Independent component analysis

- Statistical independency between random
variables

- fundamental probability theory
- linear transformation

 Kullback Leibler divergence
- Marginal density estimation

- multichannel observations
» Markov process
» multichannel time series analysis
* linear mixture assumption
» convolutive mixture assumption
* blind source separation
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* problem statement
- algorithms
* Fast ICA:
http://research.ics.tkk.fi/ica/fastica/
- Jade ICA:
http://perso.telecomparistech.fr/~cardoso
/stuff.ntml
* Potts ICA

» applications
 Fetal ECG extraction
- EEG analysis
» functional MRI analysis
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Statistical independency of two random variables

Microsoft PowerPoint « ICA, ppt

Stochastic modeling of sources

e S, and S, are independent random variables
e S, and S, represent independent sources iff

p(s,,8,) = pi(s,)p,(s,)
p: joint pdf
P+, Po: marginal pdfs
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Linear transformation of two random variables

\ =

XZ = 52/1

— =/

- S1 and S2 are independent
» X1 and x2 may not independent

/L\Zx’a ANI
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{ S1(t) } sampled from S1
{ S2(t) } sampled from S2

Microsoft PowerPoint « ICA ppt
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s=rand(2,800);

A=[0.7 0.31;-0.25 0.85];
X=A*S;

p|0t(X(1 5:)!X(2! :)5'OI);

J——— f—-
m Emall E:j Save 10 Photos &8 Show Data Cursor

Figure 1: ssrand(2.800); A=(0.7 0.31:-025 0 85); x=A's; plot(x(1,:).x(2,:),'0°).

0 0.1 0.2
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Statistical dependency of linear mixtures of two
Independent random numbers

. T =

Microsoft PowerPoint « ICA ppt
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How to quantify statistical dependency of random

variables

Kullback Leibler divergence

Joint entropy
Negative marginal entropies

><] — wj\
><2 o Pz

Marginal PDF
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Joint pdf:-

D <X| > XZ)
Product of marginal PDFs % (X| / XZ)

> (%) R (Xs)

Quasi-distance between joint PDF and product of
marginal PDFs

DUPIN)

I
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Joint entropy

H (= —JP/X) In P () X

Summation of negative marginal entropies
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Marginal density estimation

* parametric density estimation

» semi-parametric density estimation
» histogram

» Parzen windows
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Multichannel observations

Microsoft PowerPoint « ICA.ppt
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Three independent sources

Microsoft PowerPaint « ICA ppt
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Linear mixtures of independent

sSources

A=eye(3)*0.8+(rand(3,3)-0.5)*0.7;
x=A"Ss;
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Problem statement
* linear mixture assumption
- given multichannel observations are linear
mixtures of independent components
 demixing process
- an effective demixing matrix whose product to

multichannel observations leads to iIndependent
components
Pod® ________________________________FFmes ________________________________0nE
< B mMm ' 134.208.26. 59/INAN A pdf - e\ N
Multi-channel observations De-mixing matrix
W
X[1] ICA =

Independent components

| f y[t]

/
\
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