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More than 4 mixtures are projected onto a 
4th-dimensional subspace (m’=m=4).

More than 3 mixtures are projected onto a 
3th-dimensional subspace (m’=3, m=4).

ρρ ρρ
S
IR

S
IR

S
IR

S
IR

C
o
rr

el
a
ti
o
n
s
w
it
h

so
u
rc

es

Main Main Main Main ReferencesReferencesReferencesReferences

L. De Lathauwer, B. De Moor and J. Vandewalle, FetalFetalFetalFetal ElectrocardiogramElectrocardiogramElectrocardiogramElectrocardiogram by by by by BlindBlindBlindBlind SubspaceSubspaceSubspaceSubspace SeparationSeparationSeparationSeparation, IEEE 
Trans. On Biomedical Engineering, vol. 47, num. 5, pp. 567-572, 2000.

J. V. Stone and J. Porril, UndercompleteUndercompleteUndercompleteUndercomplete IndependentIndependentIndependentIndependent Component Component Component Component AnalysisAnalysisAnalysisAnalysis for Signal for Signal for Signal for Signal SeparationSeparationSeparationSeparation andandandand Dimension Dimension Dimension Dimension 
ReductionReductionReductionReduction, Techn. Rep., Psycgology Department, Sheffield University, Sheffield, S10 2UR, England, oct. 1997.

I. T. Jollife, Principal Component Principal Component Principal Component Principal Component AnalysisAnalysisAnalysisAnalysis, New York, Springer-Verlag, 1986.

A. Hyvarinen, J. Karhunen and E. Oja, IndependentIndependentIndependentIndependent Component Component Component Component AnalysisAnalysisAnalysisAnalysis, New York, Willey-Interscience, 2000.

P. Comon, IndependentIndependentIndependentIndependent Component Component Component Component AnalysisAnalysisAnalysisAnalysis, A New Concept ?, A New Concept ?, A New Concept ?, A New Concept ?, Signal Processing, v. 36, n. 3, pp. 287-314, 1994.

T. M. Cover and J. A. Thomas, ElementsElementsElementsElements ofofofof Information Information Information Information TheoryTheoryTheoryTheory, John Wiley and sons, 1991.

J. Cardoso and A. Sououmiac, BlindBlindBlindBlind BeamformingBeamformingBeamformingBeamforming for for for for NonNonNonNon----GaussianGaussianGaussianGaussian SignalsSignalsSignalsSignals, in IEEE proceedings F, vol. 140, 
num. 6, pp. 362-370, 1993.

InstitutionsInstitutionsInstitutionsInstitutions

Poster presented by F. Vrins, UCL – Machine Learning Group at NNSP (IEEE International Workshop on Neural Networks for Signal Processing), Toulouse, France. 

ConclusionConclusionConclusionConclusion

ICA

n x t

n’ x t

m’ x t

PCA

Selection

n x t

sy ˆ=x

m’ x t

Increase |CorrCorrCorrCorr |),ˆ( kk ss

ρρρρ for given (n, m’)

1. How blindly choose n’ ?
2. Estimation of p(x,u) for the

computation of I(x,u) ? 
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Application to Application to Application to Application to thethethethe fECGfECGfECGfECG extractionextractionextractionextraction

ICA

Variable selection

• Correlations with fetus

• ρ

• Real-Time BSS ok
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PreprocessingPreprocessingPreprocessingPreprocessing to ICAto ICAto ICAto ICA

• Principal Component Analysis

• Whitening

• Centering data: xxxx=xxxx-E[xxxx] (� E[xxxx]=0), size(xxxx)= n x s

• Diagonalize by an eigenvalues decomposition (EVD): CCCCxxxx=VVVVΛΛΛΛ VVVVT
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yyyy are decorrelated !
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Variable Variable Variable Variable SelectionSelectionSelectionSelection algorithmalgorithmalgorithmalgorithm usingusingusingusing MutualMutualMutualMutual InformationInformationInformationInformation

fz(i)=∑j=1
z-1 I(xi,uj)

• Ex: z=3, n=8

• U1 : reference

• zopt=? (out of loop)

• x1

• x4

• x3

• x8

• x6
• x7

Subset O of n-(z-1) elements:       
z-1 signals already removed

Selected subset S : 
z-1 selected signals

x8 is selected if fz(i), xi ∈ O, is
minimum for i=8, where

• x2=u1

• x5=u2

• uz

Principle: select mixtures with minimum Mutual Information with already selected ones.

The update of S is computed in parallel with the PCA-ICA unit (working on S ).

Selection of interesting electrodes: 
high computational cost but longer period allowed.

Real-Time: processing of the electrodes U1, …, Un’

ProblemProblemProblemProblem: The : The : The : The NumberNumberNumberNumber ofofofof Observations Observations Observations Observations nnnn

• ProblemProblemProblemProblem:::: Most ICA algorithms require n=m,,,, but m not always known (m’ it’s estimate) !

• ClassicalClassicalClassicalClassical Solution:Solution:Solution:Solution: Principal Component Analysis

• ProblemProblemProblemProblem ofofofof PCAPCAPCAPCA

• Solution Solution Solution Solution ProposedProposedProposedProposed:::: selection of n’ signals (m’� n’≪ n) before applying PCA (to determine m’).

sy ˆ=ICA

n ≫ m

xxxx PCA

m’≃ m m’≃ m

1. Measure of n ≫ m mixtures (Hardware)
2. m’ chosen by examination of the λi ‘s (EVD)
3. Projection from n to m’ (PCA)

• not to small (n ≫ m)
• not to high (proccessing of n signals) : Real-Time ! (computational cost, hardware problems,…)

n=?

sy ˆ=ICASelection

n ≫ m

xxxx PCA

n’<m≪ n m’≃ m m’≃ m

Real-Time Process on n’ signalsSelection Process:
review n signals and select n’ of them.
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Projection and Separation Quality CriteriaProjection and Separation Quality CriteriaProjection and Separation Quality CriteriaProjection and Separation Quality Criteria

• Projection (Principal Component Analysis)

• Separation (Independent Component Analysis)

EVD(CCCCxxxx) � VVVVΛΛΛΛ VVVVT , λi (≥ 0) ∝ variance along the axe Vi
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Projection from n to m’-subspace: keeping the m’ (here 4) first λi = keeping ρρρρ % of the total variance :

IndependentIndependentIndependentIndependent Component Component Component Component AnalysisAnalysisAnalysisAnalysis

PPPP denotes a m-by-m permutation matrix and DDDD a diagonal one of the same size: yyyy =    , estimated of sources .

Statistical independence of ssss:

N.B. The assumptions on the mixtures correspond to the linear BSS. 
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Asx = sPDsBAsBxy ˆ====Mixture Model: Aim: Find BBBB such that

ŝ s

n ≥ m, length of si and xi: t samples.
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