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Independent Component Analysis N Impact of the number of mixtures if 7' # m
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Mixture Model: X = AS Aim: Find B such that Y = Bx = BAs =PDs = §

P denotes a m-by-m permutation matrix and D a diagonal one of the same size: y = S, estimated of sources S.
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Correlations with sources
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QB. The assumptions on the mixtures correspond to the linear BSS. / 1 o 02| /
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Statistical independence of s: I_l pS1 (S) = p(S) or | (S) =0 where I(s)= J p(s)log mp(S) ds \ ol ‘ ‘ ‘ 0 N

SIR.
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/ Problem: The Number of Observations n \

More than 4 mixtures are projected onto a More than 3 mixtures are projected onto a
e Problem: Most ICA algorithms require n=m, but m not always known (' it’s estimate) ! 4*-dimensional subspace (m'=m=4). 3""-dimensional subspace (m'=3, m=4).
e Classical Solution: Principal Component Analysis
1. Measure of n > m mixtures (Hardware) X —Q—V[ PCA } o { 1CA } - >y =58
2. m’ chosen by examination of the A, ‘s (EVD) 5 5 5 . . . . .
3. Projection from 1 to m' (PCA) l 2> m e o / Variable Selection algorithm using Mutual Information \
e Problem of PCA Bigenvalues of the covariance matrix C. = E[(X - E[x])2] = E(X2) Principle: select mixtures with minimum Mutual Information with already selected ones.
n—? ° notto small (> m)
~° * not to high (proccessing of n signals) : Real-Time ! (computational cost, hardware problems,...)
o Solution Proposed: selection of 7' signals (m’'< n’<« n) before applying PCA (to determine n7'). * Ex: z=3, n=8
- ~ e U, : reference
: O > W O > = S ° —
< ’ [ Sele“m} | [ PeA B T [ es - vV =E x, is selected if £ (i), x, € O, is Zy=" (out of loop)
: 5 5 minimum for i=8, where
.= > m n<m< n '~ m o~ y Subs.et O of n-(z-1) elements: £(1)=%_" I(x,u) Selected subset S -
C VAR - — z-1 signals already removed 21 selected signals
Selection Process: Real-Time Process on 11’ signals The update of S is computed in parallel with the PCA-ICA unit (working on .5').
review n signals and select n' of them. l l
Selection of interesting electrodes: Real-Time: processing of the electrodes Uy, ..., U,
\high computational cost but longer period allowed. /

/K Preprocessing to ICA \
* Whitening

 Centering data: x=x-E[x| (2 E[x]|=0), size(x)= nx s /

Application to the fECG extraction

\

* Diagonalize C,, = E[(X — E[X])?] = E(X?) by an eigenvalues decomposition (EVD): C,=VA VT

Yy =VATV X Cy = E[y?] = VAV I VA AT =] y are decorrelated !
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Projection and Separation Quality Criteria \ Signals

e Projection (Principal Component Analysis)

Corr(y,,fECG)

EVD(C,) 2 VA VI, \ (> 0)  variance along the axe V;

Projection from n to m’'-subspace: keeping the m' (here 4) first A, = keeping p % of the total variance : \\
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e Separation (Independent Component Analysis) X o8¢ { PCA ]—o—[ ICA } — y=s [ 2 N
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( 2. Estimation of p(x,u) for the
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