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Figure 3: An illustration of blind deconvolution. The original signal is depicted on the left. On the right,
a convolved version of the signal is shown. The problem is then to recover the signal on the left, observing
only the signal on the right.

One method for performing redundancy reduction is sparse coding [7, 9, 44]. Here the idea is to represent
the data x using a set of neurons so that only a small number of neurons is activated at the same time.
Equivalently, this means that a given neuron is activated only rarely. If the data has certain statistical
properties (it is 'sparse’), this kind of coding leads to approximate redundancy reduction [44]. A second
method for redundancy reduction is predictability minimization [128]. This is based on the observation that
if two random variables are independent, they provide no information that could be used to predict one
variable using the other one.

2.3.3 Blind deconvolution

Blind deconvolution! is different from the other techniques discussed in this Section in the sense that (in
the very simplest case) were are dealing with one-dimensional time signals (or time series) instead of mul-
tidimensional data, though blind deconvolution can also be extended to the multidimensional case. Blind
deconvolution is an important research topic with a vast literature. We shall here describe only a special
case of the problem that is closely connected to ours.

In blind deconvolution, a convolved version z(t) of a scalar signal s(t) is observed, without knowing the
signal s(t) or the convolution kernel [126, 42, 54, 53, 92, 129, 130, 148]. The problem is then to find a
separating filter h so that s(t) = h(t) * z(t). An illustration can be found in Fig. 3.

The equalizer h(t) is assumed to be a FIR filter of sufficient length, so that the truncation effects can be
ignored. A special case of blind deconvolution that is especially interesting in our context is the case where
it is assumed that the values of the signal s(t) at two different points of time are statistically independent.
Under certain assumptions, this problem can be solved by simply whitening the signal x(¢). However, to solve
the problem in full generality, one must assume that the signal s(t) is non-Gaussian, and use higher-order
information [53, 129]. Thus the techniques used for solving this (special case of the) problem are very similar
to the techniques used in other higher-order methods discussed in this Section.

1Often the term ’blind equalization’ is used in the same sense.
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Figure 5: An illustration of blind source separation. This figure shows four source signals, or independent
components.

Figure 6: Due to some external circumstances, only linear mixtures of the source signals in Fig. 5, as depicted
here, can be observed.

3.5 Applications of ICA

3.5.1 Blind source separation

The classical application of the ICA model is blind source separation [80]. In blind source separation, the
observed values of x correspond to a realization of an m-dimensional discrete-time signal x(t), t = 1,2, ....
Then the independent components s;(t) are called source signals, which are usually original, uncorrupted
signals or noise sources. A classical example of blind source separation is the cocktail party problem. Assume
that several people are speaking simultaneously in the same room, as in a cocktail party. Then the problem
is to separate the voices of the different speakers, using recordings of several microphones in the room. In
principle, this corresponds to the ICA data model, where z;(t) is the recording of the i-th microphone, and
the s;(t) are the waveforms of the voices®. A more practical application is noise reduction. If one of the
sources is the original, uncorrupted source and the others are noise sources, estimation of the uncorrupted
source is in fact a denoising operation.

A simple artificial illustration of blind source separation is given in Figures 5—7. In this illustration,
deterministic signals were used for purposes of illustration. However, the spectral properties of the signals
are not used in the ICA framework, and thus the results would remain unchanged if the signals were simply
(non-Gaussian) white noise.

In [140, 141, 101], results on applying ICA for blind separation of electroencephalographic (EEG) and
magnetoencephalographic (MEG) data were reported. The EEG data consisted of recordings of brain activity
obtained using electrodes attached to the scalp. Thus a 23-dimensional signal vector was observed. The
MEG data was obtained with a more sophisticated measuring method, giving rise to a 122-dimensional signal
vector. The ICA algorithms succeeded in separating certain source signals that were so-called artifacts, or
noise sources not corresponding to brain activity [140, 141]. Canceling these noise sources is a central, and as
yet unsolved problem in EEG and MEG signal processing. ICA offers a very promising method. Similarly,
ICA can be used for decomposition of evoked field potentials measured by EEG or MEG [142, 143], which is
an application of considerable interest in the neurosciences. Application on further brain imaging data, this
time obtained by functional magnetic resonance imaging (fMRI), is reported in [104].

Another application area is on economic time series. Some work is reported in [89]. Very recently,
applications on telecommunications have also been published [125].

Since most of the research on ICA has been done with the application of source separation in mind, many
authors treating the ICA problem do not use the term ICA, but speak simply of blind source separation

3This application is to be taken rather as an illustrative example than a real application. In practice, the situation is much
more complicated than described here due to echos and, above all, time delays, see Section 7.
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Figure 7: Using only the linear mixtures in Fig. 6, the source signals in Fig. 5 can be estimated, up to some
multiplying factors. This figure shows the estimates of the source signals.

(BSS). We make, however, a clear distinction between ICA, which is a theoretical problem or data model
with different applications, and blind source separation, which is an application that can be solved using
various theoretical approaches, including but not limited to ICA. In fact, the blind source separation problem
can be solved using methods very different from ICA. In particular, methods using frequency information,
or spectral properties, are prominent (see [16, 18, 136, 147, 135, 105]). These methods can be used for
time-correlated signals, which is of course the usual case in blind source separation, but not in many other
applications of ICA (see below). Using such frequency methods, it is also possible to separate Gaussian
source signals.

3.5.2 Feature extraction

Another application of ICA is feature extraction [14, 13, 58, 74, 81, 116]. Then the columns of A represent
features, and s; is the coefficient of the i-th feature in an observed data vector x. The use of ICA for feature
extraction is motivated by the theory of redundancy reduction, see Section 2.3.2.

In [116], an essentially equivalent method based on sparse coding was applied for extraction of low-level
features of natural image data. The results show that the extracted features correspond closely to those
observed in the primary visual cortex [116, 118]. These results seem to be very robust, and have been later
replicated by several other authors and methods [14, 58, 74, 81, 116]. A systematical comparison between
the ICA features and the properties of the simple cells in the macaque primary visual cortex was conducted
in [139, 138], where the authors found a good match for most of the parameters, especially if video sequences
were used instead of still images. The obtained features are also closely connected to those offered by wavelet
theory and Gabor analysis [38, 102]. In fact, in [68, 74] it was shown how to derive a completely adaptive
version of wavelet shrinkage from estimation of the noisy ICA model. Application of these features on data
compression and pattern recognition are important research topics.

3.5.3 Blind deconvolution

A less direct application of the ICA methods can be found in blind deconvolution (see Section 2). Due to the
fact that the values of the original signal s(t) are independent for different ¢, this problem can be solved using
essentially the same formalism as used in ICA, as noted above. Indeed this problem can also be represented
(though only approximately) by Eq. (11); then the realizations of x and s are vectors containing n = m
subsequent observations of the signals z(t) and s(t), beginning at different points of time. In other words,
a sequence of observations x(t) is such that x(t) = (z(t + n — 1),z(t + n — 2),...,z(t))? for t = 1,2,... .
The square matrix A is determined by the convolving filter. Though this formulation is only approximative,
the exact formulation using linear filters would lead to essentially the same algorithms and convergence
proofs. Also blind separation of several convolved signals (’'multi-channel deconvolution’) can be represented
combining these two approaches, see, for example, [41, 123, 137, 149, 150, 134, 92].

3.5.4 Other applications

Due to the close connection between ICA and projection pursuit on the one hand, and between ICA and
factor analysis on the other, it should be possible to use ICA on many of the applications where projection
pursuit and factor analysis are used. These include (exploratory) data analysis in such areas as economics,
psychology, and other social sciences, as well as density estimation, and regression [46, 57].

12



4 OBIV()F

4
s_
4 Oj v f v g
+
[ ]
[ ]
84 M1 f
43 L k h ddw k
m
L lo f +Tln|det |



g g
g
g
f g f
4
43  Mu uf d K ub k-lb dg
I
Y
Tyyym /] K
H
y
i yy m ] H lo |det |

5f f /fylo—d—fﬁy y

4Note that it is possible, at least in theory, to consider the robustness of estimators even in the case of the ICA model without
any noise. This is because the distribution of s may be e-contaminated, or contain outliers, even if x were generated from s
exactly according to the noise-free model. A more realistic analysis of robustness would require, however, the introduction of
noise in the model.



o)
X

3

IyzC’ +4—8

Cy

433 N - .

<

434 N - CA

A4 v Ay Jrym f
Y
Y
Yy
+ K3yhsl/6 + kayhal/4 +
K Y

4dk3y + K4y +Tky * 6Ky Ky

Yj



435 Hgh d wu u

Ji K

436 W gh d v X



44 N g

Ygauss

vy

hyy F

Iy

Egauss Ij



G
44 Hgh d wuu
A z A
A A A ||| I
m
A Z 2
llz||
J
z te;
+ A e;
A
+
d s
A
5
443 G fu

5Here we consider robustness to be one form of optimality, in particular, minimax-optimality in the neighborhood of the
assumed model in a space of statistical models [56].



G
Y
Jay T v@
v Y
p Y
Ja J
Ja
Yy G
Ja
Ja
p Ja
G
G u locoshau G u ep
aa 2
<a<
a
%53 fy gv w f

au /

Gy

4JG



BQ

5 A GH

vV B

vQ

vv

v B

BB



lg

Hé 1lg

949

A

1k

A jxy w5/

A «x I gy
xI yyv & vy +yw
1 f x

UQ



JTe!

PC

lg

A xg 7]

+

A xr g
r G

+al



50

1(

lg

lg

pv ) Ig



fl






K

+K

>

r>3

JJ



Vi

> 3

[

= L L N

~

=

<

C 4 ¥



Adve

Adve

JJ

G be

JB

JB
Rsc

S

S

IEEFE

Ss

c

c. ICASSP-95
P

P

P

c ss 8

c ss 9

?7 P

Cp

. S.P.

N uk

c. NOLTA

c. ICASSP 89

cd

cp



p c. ICASSP 90 -

P c. ICASS P91 -

J
P c. EU SIPCO - B B

J I EEE L s S P -
c ss -

J BP c d s IEEE -

J P c. ICASSP 98

J Ad pv Usp vsd

P ¢. I SCAS’96 -

J BI FEEE T s. S
Pc ss -

J B IEEPc¢ d sF

D S Pc ss -

N ¢p -
N Nw ks S Pc ss d Op =z
I EEET s. C ¢ s dSs s -
P c. L S ps A fic N N uks I SANN-94
B S Pc ss VI:T sd Appc

(P ¢. EU SIPCO) -
- 78 P c ss -

B J
J. Cp d G pc S s cs -
J
I EEET s. B & E -

N N uks -



S P ¢ ss -
P
A
E c cs L s
J
J J
T s c p s -
J J
B
cC b cs -
X J
PceclCA fic N N uks
J
Fe A s
Bd Dcv
Ad puv F T
JR sS s ¢S
J T A
Ja
aI A ss 97
P
Lc A fic N N ks
IEEE I C Ac s ¢s, Spc ds

pp dT S

Cp

(ICANN’98)

CcS

Pc ss

cS

sS

c S

(ICASSP’97)

s cA

sA s

ssc

N uks

§ CS

s cA

sII

§sC

Sc

P c.

Scd v

c. ICASS P96

IEEE

P c.



N N ks S P ¢css VII(Pc IEEEW ks p N Nw ksS
Pc ss ) -

N c¢p -
Adv c s N I Pc ss Ss s 10 -
IEEE
T s N N uks
P c.
IL Sp. Cc s dSs s
N P ¢ ss L s
N C »p
P c. L J N Nw ks
P c. I J N Nw ks
rLJ
N Ss s -
N
c p -
S P c S8 —
J
Pe L a P R ¢ (ICPR’98) -
B
N N ks -
a a V4
P ¢ I W ksp Id pd Cp
A s s dS S p (ICA’99) -
JP cp C p A s s A"



J C ¢ é ¢ ds , s
J J B
S P ¢ ss -
J a A% J
P c. [EEE I C Ac
(ICASSP’97) -
J J J
N N ks -
J JJ
N Nw ks -
J A% JJ
I EEE T  s. N N ks
J B
P c. IEEE I C Ac s ¢s, Spc d S Pc ss
J
N ¢ p -
M v A s s &
T Adv ¢d T S cs
ICONIP’98 — J
S -0 =z M ps VB
B J¢
P ¢c. EU SIPCO -
M ¢ B d Dcv cFI RM =z A
Mz ]
B J Vv
P ¢. IC ONIP
B c —
J B J
I J M
J
B B
N uks S Pc ss VII -

¢ ps s dép d

scs,Sp ¢c dS P

(ICASSP’97)
&
Y
b d Sp
¢ d C p
N Cp

P c.



Adve s N I P ¢ ss 10 (P c. NIPS*97) -
J Adve s N I-
P ¢ ss 10 (P c. NIPS*97) -
B

IEEET s. S P c $s -

J B J J
Adv ¢ s N I PR ss Ss s 8 -

IEEE

T s PA MI -

P c. ICASS P’96 -

B J JB V
B H B M pp
P s.Rv L . -
P c. IEEE S Pc ss W ks pH Od S s cs -
J
J
Pc IEEE I C Ac s ¢s, Spc d S
Pc¢ ss (ICASSP’97) -
J
N uk -
J IEEE S P c ss M
z - J
J. M ¢ B
J N Ss s -
N c¢p
P
I Ws p Id pd C p A ss dS Sp (ICA’99) -

J M. A ss dA pr s -



A fic N N wks, P ¢. ICANN’91 -
B J
N _
B J Nw k
B J
V?Vs Rsc -
B N c¢p -
i J
P c. L C N I Pc ss -
J
P cd s 1997 I C A fie N N uks (ICANN’97) -
P bb , R d V. bs d S s cPc sss
B P c¢. IC ONIP’96
J
P c¢. EU SIPCO -
JJ
Pe I Wes p Id pd CpA ss d S S p (ICA’99)
Y IEEFE
T s C c s -
T S s cs
J B
N Cp
IEEE T s. 1 T -
IEEE T s.
I T
B S P ¢ ss -
J SIAMJ. Sc.Cp . -
J Pec E p

BB



V 4 E
cpc .N p s . —

V4 V] a 4 aa

Adve
Pc ss 10 (P c. NIPS97) -

Va J & &

P c. L C A fic N Nuw

Va J & avy a

ks (ICANN’98)

P c. I Wes pId
das S P (ICA’99) -
IEEE T s. ASS P
YJ
J N Ss s -
IEEE T
A% IEEE
T s. SA P -
G p
Y I
Pc ss -
Y

S P ¢ ss -

pd

C

EEE T

c. I SCAS

c. ICAS-

. ASS P

IEEE T s.



