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Abstra
tIn this paper we propose the emerging te
hnique of Independent ComponentAnalysis, also known as Blind Sour
e Separation, as an interesting tool forthe extra
tion of the antepartum fetal ele
tro
ardiogram from multilead
utaneous potential re
ordings. The te
hnique is illustrated by means of areal-life example.
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t| In this paper we propose the emerging te
h-nique of Independent Component Analysis, also known asBlind Sour
e Separation, as an interesting tool for the ex-tra
tion of the antepartum fetal ele
tro
ardiogram frommultilead 
utaneous potential re
ordings. The te
hnique isillustrated by means of a real-life example.Keywords|Independent 
omponent analysis, blind sour
eseparation, fetal ele
tro
ardiogram, singular value de
om-position. I. Introdu
tionLIKE for adults, it should be possible to visualize theele
tri
al a
tivity of a fetal heart: the fetal ele
tro
ar-diogram (FECG) 
ontains important indi
ations about thehealth and 
ondition of the fetus. In this respe
t, analysisof the (instantaneous) fetal heart rate (FHR) has be
ome aroutine pro
edure for the evaluation of the well-being of thefetus. The 
ardia
 waveform reveals important diagnosti
information as well, e.g. for the diagnosis of arrhytmia.During delivery a

urate re
ordings 
an be made by pla
-ing an ele
trode on the fetal s
alp. However as long asthe membranes prote
ting the 
hild have not been broken(antepartum), one should look for non-invasive te
hniques.Among the di�erent approa
hes (measuring of the FHRfrom a Doppler-shifted ultrasoni
 heart e
ho, pro
essing ofthe fetal magneto
ardiogram, phono
ardiography, . . . ), ex-amination of the FECG from ECG-re
ordings measured onthe mother's skin (
utaneous re
ordings) plays an impor-tant role.The aim of this paper is to show that the emergingte
hnique of Independent Component Analysis (ICA), of-ten 
alled Blind Sour
e Separation (BSS), is a promisingtool for the estimation of the FECG from re
ordings onthe mother's skin. We introdu
ed this idea in [9℄; the
urrent paper is the �rst elaborated version of it. Due tola
k of spa
e, not all the aspe
ts 
an be 
overed in detail.A more elaborated version of this text is available [12℄;it 
ontains links to medi
al appli
ations, pla
es the ECG-approa
h against other methods for the determination ofthe FHR, and gives a brief overview of existing signal pro-
essing methodologies to examine ECG-re
ordings.In Se
t. II we motivate that 
utaneous re
ordings 
ontaininstantaneous linear mixtures of MECG and FECG. TheICA-method itself is further dis
ussed at a 
on
eptual levelin Se
t. III, and in its relation to the FECG extra
tionL. De Lathauwer, B. De Moor and J. Vandewalle are withthe group SISTA/COSIC of the E.E. Dept. (ESAT) of theK.U.Leuven, Kard. Mer
ierlaan 94, B-3001 Leuven (Hev-erlee), Belgium. Tel: +32-(0)16-32.18.05; fax: +32-(0)16-32.19.70; e-mail: fdelathau,demoor,vdwalleg�esat.kuleuven.a
.be;URL: http://www.esat.kuleuven.a
.be/sista .

problem in Se
t. IV. Se
t. V 
ontains appli
ation examples.II. Data modelPotential measurements on the mother's skin 
ontain
ontributions from several bioele
tri
 phenomena (mater-nal and fetal heart a
tivity, potential distributions gener-ated by respiration and stoma
h a
tivity, . . . ) and are af-fe
ted by various kinds of noise (thermal noise, noise fromele
trode-skin 
onta
t, . . . ). Two aspe
ts have to be dis-
ussed here: �rst, the nature of the o

urring signals, andse
ondly, the 
hara
teristi
s of the propagation from bio-ele
tri
 sour
e to ele
trode.In [18℄ it is shown that, at a 
onsiderable distan
e fromthe mother heart, its a
tivity as a bioele
tri
 
urrent sour
e
an be represented in �rst order approximation by a three-dimensional ve
tor signal, that 
an be imagined as the ef-fe
t of a rotating 
urrent dipole in the 
hest. The three-dimensional ve
tor spa
e, des
ribed by the dis
rete-timeevolution of the maternal ECG (MECG) after sampling,will be 
alled the MECG-subspa
e. On the other hand [17℄states that the observed \dimension" of the fetal heart, i.e.the number of independent signals des
ribing its ele
tri-
al a
tivity, is not ne
essarily equal to three, but subje
tto 
hanges during the period of pregnan
y. In this paperthe term FECG-subspa
e will be used. In 
omparison withthe low-voltage range of the FECG, other ele
tri
al signals
an play an important role too: ele
tromyographi
 a
tivity(ele
tri
al potentials generated by the mus
les, the uterus,et
.), 50 Hz net-interferen
e, et
.The transfer from bioele
tri
 
urrent sour
e to body sur-fa
e ele
trode 
an be assumed linear and resistive [18℄. Onthe other hand the bioele
tri
 sour
e signals are relativelynarrow-band, su
h that the frequen
y at whi
h the 
uta-neous potential distribution is sampled (typi
ally 250{500Hz) 
an be 
onsidered as low, taking into a

ount the highpropagation velo
ity of the ele
tri
al signals. Hen
e, in�rst approximation, 
utaneous potential measurements 
anbe 
onsidered as instantaneous linear mixtures of poten-tial signals generated by underlying bioele
tri
 phenomena;noise 
an be taken into a

ount as an additive perturba-tion. III. Independent Component AnalysisAssume the following basi
 linear statisti
al model:Y =MX +N (1)in whi
h Y 2 RI is referred to as the observation ve
tor,X 2 RJ is 
alled the sour
e ve
tor and N 2 RI representsadditive noise. M 2 RI�J is the mixing matrix.
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onsists of the estimation of thetransfer matrixM and/or the 
orresponding realizations ofthe sour
e ve
tor X , given only realizations of the outputve
tor Y , under the following assumptions:� the 
olumns of M are linearly independent,� the 
omponents of X are mutually statisti
ally indepen-dent, as well as statisti
ally independent from the noise
omponents.Most of the 
urrent ICA-algorithms rely on the �rst as-sumption for identi�ability. The se
ond assumption is thea
tual key ingredient for ICA. It is a very strong hypothe-sis, but also quite natural in lots of appli
ations.It is impossible to determine the norm of 
olumns ofM inEq. 1, sin
e a res
aling of these ve
tors 
an be 
ompensatedby the inverse s
aling of the sour
e signal values. Similarlythe ordering of the sour
e signals, having no physi
al mean-ing, 
annot be identi�ed. For non-Gaussian sour
es, theseindetermina
ies are the only way in whi
h an ICA-solutionis not unique [8℄, [20℄.The ICA-assumptions do not allow to distinguish be-tween the signal and the noise term in Eq. 1. Hen
e thesour
e signals will be estimated as X̂, by a simple matrixmultipli
ation: X̂ =WTY (2)As an example,WT 
an take the form of the pseudo-inverseM̂y, with M̂ an estimate of the mixing matrix. More gen-erally, various beamforming strategies [22℄ 
an be applied.Exploitation of the fa
t that the sour
e signals are un
or-related leads to a 
lassi
al Prin
ipal Component Analysis(PCA), whi
h only allows to estimate the sour
es as wellas the mixing matrix up to an orthogonal transformation.To illustrate this, let us assume that the sour
es have unitvarian
e. Then we have (we omit the noise term at thispoint, for 
larity): CY =MMT ; (3)in whi
h CY is the 
ovarian
e matrix of Y . Substitutionof the Singular Value De
omposition (SVD) of the mixingmatrix M = USVT shows that the Eigenvalue De
ompo-sition (EVD) of the observed 
ovarian
e allows to estimatethe 
olumn spa
e of M while the fa
tor V remains un-known: CY = US2UT = (US)(US)T : (4)As is well-known,U and S might be found dire
tly, in a nu-meri
ally more reliable way, from the SVD of the observeddataset [13℄.The solution to the ICA-problem lies in the fa
t that theassumption of statisti
al independen
e is stronger than thenotion of un
orrelated signals. Statisti
al independen
e isnot only a 
laim on the se
ond-order statisti
s of the sig-nals, but also on their Higher-Order Statisti
s (HOS) [16℄.More pre
isely, it is not suÆ
ient that the sour
e 
ovarian
eCX is a diagonal matrix | in addition, the higher-order
umulants of the sour
e ve
tor should be diagonal higher-order tensors. (A higher-order tensor 
an intuitively beimagined as a multi-way matrix, of whi
h the entries are


hara
terized by more than two indi
es; its diagonal is de-�ned as the entries for whi
h all the indi
es are equal.)If we fo
us at the fourth-order level (third-order 
umu-lants vanish for even probability density fun
tions), thenwe have the following. The fourth-order 
umulant C(4)X ofa real zero-mean sto
hasti
 ve
tor X is de�ned by:(C(4)X )i1i2i3i4 def= EfXi1Xi2Xi3Xi4g � EfXi1Xi2gEfXi3Xi4g�EfXi1Xi3gEfXi2Xi4g � EfXi1Xi4gEfXi2Xi3g; (5)for all index values; E denotes the expe
tation. For every
omponent Xi of X that has a non-zero mean, Xi has tobe repla
ed by Xi � EfXig. It 
an be proven that the linkbetween the 
umulant of the observations and the 
umulantof the sour
es is a straight generalization of its se
ond-order
ounterpart, Eq. 3: (C(4)Y )i1i2i3i4 =Xj1j2j3j4(M)i1j1(M)i2j2(M)i3j3(M)i4j4(C(4)X )j1j2j3j4 ; (6)for all index values, in whi
h C(4)X is diagonal. A ni
e prop-erty is that higher-order 
umulants are insensitive to addi-tive Gaussian noise. Eq. 6 means that the unknown mixingmatrixM is not only a diagonalizer of the 
ovarian
e ma-trix CY , but also of the 
umulant tensor C(4)Y , whi
h leadsto a suÆ
ient amount of 
onstraints to solve the problem.From an algebrai
 point of view, this means that the ICA-solution 
an be obtained by means of multilinear general-izations of the EVD (see e.g. [6℄, [8℄, [10℄). A
tually, sin
ethe �rst paper on the subje
t [14℄, ICA has be
ome a hottopi
 in the signal pro
essing world. Apart from multi-linear algebra, solutions have been based on prin
iples ofneural networks, information theory, et
. Instead of dis-
ussing one parti
ular algorithm, we refer the reader to [7℄,[15℄ and the referen
es therein.Although generally PCA does not allow to identify themixing matrix nor the sour
e signals, there are some 
asesin whi
h it does lead to a reasonably good sour
e separa-tion. A straightforward example 
onsists of the situation inwhi
h the mixing matrix has mutually orthogonal 
olumns(having mutually distin
t norms, if we assume that thesour
es have unit varian
e), as is 
lear from Eq. 4. A se
-ond example is the situation in whi
h the sour
e varian
esare very di�erent (assuming that the norms of the 
orre-sponding 
olumns of M have a 
omparable magnitude).Next, 
onsider a set-up with e.g. two sour
es, of whi
h thevarian
es are given by �21 and �22 , with �21 � �22 . [21℄ provedthat in this 
ase PCA yields, for both sour
e estimates, anInterferen
e-to-Signal Ratio of the order of �22=�21 . This
orresponds to the fa
t that the dominant eigenve
tor ofCY turns out to be an a

urate estimate of the �rst 
ol-umn ofM in this s
enario; the se
ond eigenve
tor however,is not ne
essarily a good estimate of the se
ond 
olumn ofM but it is approximately orthogonal to the �rst one. Inthe 
ontext of resear
h on ICA, similar results have inde-pendently been obtained in [11℄ and [19℄.
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tion of the FECG by means of BSSSAs explained in Se
t. II, the propagation of q bioele
tri
sour
es to an array of p body surfa
e ele
trodes (p > q),
an be formulated as:Y (t) =MX(t) +N(t) (7)where Y (t) = (y1(t) : : : yp(t))T 
ontains the potentialre
ordings, X(t) = (x1(t) : : : xq(t))T 
ontains the signalvalues of the bioele
tri
 sour
es, and the noise on ea
h
hannel is represented by N(t) = (n1(t) : : : np(t))T . Thematrix M des
ribes the propagation from sour
e to ele
-trode, i.e. its entry with row number i and 
olumn numberj gives the gain of the jth bioele
tri
 sour
e signal w.r.t.the ith 
hannel data (1 6 i 6 p; 1 6 j 6 q). It is natu-ral to assume that the di�erent bioele
tri
 sour
es | sin
ethey originate at di�erent lo
ations, 
orrespond to di�er-ent me
hanisms, et
. | 
an be approximately modelledas statisti
ally independent. The noise 
omponents ni(t)(1 6 i 6 p) are assumed to be Gaussian, with varian
e�2N , mutually independent as well as independent from thesour
e signals.As a 
on
lusion, the derivation of the antepartum FECGfrom multilead 
utaneous re
ordings 
an be 
onsidered asan example of BSS, as dis
ussed in Se
t. III, in whi
h how-ever the sour
es are of a multidimensional nature; we willuse the term Blind Sour
e Subspa
e Separation (BSSS).The fa
t that only the di�erent sour
e subspa
es have tobe separated, instead of all the sour
e 
omponents allowsto redu
e the 
omputational 
ost, in 
omparison to 
onven-tional ICA, without loss of medi
al information. E.g. inthe Ja
obi-type algebrai
 algorithms of [6℄, [8℄, [10℄ the mul-tidimensional 
hara
ter of the sour
es limits the number ofJa
obi-rotation angles that have to be identi�ed, sin
e ro-tations of the basis ve
tors within one and the same sour
esubspa
e are irrelevant.Sin
e there is a large gap between the amplitudes ofthe MECG and the FECG, a good separation 
an alreadybe expe
ted from merely PCA, as explained in Se
t. III.This is the philosophy behind the important 
lass of SVD-te
hniques for the extra
tion of the FECG [3℄, [4℄, [5℄. Toenhan
e the performan
e, one often tries to 
hoose the ele
-trode positions in a way that is more or less likely to 
or-respond to an orthogonal transfer (see also Se
t. III), butthis is still a matter of heuristi
 rules and trial-and-error.Con
eptually the higher-order pro
essing step in ICAmay add the following advantages to the se
ond-order ap-proa
h:� It is possible to enhan
e the quality of separation:whereas the PCA-error only de
reases proportionally to theratio of the power of the weak sour
e vs the power of thestrong sour
e, ICA dire
tly aims at a 
orre
t re
onstru
-tion of the mixing matrix. Se
t. V 
ontains an illustration.In 
ase the higher-order ICA-step would fail, one 
an stillresort to the results of the PCA, whi
h forms the �rst stepin many ICA-algorithms.� The propagation of the ele
tri
al signals 
an be 
hara
-terized in an essentially unique way. We mention three

important impli
ations:- The transfer ve
tors indi
ate how strongly the di�erentele
trodes 
apture ea
h sour
e signal; from this informa-tion, better measurement positions might be dedu
ed. Wemention that the positioning of the ele
trodes is still themost 
ru
ial fa
tor for the su

ess of the PCA-method [5℄.- An important aspe
t in the evaluation of the fetal well-being is the quanti�
ation of fetal movements [4℄. At thismoment the required information 
an only be obtained bye
hography or, simply, by asking the mother. The numberof signi�
ant 
hanges in the FECG-subspa
e, whi
h 
ouldbe obtained from an on-line adaptive ICA-implementation,
ould be very useful information here.- The properties of the human body as a 
ondu
tingmedium are, in their own, subje
t of medi
al resear
h [18℄.The study of the propagation of the fetal heart signal to themother's skin is an important subaspe
t [17℄. The transfermatrix 
an provide more understanding with respe
t to thepropagation of ele
tri
al signals through the body.� The physi
ian 
an resort to a more intuitive interpreta-tion of the results: the separation of the measured signalsinto statisti
ally independent sour
e signals with a physi-
al meaning, is easier to interpret than a de
omposition intime-orthogonal prin
ipal 
omponents.We stress the fa
t that the FECG-extra
tion is formu-lated as a blind identi�
ation problem, sin
e it is less mean-ingful in pra
ti
e to resort to a more parametri
 approa
h:� The transfer 
oeÆ
ients are subje
t to a large un
er-tainty: the development of propagation models is still inits infan
y. Moreover it is 
lear that length, weight, 
on-tour, et
. are signi�
antly di�erent from patient to patient.� The geometri
al and resistivity parameters of the bodyof a single patient are not 
onstant in time. Fetal growth,a di�erent position of the fetus in the uterus, the variationin the 
hara
teristi
s of the amnioti
 
uid and the pla
entaduring pregnan
y, the 
hanging geometry, . . . imply impor-tant 
hanges of the transfer matrix.� For the appli
ation in medi
al diagnosis and treatment itis 
ru
ial that unexpe
ted ECG-patterns 
an be dete
tedand examined. E.g. the parametri
 formulation of thequasi-periodi
ity of a regular heart rate pattern would ham-per the dete
tion of extrasystoles (extra heart beats be-tween the regular beat-to-beat pattern).� Potentially interesting is also the appli
ation of BSSS to
ardia
 ele
tri
al imaging, a re
ent generalization of theECG, in whi
h more information is a
quired by using alarger array of (e.g. 200) ele
trodes to re
ord a sequen
eof \ele
tri
al images" of the body [2℄. This te
hnique 
anbe seen as an emerging modality for medi
al imaging, 
om-plementary to e.g. Computed Tomography and Magneti
Resonan
e Imaging; it is worth mentioning that in Japanthe te
hnique is already 
ommon pra
ti
e.We may 
on
lude that 
on
eptually BSSS is a verypromising te
hnique to ta
kle the problem of FECG-extra
tion. Se
t. V 
ontains a real-life example. At thismoment however, our database is too limited to assess towhi
h extent the assumptions, underlying the ICA-model,are valid in medi
al pra
ti
e. With this respe
t, hard 
on-
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lusions on the merits and drawba
ks of the method 
anonly be drawn after intensive medi
al testing.V. ExamplesPSfrag repla
ements
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Fig. 1. 8-
hannel set of 
utaneous data re
ordings.Fig. 1 shows the �rst 5 se
onds of a set of potential sig-nals measured in a one-minute 8-
hannel experiment. Thehorizontal axis displays the time in se
onds; with respe
tto the verti
al axes only the relative values are important.The sampling frequen
y was 500 Hz. For details aboutthe data a
quisition we refer to [5℄. Channels 1 to 5 showabdominal signals; for 
hannels 6 to 8 the ele
trodes havebeen pla
ed further away from the fetus, e.g. on the thorax.Channels 1 and 3 
learly 
ontain weak fetal 
ontributions.Due to the large amplitudes of the MECG in the thora
i
signals, the FECG is less visible.The sour
e estimates after PCA are displayed in Fig. 2.Two MECG-free FECG-
omponents were obtained as resp.the 6th and the 7th right singular ve
tor of the data-matrix.The signals 1 and 2 partially des
ribe the MECG-subspa
e;the MECG also appears in signals 3 and 5. Channels 4 and8 mainly show noise 
ontributions.The result after BSSS is shown in Fig. 3 (we usedthe algorithm proposed in [8℄, whi
h is an approximatemaximum-likelihood solver; e.g. the methods reported in[6℄, [10℄ yield 
omparable results). The result is an ex-
ellent sour
e separation. We remark that, just like inthe PCA-approa
h [3℄, [4℄, [5℄, the statisti
s of the non-stationary signals have been estimated \roughly" by sim-ple time-averaging. Whereas the PCA-method obtainedonly two 
lear MECG-
omponents (the 3rd signal is heav-ily perturbated by noise and the �fth prin
ipal 
omponent
ontains important FECG-
ontributions), BSSS a

uratelyre
onstru
ted the full three-dimensional MECG-subspa
e
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e estimates obtained by means of PCA.(signals 1 to 3 in Fig. 3). As far as the FECG is 
on
erned,the quality of the 7th prin
ipal 
omponent and the 8thBSSS-signal are 
omparable, but in the 6th BSSS-signalthe Signal-to-Noise Ratio is somewhat better than in the6th PCA-estimate. The o�-set in the 6th PCA-signal isfound ba
k as an extra sour
e signal (the 7th signal inFig. 3; this sequen
e 
ontinues as a low-periodi
 signal anddeserves further medi
al interpretation | it might e.g. bedue to respiration). The 5th BSSS-signal mainly showsnoise 
ontributions.Figs. 4 and 5 visualize some information extra
ted fromthe 6th ICA-
omponent. Fig. 4 plots the evolution of theinstantaneous beat-to-beat FHR. Fig. 5 shows the averageFECG waveform. In short, we �rst determined the positionof the fetal heartbeats by developing a high-pre
ision ro-bust fetal QRS-
omplex dete
tor (the QRS-
omplex is the
entral part of the 
ardia
 waveform, with high potentialvalues); both an expert-system and a pattern 
lassi�
ationapproa
h were followed. In a se
ond step, the instanta-neous FHR and the average waveform were 
al
ulated asa

urately as possible by maximizing the 
orrelation be-tween 
onse
utive pulses. For details about the pro
edurewe refer to [1℄.Fig. 6 illustrates what happens in the 
ase of an atyp-i
al FHR and shows the importan
e of a blind approa
h,as already motivated in Se
t. IV. The input for the ICAalgorithm was 
onstru
ted as follows. A small pie
e of dataaround t = 0:75s in Fig. 1 was 
opied to t = 3:5s, to simu-late an extrasystoli
 fetal heartbeat. In addition, the fetalheartbeat around t = 2s was skipped by setting the �veabdominal signals to zero. Nevertheless, Fig. 6 still showsan ex
ellent BSSS.Figs. 7 and 8 show an arti�
ially 
onstru
ted situation
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i
entries of the original mixing ve
tors; the permutations aremeant to ensure that the dimensionality of the interse
-tion of both FECG-subspa
es is zero. Fig. 8 shows that8-
hannel data were suÆ
ient for the extra
tion of a two-dimensional FECG-subspa
e (
hannels 6 and 8; �rst fetus)and an additional FECG signal (
hannel 7; se
ond fetus).VI. Con
lusionIn this paper we have proposed BSSS as an innovatingway to solve a 
lassi
al problem in biomedi
al engineering,namely the extra
tion of the FECG from multilead poten-tial re
ordings on the mother's skin. In 
omparison to theimportant 
lass of SVD-based methods, proposed earlier,the higher-order ICA-step additionally requires the estima-
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