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ABSTRACT 
In this paper a new formula for natural gradient based learn-
ing in blind source separation (BSS) problem is derived. This 
represents a different gradient from the usual one in [1], but 
can still considered natural since it comes from the definition 
of a Riemannian metric in the matrix space of parameters. 
The new natural gradient consists on left multiplying the 
standard gradient for an adequate term depending on the pa-
rameter matrix to adapt, whereas the other one considers a 
right multiplication. The two natural gradients have been 
employed in two ICA based learning algorithms for BSS and 
it resulted they have identical behavior. 

1. INTRODUCTION 

Many optimization tasks in literature are based on the mini-
mization (or maximization) of a cost function l, properly 
defined in relation to the addressed problem. The most used 
technique is the gradient descent (or ascent), that searches the 
global critical points of l by employing the gradient to the 
surface determined by l. A relevant improvement has been 
recently introduced in literature to speed such a searching up: 
it consists on substituting the standard gradient with a new 
one, namely the natural gradient. This is justified by the 
property of being Riemannian of the space of parameter in-
terested to optimization, as shown in [1], [2]. Therefore a 
Riemannian metric must be known and in dependence of that 
the direction of gradient can be adjusted to make conver-
gence faster. The measure of such an adjustment has been 
derived by Amari [1] in his steepest descent theorem, accord-
ing to which, given a generic Riemannian space 

{ }n= ∈ω RS  and a cost function l defined on it, the steepest 
descent direction is: 

( ) ( ) ( )1l G l−∇ = ∇ω ω ω                         (1) 

where ( )l∇ ω  is the conventional gradient, ( )l∇ ω  is the 

here-defined natural gradient, and ( )1G− ω  is the inverse of 
the metric tensor. It is obvious that derivation of suitable 
formulas for natural gradient is strictly linked to the problem 
under study, and it necessarily passes through the calculation 
of the metric. 
Here blind source separation (BSS) is considered, and 

( )1G− ω  has been already derived in literature [1], [3] and 
corresponding natural gradient learning rules (relative to dif-

ferent algorithms) as well. Such rules have relevant proper-
ties, like Newton-like performances at gradient cost, and 
equivariance [4]. These also occur if relative gradient, de-
fined by Cardoso and Laheld [5], is applied. 
The same has been done in other relevant cases, as blind de-
convolution problem and adaptation of multilayer neural 
network. Moreover, it has also been shown that natural gra-
dient online learning is asymptotically Fisher efficient [1]. 
In all these considerations the Riemannian metric has been 
given without considering the chance of defining different 
ones that could lead to derivation of different natural gradi-
ents. This is what the authors have tried to show in the pre-
sent paper, addressing the BSS problem. Moving from the 
same idea developed by Amari in [1] to define the Rieman-
nian metric, a new tensor ( )G ω is formulated and accord-
ingly a new natural gradient formula. The usual one and the 
novel one have been implemented in two learning ap-
proaches for BSS and interesting results obtained. 

2. BLIND SOURCE SEPARATION 

As addressed in literature, BSS [6], [7] is the problem of re-
covering the original m-sources vector ( )ku  mixed by a non-
singular m-by-n matrix A , the mixing matrix, when both are 
unknown and the only available information is the mixed n-
signals vector =x Au , a part from hypotheses of statistical 
independence and non-gaussianity of input sources and 
n m> . This is achieved by determining an n-by-m ma-
trix W , the demixing matrix, such that the resulting output 
=y Wx  is equal to ( )ku up to permutation and scaling ma-

trices, P and D  respectively. That can be expressed as: 

= = =y Wx WAu DPu                            (2) 

The overall structure of BSS is depicted in Figure 1, where 
the contribute of noise ( )kv  is also taken into account. We 
shall fix ( )kv  to zero in the following. 
Different methods have been proposed in literature to solve 
this kind of problem, generally borrowed from Information 
Theory. We are going to consider here two ICA based ap-
proaches: one is based on minimization of mutual informa-
tion whereas the other, proved to be equivalent to maximum 
likelihood approach, on maximization of output entropy (the 
Infomax approach). It has been shown that they yield the 
same solution under ideal condition of perfect reconstruction.  
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Both of them consist on adapting the de-mixing matrix by 
using gradient information deriving from derivatives of suit-
able cost function ( ),l x W respect with the elements of W . 
The learning rule can be written as follows: 

( ),lη∆ = ± ∇W x W                           (3) 

where the sign indeterminacy allows to consider both maxi-
mization and minimization of ( ),l x W . Equation (3) obvi-
ously assumes different forms in dependence of the cost 
function chosen. The first ICA based method addressed 
minimizes the Kullback-Leibler divergence ( )f f

D W  be-

tween two proper distributions: the probability density func-
tion ( ),fy y W  parameterized by W , and the corresponding 

factorial distribution ( ) ( )
1

, ,
i

m

y i
i

f f y
=

=∏y y W W , that is the 

product of all marginal probability density functions of out-
put y . As derived in [6], [7], the final formula for the stan-
dard gradient based learning rule is the following: 

( ) T Tη ϕ − ∆ = − W I y y W                    (4) 

where ( )ϕ y  is the activation function and T stands for trans-

position. Infomax maximizes the entropy ( )H z  where 

( )g=z y  and g is the final nonlinearity whose shape de-
pends on the knowledge of the prior distribution of sources. 
Under this hypothesis, the learning rule is: 

( )1 2T Tη − ∆ = + − W W z x                     (5) 

as derived in [6], [7], always valid in case of standard gradi-
ent. We are going to consider square dimensions for the in-
volved matrices in the following. As already done, the time 
step will be omitted to simplify notation. 
 
 
 
 
 
 
 
 
 
Figure 1. Structure of blind source separation problem. 
 

3. NATURAL GRADIENTS IN MATRIX SPACES 

As aforementioned, the natural gradient, as defined in (1), 
represents the steepest descent direction of cost function 
( ),l x W  to maximize (or minimize) in a Riemannian space. 

Consequently, this links the natural gradient definition to that 
one of Riemannian metric over the parameter space. Such a 
space is the space W  of invertible matrix  m m×W  on R  and 
it satisfies all properties of Lie groups, if we consider the 

usual matrix product as operation of multiplication between 
two elements of the group. 
We are going to show two different but related ways to de-
fine a Riemannian metric on W , i.e. the tensor field 
( )G W determining a W -point wise inner product for the 

tangent space TWW  [8]. Both of them will get started from 
definition of such an inner product by means of a two-step 
procedure: 
1) Definition of the inner product relative to a point in 

W (the identity matrix I , the neutral element of the 
group). 

2) Imposing that the W -point wise inner product be in-
variant to translations in W . 

Such a translation operation is nothing but a function that 
allows to move in the parameter space. It is defined as fol-
lows, taking into account that W is a non-commutative 
group: 

: :
( ) ( )

  Right Translation Left Translation

→ →

= ⋅ = ⋅ ∀ ∈
V V

V VW W V W V W V
T T

T T

W W W W
W  

Hence, given a curve ( ) :[ 1,1] , (0)tγ γ− → = VW , we can 
also apply the translation operation to  the curve ( )tγ  and to 
its derivative: 

0

( )(0) T
t

d t
dt
γγ

=

= ∈ V W  

Canonical inner product has been chosen as inner product at 
the “starting point” I , with (0), '(0)γ γ= =A B  tangent 
vectors belonging to TI W : 

1 1
,

m m

ij ij
i j

a b
= =

= ∑∑I
A B  

Now, we can proceed with the second step of aforementioned 
procedure: it requires to distinguish between the two possible 
translation modes. 
 
3.1. Right Translation 
 
Here we require that: 

, ( ), ( )

, ,
W W WW

W I

A B A B

A W B W A B

= =

⋅ ⋅

T T
             (6) 

The bi-linearity property of inner product and easy calcula-
tions let the following hold: 

( ),
, , ,

, ij kl ij kl
i j k l

a b G W= ∑W
A B                    (7) 

where , ( ) ,ij kl ij kl W
G =W E E  and the only ijE  entry not 

equal to zero is in location ( ),i j . Observing that (6) must be 
valid also for W -element like ijE , the following equation 

A W 
u(k) y(k) 

v(k) 

Σ
x(k) 
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can be derived to describe the tensor defining the Rieman-
nian metric: 

( ) 1 1
,

1 1

1

,ijij kl kl

m

jcik lc ik jl
c

G

hδ δ

− −

− −

=

= ⋅ ⋅ =

= =∑
I

W

W E W E W

W W
       (8) 

where ( ) ( )1 1 T

ijh − −= =W WH W W . 

A part from different notation, what just described is nothing 
but what Amari derived in [1], as (8) states. This let us an-
ticipate the final formula for natural gradient associated with 
the aforementioned metric, namely right natural gradient: 

( ) ( ) Tl l∇ = ∇W W W W                     (9) 

Derivation of (9) gets started from substituting (8) in (7) and 
operating as follows: 

 
1 1 1 1 1 1 1

,
m m m m m m m

ij kl ik jl ij kl jl
i j k l r j l

a b h a b hδ
= = = = = = =

= =∑∑∑∑ ∑∑∑W W

W
A B  

that can be further reduced as 

( ) ( )( )
1

,
m T

r r
r=

= ∑ W

W
A B A H B . 

This authorizes us to apply the theorem of steepest descent 
(1) separately for each row of the gradient ( )l∇ W calculated 

at W . In such a way we can identify the inverse of ( )G W  

as the inverse of WH  and write: 

( )( ) ( ) ( )( )1T T
r rl l

−
∇ = ∇WW H W                  (10) 

It can be straightforward derived that T=WH WW  by 

( )( ) ( )( ) ( ) ( )( )1 1 1 11 1 1 1 1
TT T− − − −− − − − −= =W W W W W W . 

Substituting this result in (10) and addressing all gradient 
rows, it results that ( )( ) ( )( )T TTl l∇ = ∇W W W W and con-
sequently (9). 
 
3.2. Left Translation 
 
Here we require that: 

, ( ), ( ) , ,W WW W W I
A B A B W A W B A B= = ⋅ ⋅T T  

The following equalities can be derived through similar con-
siderations as before: 

( )

( )

,
, , ,

1 1
,

1

, ij kl ij kl
i j k l

m

icij kl jl ck jl ik
c

a b G W

G hδ δ− −

=

=

= =

∑

∑

W

W

A B

W W W
 

where ( ) ( )1 1T

ijh − −= =W WH W W and the new tensor of the 

new metric is ( ) 1 1
, ,ijij kl klG − −⋅= ⋅

I
W W E W E . 

Now we can proceed as done before in right natural gradient 
case, observing first that: 

( )( )
1

,
m

T
c c

c=
= ∑ W

W
A B A H B  

and then applying the steepest descent theorem separately for 
each column of the gradient ( )l∇ W calculated at W . 

Hence, we can move from ( ) ( ) ( )1

c cl l
−

∇ = ∇WW H W   and 

calculate ( ) 1 T−
=WH WW , to derive finally the expression 

of left natural gradient: 

( ) ( )Tl l∇ = ∇W WW W                          (11) 

4. EXPERIMENTAL RESULTS 

In this section performances of the two ICA based learning 
algorithms are analyzed both when natural gradients and 
standard gradient are applied. Application of (9) and (11) to 
(4) and (5) leads to the following natural gradient based 
learning rules: 

( )
( )

T

T T

right

left

η ϕ

η ϕ

 ∆ = − 
 ∆ = − 

W I y y W

W W I W y x
         (12) 

( )
( )

1 2

1 2

T

T T

right

left

η

η

 ∆ = + − 
 ∆ = + − 

W I z y W

W W I W z x
         (13) 

Looking at (12) and (13), it seems that that the equivariance 
property is not satisfied by the new natural gradient. Indeed, 
being ( ) ( )k k=C W A  the global matrix describing the 
overall system, we can not specify the updating rule for the 
global matrix only in function of itself, as conversely it does 
in case of right natural gradient [3], [7]: 

( )
( )

1

1 2 2

C C WW y x A

C C WW z x A

T T

T T

ICA based method

ICA based method

η ϕ

η

 ∆ = − 
 ∆ = + − 

 

However, such property is satisfied again if we describe the 
system in Figure 1, interpreting  ( )ku as a row-vector, in-
stead of a column vector, as done till now. Equation (2)  can 
be now written as: 

y xW uAW uDP= = =  

while, the learning rules (4) and (5) become: 

( )
( )

1

1 2 2

W W I y y

W W x z

T T

T T

ICA based method

ICA based method

η ϕ

η

−

−

 ∆ = − 
 ∆ = + − 
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allowing us to derive the following ones in global matrix 
notation (now ( ) ( )C AWk k= ), in case of left natural gra-
dient: 

( )
( )

1

1 2 2

C C I y y

C C I y z

T

T

ICA based method

ICA based method

η ϕ

η

 ∆ = − 
 ∆ = + − 

 

The example dealt with considers a system involving 
2

1 = sin(400k)cos (30K)u  2 = sign(sin(150k+15cos(30k)))u  
as the two independent sources, while the mixing matrix is 

= [0.56,0.79;-0.75,0.65]A . Simulations have been per-
formed by using the batch version of considered learning 
algorithms, leaving unchanged the parameter values: number 
of iterations, learning rateη , number of signal samples and 
epoch size.  Figures 2-3 and Table 1 show how the employ-
ment of natural gradient allows to get a relevant improve-
ment respect with the standard gradient, while right and left 
translation based versions have basically identical behaviour.  
 
 

Learning algo-
rithms 

1st channel S/N 
[dB] 

2nd channel S/N 
[dB] 

Standard gradient Infomax 12.94 9.89 

Right natural gradient 
Infomax 93.39 94.34 

Left natural gradient In-
fomax 96.20 89.77 

Standard gradient ICA 14.52 10.22 

Right natural gradient ICA 118.93 120.41 

Left natural gradient ICA 124.20 102.04 

Table 1. S/N ratios in all cases addressed. They are relative to 
the number of iterations at which natural gradient based algo-
rithms get convergence. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2. Signals involved in BSS problem: sources, mixed, 
and recovered. They are valid for all addressed algorithms (at 
convergence point). 

5. CONCLUSION 

A mathematical demonstration for derivation of a new natu-
ral gradient based learning rule for BSS problem has been 
provided. The definition of a different Riemannian metric 
from the usual one allowed to get an original natural gradient 
that behaves as well as that one proposed in [1], when ap-
plied to ICA and Infomax learning algorithms. This fact has 
relevant implications, since we can assume to derive other 
different natural gradients once we will be able to define 
proper Riemannian metrics in the parameter space. Conse-
quently, we could be interested to compare and rate their 
performances when applied to BSS learning algorithms. 
These aspects are actually under study. Another point to in-
vestigate should be the calculation of original natural gradi-
ents in other spaces, as those ones of perceptrons and  dy-
namical linear systems. 
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Figure 3. Decaying shapes of S/N ratios of two output signals 
for three cases under study. 
 

REFERENCES 
[1] S.I. Amari, “Natural Gradient works efficiently in learn-
ing”, Neural computation, vol. 10, pp. 251-276,1998. 
[2] S. Douglas and S. Amari, ''Natural-gradient adaptation'', 
Chapter 2 (pp. 13-61) in S. Haykin (ed.), Unsupervised 
Adaptive Filtering, vol. I, Wiley 2000. 
[3] A. Cichocki, and S.I. Amari, Adaptive Blind Signal and 
Image Processing, Wiley&Sons, England, 2002. 
[4] J.F. Cardoso, “Learning in Manifolds: the case of Source 
Separation”, Proceedings of IEEE SSAP, USA, 1998. 
[5] J.F. Cardoso and B.H. Laheld, “Equivariant adaptive 
source separation”, IEEE Trans. Signal Processing, vol.44, 
pp. 3017-3030, December 1996. 
[6] T.W.Lee, M. Girolami, A. J. Bell, and T.J.Sejnowski, “A 
unifying information-theoretic framework for indipendent 
component analysis”, International journal of computers and 
mathemathics with applications, 1999. 
[7] S.Haykin, Neural Networks – A comprehensive Founda-
tion. Prentice Hall, February 1999. 
[8] W. Boothby, An Introduction to Differentiable Manifolds 
and Riemannian Geometry. Academic Press, 2nd ed., 1986. 

596


	Index
	EUSIPCO 2004 Home Page
	Conference Info
	Exhibition
	Welcome message
	Venue access
	Special issues
	Social programme
	On-site activities
	Committees
	Sponsors

	Sessions
	Tuesday 7.9.2004
	TueAmPS1-Coding and Signal Processing for Multiple-Ante ...
	TueAmSS1-Applications of Acoustic Echo Control
	TueAmOR1-Blind Equalization
	TueAmOR2-Image Pyramids and Wavelets
	TueAmOR3-Nonlinear Signals and Systems
	TueAmOR4-Signal Reconstruction
	TueAmPO1-Filter Design
	TueAmPO2-Multiuser and CDMA Communications
	TuePmSS1-Large Random Matrices in Digital Communication ...
	TuePmSS2-Algebraic Methods for Blind Signal Separation  ...
	TuePmOR1-Detection
	TuePmOR2-Image Processing and Transmission
	TuePmOR3-Motion Estimation and Object Tracking
	TuePmPO1-Signal Processing Techniques
	TuePmPO2-Speech, Speaker, and Emotion Recognition
	TuePmSS3-Statistical Shape Analysis and Modelling
	TuePmOR4-Source Separation
	TuePmOR5-Adaptive Algorithms for Echo Compensation
	TuePmOR6-Multidimensional Systems and Signal Processing
	TuePmPO3-Channel Estimation, Equalization, and Modellin ...
	TuePmPO4-Image Restoration, Noise Removal, and Deblur

	Wednesday 8.9.2004
	WedAmPS1-Brain-Computer Interface - State of the Art an ...
	WedAmSS1-Performance Limits and Signal Design for MIMO  ...
	WedAmOR1-Signal Processing Implementations and Applicat ...
	WedAmOR2-Continuous Speech Recognition
	WedAmOR3-Image Filtering and Enhancement
	WedAmOR4-Machine Learning for Signal Processing
	WedAmPO1-Parameter Estimation: Methods and Applications
	WedAmPO2-Video Coding and Multimedia Communications
	WedAmSS2-Prototyping for MIMO Systems
	WedAmOR5-Adaptive Filters I
	WedAmOR6-Speech Analysis
	WedAmOR7-Pattern Recognition, Classification, and Featu ...
	WedAmOR8-Signal Processing Applications in Geophysics a ...
	WedAmPO3-Statistical Signal and Array Processing
	WedAmPO4-Signal Processing Algorithms for Communication ...
	WedPmSS1-Monte Carlo Methods for Signal Processing
	WedPmSS2-Robust Transmission of Multimedia Content
	WedPmOR1-Carrier and Phase Recovery
	WedPmOR2-Active Noise Control
	WedPmOR3-Image Segmentation
	WedPmPO1-Design, Implementation, and Applications of Di ...
	WedPmPO2-Speech Analysis and Synthesis
	WedPmSS3-Content Understanding and Knowledge Modelling  ...
	WedPmSS4-Poissonian Models for Signal and Image Process ...
	WedPmOR4-Performance of Communication Systems
	WedPmOR5-Signal Processing Applications
	WedPmOR6-Source Localization and Tracking
	WedPmPO3-Image Analysis
	WedPmPO4-Wavelet and Time-Frequency Signal Processing

	Thursday 9.9.2004
	ThuAmSS1-Maximum Usage of the Twisted Pair Copper Plant
	ThuAmSS2-Biometric Fusion
	ThuAmOR1-Filter Bank Design
	ThuAmOR2-Parameter, Spectrum, and Mode Estimation
	ThuAmOR3-Music Recognition
	ThuAmPO1-Image Coding and Visual Quality
	ThuAmPO2-Implementation Aspects in Signal Processing
	ThuAmSS3-Audio Signal Processing and Virtual Acoustics
	ThuAmSS4-Advances in Biometric Authentication and Recog ...
	ThuAmOR4-Decimation and Interpolation
	ThuAmOR5-Statistical Signal Modelling
	ThuAmOR6-Speech Enhancement and Restoration I
	ThuAmPO3-Image and Video Watermarking
	ThuAmPO4-FFT and DCT Realization
	ThuPmSS1-Information Transfer in Receivers for Concaten ...
	ThuPmSS2-New Directions in Time-Frequency Signal Proces ...
	ThuPmOR1-Adaptive Filters II
	ThuPmOR2-Pattern Recognition
	ThuPmOR3-Rapid Prototyping
	ThuPmPO1-Speech/Audio Coding and Watermarking
	ThuPmPO2-Independent Component Analysis, Blind Source S ...
	ThuPmSS3-Affine Covariant Regions for Object Recognitio ...
	ThuPmOR4-Source Coding and Data Compression
	ThuPmOR5-Augmented and Virtual 3D Audio
	ThuPmOR6-Instantaneous Frequency and Nonstationary Spec ...
	ThuPmPO3-Adaptive Filters III
	ThuPmPO4-MIMO and Space-Time Communications

	Friday 10.9.2004
	FriAmPS1-Getting to Grips with 3D Modelling
	FriAmSS1-Nonlinear Signal and Image Processing
	FriAmOR1-System Identification
	FriAmOR2-xDSL and DMT Systems
	FriAmOR3-Speech Enhancement and Restoration II
	FriAmOR4-Video Coding
	FriAmPO1-Loudspeaker and Microphone Array Signal Proces ...
	FriAmPO2-FPGA and SoC Realizations
	FriAmSS2-Nonlinear Speech Processing
	FriAmOR5-OFDM and MC-CDMA Systems
	FriAmOR6-Generic Audio Recognition
	FriAmOR7-Image Representation and Modelling
	FriAmOR8-Radar and Sonar
	FriAmPO3-Spectrum, Frequency, and DOA Estimation
	FriAmPO4-Biomedical Signal Processing
	FriPmSS1-DSP Applications in Advanced Radio Communicati ...
	FriPmOR1-Array Processing
	FriPmOR2-Sinusoidal Models for Music and Speech
	FriPmOR3-Recognizing Faces
	FriPmOR4-Video Indexing and Content Access


	Authors
	All authors
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z
	Ö

	Papers
	All papers
	Papers by Sessions
	Papers by Topics

	Topics
	1. DIGITAL SIGNAL PROCESSING
	1.1 Filter design and structures
	1.2 Fast algorithms
	1.3 Multirate filtering and filter banks
	1.4 Signal reconstruction
	1.5 Adaptive filters
	1.6 Sampling, Interpolation, and Extrapolation
	1.7 Other
	2. STATISTICAL SIGNAL AND ARRAY PROCESSING
	2.1 Spectral estimation
	2.2 Higher order statistics
	2.3 Array signal processing
	2.4 Statistical signal analysis
	2.5 Parameter estimation
	2.6 Detection
	2.7 Signal and system modeling
	2.8 System identification
	2.9 Cyclostationary signal analysis
	2.10 Source localization and separation
	2.11 Bayesian methods
	2.12 Beamforming, DOA estimation, and space-time adapti ...
	2.13 Multichannel signal processing
	2.14 Other
	3. SIGNAL PROCESSING FOR COMMUNICATIONS
	3.1 Signal coding, compression, and quantization
	3.2 Modulation, encoding, and multiplexing
	3.3 Channel modeling, estimation, and equalization
	3.4 Joint source - channel coding
	3.5 Multiuser communications
	3.6 Multicarrier systems
	3.7 Spread-spectrum systems and interference suppressio ...
	3.8 Performance analysis, optimization, and limits
	3.9 Broadband networks and subscriber loops
	3.10 Application-specific systems and implementations
	3.11 MIMO and Space-Time Processing
	3.12 Synchronization
	3.13 Cross-Layer Design
	3.14 Ultrawideband
	3.15 Other
	4. SPEECH PROCESSING
	4.1 Speech production and perception
	4.2 Speech analysis
	4.3 Speech synthesis
	4.4 Speech coding
	4.5 Speech enhancement and noise reduction
	4.6 Isolated word recognition and word spotting
	4.7 Continuous speech recognition
	4.8 Spoken language systems and dialog
	4.9 Speaker recognition and language identification
	4.10 Other
	5. AUDIO AND ELECTROACOUSTICS
	5.1 Active noise control and reduction
	5.2 Echo cancellation
	5.3 Psychoacoustics
	5.5 Audio coding
	5.6 Signal processing for music
	5.7 Binaural systems
	5.8 Augmented and virtual 3D audio
	5.9 Loudspeaker and Microphone Array Signal Processing
	5.10 Other
	6. IMAGE AND MULTIDIMENSIONAL SIGNAL PROCESSING
	6.1 Image coding
	6.2 Computed imaging (SAR, CAT, MRI, ultrasound)
	6.3 Geophysical and seismic processing
	6.4 Image analysis and segmentation
	6.5 Image filtering, restoration and enhancement
	6.6 Image representation and modeling
	6.7 Digital transforms
	6.9 Multidimensional systems and signal processing
	6.10 Machine vision
	6.11 Pattern Recognition
	6.12 Digital Watermarking
	6.13 Image formation and computed imaging
	6.14 Image scanning, display and printing
	6.15 Other
	7. DSP IMPLEMENTATIONS, RAPID PROTOTYPING, AND TOOLS FO ...
	7.1 Architectures and VLSI hardware
	7.2 Programmable signal processors
	7.3 Algorithms and applications mappings
	7.4 Design methodology and rapid prototyping
	7.6 Fast algorithms
	7.7 Other
	8. SIGNAL PROCESSING APPLICATIONS
	8.1 Radar
	8.2 Sonar
	8.3 Biomedical processing
	8.4 Geophysical signal processing
	8.5 Underwater signal processing
	8.6 Sensing
	8.7 Robotics
	8.8 Astronomy
	8.9 Other
	9. VIDEO AND MULTIMEDIA SIGNAL PROCESSING
	9.1 Signal processing for media integration
	9.2 Components and technologies for multimedia systems
	9.4 Multimedia databases and file systems
	9.5 Multimedia communication and networking
	9.7 Applications
	9.8 Standards and related issues
	9.9 Video coding and transmission
	9.10 Video analysis and filtering
	9.11 Image and video indexing and retrieval
	10. NONLINEAR SIGNAL PROCESSING AND COMPUTATIONAL INTEL ...
	10.1 Nonlinear signals and systems
	10.2 Higher-order statistics and Volterra systems
	10.3 Information theory and chaos theory for signal pro ...
	10.4 Neural networks, models, and systems
	10.5 Pattern recognition
	10.6 Machine learning
	10.9 Independent component analysis and source separati ...
	10.10 Multisensor data fusion
	10.11 Other
	11. WAVELET AND TIME-FREQUENCY SIGNAL PROCESSING
	11.1 Wavelet Theory
	11.2 Gabor Theory
	11.3 Harmonic Analysis
	11.4 Nonstationary Statistical Signal Processing
	11.5 Time-Varying Filters
	11.6 Instantaneous Frequency Estimation
	11.7 Other
	12. SIGNAL PROCESSING EDUCATION AND TRAINING
	13. EMERGING TECHNOLOGIES

	Search
	Help
	Browsing the Conference Content
	The Search Functionality
	Acrobat Query Language
	Using Acrobat Reader
	Configurations and Limitations

	About
	Current paper
	Presentation session
	Abstract
	Authors
	Andrea Arcangeli
	Stefano Squartini
	Francesco Piazza



