes; ;. We assume that the prip(A)

is relatively flat so that the second gradient is zero. How-
ever, evaluation of equation (1) involves non-standard in-

dlnp(x[s, A)

( Olnp(A)
0A

0A

p(s|A, x) ds,

tegration and we approximate the gradient using a Gibbs

Table 1: Sketch of the learning algorithm

Input:

Signalx, number and length cf; ;, number of sensors
Output:

A, estimate ok
Loop through next 3 steps till convergencefof
Draw set of samples from(wn, $n |Un£n, Sastn, A, X)
Estimate gradient using Monte Carlo estimate
UpdateA with gradient step and normalige
Draw set of samples from(wn, $n |Un£n, Sastn, A, X)
Use samples drawn to estimate

After estimatinga; ;, it is then possible to draw more

sampling Monte Carlo estimate. Note that there is a scalesamples fronp(s|x, A) from which mean or MAP esti-

ambiguity between the norm ef ; and the elements in
We therefore fix the variance efa priori.

Sampling fromp(s|A, x) is done by sampling from
P(Un, Sn|Uinzn, Sazn, A, x) iteratively for alln. We use
u, ands,, to refer to then!” element ofu ands respec-
tively, while us-, ands;,, are the sets of indicator vari-
ables and coefficients other thap ands,,.

To sample fromp(u,,, Sn|tntn, Sazn, A, x) We can
sample alternately fromp(u,|wstn, sazn, A,x) and
p(sn|u, spn, A, x). Note that the first distribution is the
distribution of then!” indicator variable conditional on
all other variable apart from the associated coefficignt
The second distributiop(s,, [u, si+n, A, x), is the coef-
ficient distribution conditioned on all other variables.igh
distribution is either a delta function at zero4if = 0) or
a modified Rayleigh distribution (if,, # 0). Mathemati-
cal details and a method to draw samples from the modi-
fied Rayleigh distribution are presented in [2]. A thorough
study of several Monte Carlo methods for a similar model
can also be found in [1].

mates ok can be calculated.

A sketch of the algorithm can be found in table 1.

Note that this model can be seen as a shift-invariant
version of the noisy overcomplete ICA model where the
shift-invariant structure leads to the constraints on the
mixing matrix. The source signals are here the sparse
time-series and not the fetal and maternal ECG signals
themselves. However, a reconstruction of the fetal and
maternal ECG signals is possible for each electrode by
convolving the estimated sparse time-series with each of
the estimated PQRST complexes.

Here we have not addressed the problem of specifying
or adapting other model parameters, suchag, 0% and
Aw. This can also be done using gradient based optimisa-
tion, however, not all model parameters might be uniquely
identifiable. In particular a trade off between sparsity, as
defined by), and noise varianca_ ! has to be defined.

In the experiments reported below we fixed the parameters
and used). = 100, A\, = 10, 02 = 2 andy = 0.
In early experiments we found that a direct implemen-
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Figure 3: Separation from a single channel. Left from topdtidm: the separated maternal ECG sequence, the amplitude
and position of heartbeats, the fetal ECG sequence, thatadghnd position of the fetal heartbeats and the residal.
the right are the maternal PQRST complex (top) and the f&&$T complex (bottom).

tation of the method detailed above was not able to find mance on a single channel we have run the method using
both, maternal and fetal, PQRST complexes. It was ob-individual channels from the data set introduced above.
served that this was due to the iterative and competitive ~ We found that we could extract fetal PQRST com-
learning strategy. The maternal PQRST complex is much plexes from all channels but channel (4), which has a low
stronger than the fetal one and the method is able to adapsignal to noise ratio, a low contribution of the fetal signal
and extract the maternal PQRST complex very fast. How- and baseline wandering.

ever, the maternal and fetal PQRST complexes can be very The best results were obtained from electrode (1).
similar and once the maternal PQRST complex has beenThese results are shown in figure 3. Note that the maternal
learned, the method often fails to learn the fetal PQRST and fetal PQRST complex are quite dissimilar. However,
complex. This problem is here avoided by adapting the similar results were obtained for the other electrodes.
learning rate for the maternal and fetal PQRST complex

depending on the strength of the fetal and maternal con- ) ) _

tribution. This is done by weighting the learning rate by 3.2 Multi Channel Blind Sour ce Separation

the inverse of the sum of the sparse time-series assouategjsing all five signals it is possible to separate all of the

with the maternal and fetal heart respectively. channels. The separated signals are shown in figure 4. As
can be seen, separation using all five channels allowed us
3 EXPERIMENTAL EVALUATION to also separate channel (4). However, the baseline wan-

der in channel four introduces amplitude modulation in

To analyse the performance of the method we use a seb| feta| source reconstructions. This can be avoided by

of five signals recorded from the abdomen of a pregnant jtering channel (4) to remove the low frequency baseline
woman as shown in figure 2 (this is the data-set from [3]). \yander. The results achieved by incorporating this pre-
The same data-set has previously been used in [8], so thabrocessing are shown in figure 5.

our results are directly comparable to those reported in
that paper. Note however that contrary to our method the
method in [8] used eight channels. Three additionalchan- 4 D|SCUSSION AND CONCLUSION

nels were recorded from the thoracic region and only con-
tained maternal ECG contributions. In this paper we have presented an algorithm able to sepa-

rate maternal and fetal ECG’s from abdominal recordings.
' . : The method is able to use any number of electrodes and
3.1 Single Channel Blind Source Separ ation was shown to work even for the difficult single channel
The main advantage of the newly proposed approach is itscase. This is an important improvement to previous meth-
use with single channel recordings. To analyse the perfor-ods such as those in [8], which require at least 6 sensors.
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Figure 4: After separation we have clear fetal ECG sig- Figure 5: The separated fetal ECG signals after removal
nals, however, the baseline wander introduces modulationof baseline wander.

over all channels.

Otherwise, our results are comparable to previous re-
sults. The problem of baseline wander, which was ad-
dressed in [8] by explicitly modelling it as an extra source,
further increasing the required number of sensors, wa
here addressed using standard pre-processing techniques

such as filtering.

Our method not only separates the individual channels
but also estimates the characteristic PQRST complexes fof3]
each heart and electrode. As these PQRST complexes
contain much of the diagnostic information, such an es-
timation is of advantage. However, for some pathological
heart conditions, the PQRST complexes change signifi-[4]
cantly between individual heartbeats. This behaviour is
not modelled here. However, such deviations from the
characteristic PQRST complexes will be present in the
residual term. Also, for heart conditions for which indi-
vidual PQRST complexes can show two different shapes,
one normal and one pathological, the method presented
here could be extended by including and learning an addi-[6]

tional PQRST complex for the pathological heartbeats.
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