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ABSTRACT

The two-dimensional autoregressive modelling problem is
attempted using a combination of the Yule-Walker system
of equations and the Yule-Walker system of equations in the
third-order statistical domain. A novel weighting scheme
that relates the contribution of the two systems is proposed
and some simulations results are provided to verify the im-
proved estimations.

1. INTRODUCTION

Two-dimensional (2-D) autoregressive (AR) modelling has
been used as one of the methods to characterise textured
images [2][3]. Each texture is described by a different set
of 2-D AR model coefficients. In the literature, two of the
most commonly used methods for solving the AR model co-
efficients estimation problem are the Yule-Walker system of
equations (YW) and the Yule-Walker system of equations in
the third-order statistical domain (YWT). The YW method
uses the second-order moment samples of the signals, which
are sensitive to the external Gaussian noise. However, the
estimated coefficients arisen from a number of realisations
have lower variances [7][8]. The YWT methods employs the
third-order moments, which result in that the external Gaus-
sian noise can be eliminated, but the variances computed
from a number of realisations are higher than the variances
obtained from the YW method. In [1], the authors proposed
a method which uses both the YW and YWT. The weight-
ing matrix that related the contribution of the two systems
was taken to be an identity matrix, i.e., both second-order
and third-order moment samples contribute equally. From
the simulations, it was found that the estimation results are
not close to the original values for low SNR (signal-to-noise)
systems. In this paper, a new weighting scheme is proposed,
which results in improved AR model coefficients estimation
in both low and high SNR systems.

2. TWO-DIMENSIONAL AUTOREGRESSIVE
MODEL

Let us consider a digitised image x of size M×N. Each pixel
of x is characterised by its location [m,n] and can be repre-
sented as x[m,n], where 1 ≤ m ≤ M, 1 ≤ n ≤ N and x[m,n]
is a positive intensity (gray level) associated with it. A two-
dimensional (2−D) autoregressive (AR) model is defined as
[4]

x[m,n] = −
p1

∑
i=0

p2

∑
j=0

a[i, j]x[m− i,n− j]+w[m,n], (1)

where [i, j] 6= [0,0],
a[i, j] is the AR model coefficient,
w[m,n] is the input driving noise, and
p1 × p2 is the order of the model.

The driving noise, w[m,n], is assumed to be zero-
mean, i.e., E{w[m,n]} = 0 and non-Gaussian. The AR
model coefficient a[0,0] is assumed to be 1 for scaling
purposes, therefore we have [(p1 +1)(p2 +1)−1] unknown
coefficients to solve.

An external zero-mean Gaussian noise, v[m,n], is added
onto the system. Mathematically the new system can be
written as

y[m,n] = x[m,n]+ v[m,n]. (2)
The signal-to-noise ratio (SNR) of the system is calculated
by

SNR = 10log10
σ 2

x

σ 2
v

dB (3)

where σ 2
x is the variance of the signal and

σ 2
v is the variance of the noise.

3. YULE-WALKER SYSTEM OF EQUATIONS

The conventional Yule-Walker equations are given by [4][8]
p1

∑
i=0

p2

∑
j=0

a[i, j]ryy[i− k, j− l] = −ryy[−k,−l] (4)

for k = 0, · · · , p1 and l = 0, · · · , p2,
where [k, l] 6= [0,0], [i, j] 6= [0,0],

ryy[i, j] = E{y[m,n]y[m+ i,n+ j]},
a[i, j] is the AR model coefficient,
1 ≤ m ≤ M,1 ≤ n ≤ N, and M×N is the size of the
given image.

(4) can be written as
Ra = −r, (5)

where R is a (p1 p2 + p1 + p2)× (p1 p2 + p1 + p2) matrix
and a and r are both (p1 p2 + p1 + p2)×1 vectors.

These equations give good AR model coefficient
estimations when the SNR is high. However, the error
increases with σ 2

v .

4. YULE-WALKER SYSTEM OF EQUATIONS IN
THE THIRD-ORDER STATISTICAL DOMAIN

The equations that relate the AR model parameters to the
third-order moment samples are [8][9]:
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p1
∑

i=0

p2
∑
j=0

a[i, j]C3y([i− k, j− l], [i− k, j− l]) =

−C3y([−k,−l], [−k,−l]) (6)

for k = 0, · · · , p1, l = 0, · · · , p2 and [k, l] 6= [0,0], where

C3y([i1, j1], [i2, j2])= E{y[m,n]y[m+i1,n+ j1]y[m+i2,n+ j2]}.

These equations are insensitive to external Gaussian noise.
The equations can be written in matrix form as

Ca = −c, (7)

where C is a (p1 p2 + p1 + p2)× (p1 p2 + p1 + p2) matrix
and a and c are both (p1 p2 + p1 + p2)×1 vectors.

5. THE COMBINED METHOD

In [1], a method which combines the Yule-Walker system
of equations and the Yule-Walker system of equations in the
third-order statistical domain is used to estimate the 2-D AR
model coefficients. Mathematically, an extended system is
written as:

D

( R

C

)

a = −D

( r

c

)

(8)

where the matrix R and vector r are defined in (5),
the matrix C and vector c are defined in (7),
D is a diagonal weighting matrix, and
a is the vector of the unknown AR model
coefficients, [a[0,1], · · · ,a[0, p2], · · · ,a[p1, p2]]

T .

In [1], the diagonal weighting matrix, D, was taken
to be an identity matrix.

6. WEIGHTING MATRIX

In this section, a novel weighting matrix is introduced. The
matrix remains diagonal. However, the elements depend on
the variance of the external Gaussian noise in the system,
which is derived in Section 6.1. In Section 6.2, the determi-
nation of the weighting matrix is presented.

6.1 Yule-Walker System of Equations for Noisy Signals
Consider the system as shown in (2). The signal x[m,n] and
the noise v[m,n] are assumed to be statistically independent,
hence the cross correlation function samples between x[m,n]
and v[m,n] is zero, i.e., rxv[k, l] = 0. Consequently

ryy[k, l] = rxx[k, l]+ rvv[k, l]. (9)

The Yule-Walker system of equations has in that case the
following form [7]:

p1

∑
i=0

p2

∑
j=0

a[i, j]ryy[i− k, j− l] =







σ 2
w +σ 2

v [k, l] = [0,0]
σ 2

v ·a[k, l] [k, l] ∈ S′QP
0 elsewhere

(10)
where [i, j] 6= [0,0].

In the matrix-vector form the above becomes (11) on the

next page.

Note that σ 2
v









a0
a1
...

ap1









= σ 2
v I









a0
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...

ap1









=









σ 2
v I 0 · · · 0
0 σ 2

v I · · · 0
...

...
. . .

...
0 0 · · · σ 2

v I
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...

ap1









(12)

and the system (11) may be written as (13) on the next page,
where ai = [a[i,0],a[i,1], · · · ,a[i, p2]]

T is a vector of size
(p2 +1)×1,

h1 = [1,0, · · · ,0]T is a vector of size (p2 +1)×1,

0 = [0,0, · · · ,0]T is a vector of size (p2 +1)×1, and

Ryy[i] =









ryy[i,0] ryy[i,−1] · · · ryy[i,−p2]
ryy[i,1] ryy[i,0] · · · ryy[i,−(p2 −1)]

...
...

. . .
...

ryy[i, p2] ryy[i, p2 −1] · · · ryy[i,0]









is a matrix of size (p2 +1)× (p2 +1).

After expanding the equations (11), we can remove
the first row of the equations since the variance of the driving
noise w[m,n] is unknown. The coefficient a[0,0] is assumed
to be 1, so we can move the first column of the matrix on the
left-hand side to the right-hand side of the equation. After
the rearranging step, the equations can be written in matrix
form as

Ryya+ ryy = σ 2
v Ia (14)

where the AR model coefficients estimation a is obtained
from (7) using

a = −C−1c. (15)

Let r1 = Ryya + ryy, where a is obtained from (15). The
variance of the noise v[m,n] can be calculate using

σ 2
v = (aT a)−1aT r1 (16)

6.2 Determination of the Weighting Matrix
The weighting diagonal matrix, D, is determined as (17) on
the next page. where dxe denotes rounding toward infinity.

7. SIMULATION RESULTS

Synthetic images generated from the following 2× 2 stable
and separable AR model are used for simulation purposes.
The 2−D stable AR model coefficients are obtained from
a = aT

1 ×b1, where a1 and b1 are both stable 1−D AR model
coefficients.
x[m,n] =−0.16x[m−2,n−2]−0.2x[m−2,n−1]−0.4x[m−
2,n] − 0.2x[m − 1,n − 2] − 0.25x[m − 1,n − 1] − 0.5x[m −
1,n]−0.4x[m,n−2]−0.5x[m,n−1]+w[m,n]
The driving noise, w[m,n], is zero-mean exponentially-
distributed. Additional Gaussian noise, v[m,n], with zero-
mean and unity variance is added onto x[m,n] to yield

y[m,n] = x[m,n]+ v[m,n].
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Ryy[0] Ryy[−1] · · · Ryy[−p1]
Ryy[1] Ryy[0] · · · Ryy[−(p1 −1)]

...
...

. . .
...

Ryy[p1] Ryy[p1 −1] · · · Ryy[0]

















a0
a1
...

ap1









= σ 2
w









h1
0
...
0









+σ 2
v
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(11)











Ryy[0]−σ 2
v I Ryy[−1] · · · Ryy[−p1]

Ryy[1] Ryy[0]−σ 2
v I · · · Ryy[−(p1 −1)]

...
...

. . .
...

Ryy[p1] Ryy[p1 −1] · · · Ryy[0]−σ 2
v I



















a0
a1
...

ap1









= σ 2
w









h1
0
...
0









(13)

D[i, i] =







1 for 1 ≤ i ≤ (p1 +1)(p2 +1)−1

d50σ 2
v e for (p1 +1)(p2 +1) ≤ i ≤ 2(p1 +1)(p2 +1)−2

(17)

Parameter Real Mean Estimated Variance
Value Value (SNR= 5 dB) (10−4)

a[0,1] 0.5 0.3481 0.2371
a[0,2] 0.4 0.2632 0.2396
a[1,0] 0.5 0.3478 0.1949
a[1,1] 0.25 0.1013 0.2787
a[1,2] 0.2 0.07000 0.2859
a[2,0] 0.4 0.2620 0.2499
a[2,1] 0.2 0.06993 0.2442
a[2,2] 0.16 0.04686 0.2966
Relative Error 0.4331

Table 1: The results of the combined method using an iden-
tity weighting matrix for a 2−D symmetrical AR model with
SNR equal to 5 dB.

Parameter Real Mean Estimated Variance
Value Value (SNR= 30 dB) (10−4)

a[0,1] 0.5 0.4992 0.2370
a[0,2] 0.4 0.3987 0.2753
a[1,0] 0.5 0.4987 0.2606
a[1,1] 0.25 0.2485 0.4745
a[1,2] 0.2 0.1986 0.4453
a[2,0] 0.4 0.3991 0.3323
a[2,1] 0.2 0.1991 0.4436
a[2,2] 0.16 0.1588 0.4987
Relative Error 0.01662

Table 2: The results of the combined method using an iden-
tity weighting matrix for a 2−D symmetrical AR model with
SNR equal to 30 dB.

Parameter Real Mean Estimated Variance
Value Value (SNR= 5 dB) (10−3)

a[0,1] 0.5 0.4922 0.1239
a[0,2] 0.4 0.3924 0.2682
a[1,0] 0.5 0.4902 0.1215
a[1,1] 0.25 0.2460 0.1854
a[1,2] 0.2 0.1952 0.4411
a[2,0] 0.4 0.3900 0.3247
a[2,1] 0.2 0.1958 0.4894
a[2,2] 0.16 0.1568 0.9877
Relative Error 0.05727

Table 3: The results of the combined method using the
new proposed weighting matrix for a 2−D symmetrical AR
model with SNR equal to 5 dB.

Parameter Real Mean Estimated Variance
Value Value (SNR= 5 dB) (10−3)

a[0,1] 0.5 0.4994 0.2417
a[0,2] 0.4 0.3990 0.2541
a[1,0] 0.5 0.4994 0.1833
a[1,1] 0.25 0.2487 0.3735
a[1,2] 0.2 0.1983 0.3938
a[2,0] 0.4 0.3993 0.3132
a[2,1] 0.2 0.1993 0.3896
a[2,2] 0.16 0.1588 0.4144
Relative Error 0.01578

Table 4: The results of the combined method using the
new proposed weighting matrix for a 2−D symmetrical AR
model with SNR equal to 30 dB.
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The variance of v[m,n] is adjusted so that SNR is equal to
5 dB for heavily noisy case and 30 dB for almost noise-free
case.

The results obtained from the conventional method can
be found in Table 1 and Table 2 for the SNR equal to 5 dB
and 30 dB respectively. The results arisen from the proposed
method may be found in Table 3 and 4 for SNR equal to 5
dB and 30 dB respectively. The average value of the lower
half of the diagonal matrix is 8 when the SNR is 5 dB and 1
for SNR equal to 30 dB.

8. SUMMARY AND CONCLUSION

In this paper, we reviewed two of the most widely used meth-
ods for two-dimensional autoregressive (AR) modelling: the
Yule-Walker system of equations and the Yule-Walker sys-
tem of equations in the third-order statistical domain, as well
as a method which uses the combination of the above sys-
tems. A new weighting scheme is purposed to control the
contribution of each system by calculating the external Gaus-
sian noise variance. The simulation results show that the new
weighting scheme enables the method to estimate AR model
coefficients in both low and high SNR systems.

REFERENCES
[1] J. Chambers and T. Stathaki, “An Emerging Alliance:

Higher Order Statistics Should Partner Conventional
Statistics in Digital Signal Processing Applications”,
IEE Colloquium on Higher Order Statistics in Signal
Processing: Are They of Any Use? , 22nd, May 1995,
pp. 7/1-7/6.

[2] R. Chellappa and R. Kashyap, “Texture Synthesis
Using 2-D Noncausal Autoregressive Models”, IEEE
Transactions on Acoustics, Speech, and Signal Process-
ing, Vol. 33, No. 1, pp. 194-203, February 1985.

[3] J.M. Francos and A. Zvi Meiri, “A 2-D Autoregres-
sive, Finite Support, Causal Model for Texture Analysis
and Synthesis”, International Conference on Acoustics,
Speech, and Signal Processing, Vol. 3, pp. 1552-1555,
1989.

[4] S.M. Kay, Modern spectral estimation: theory and ap-
plication, Prentice Hall 1988.

[5] P.E. Gill, W. Murray, and M.H. Wright, Practical ppti-
mization, Academic Press, 1981.

[6] P.T. Stathaki and A.G. Constantinides, “Noisy Texture
Analysis Based on Higher Order Statistics and Neural
Network Classifiers”, Proc. of the IEEE International
Conference on Neural Network Application to DSP, 17-
20 August 1993, Singapore.

[7] P.T. Stathaki, Cumulant-based and algebraic tech-
niques for signal modelling, Ph.D. thesis, Imperial Col-
lege London, UK 1994.

[8] T. Stathaki, “2-D autoregrssive modelling using joint
and weighted second and third order statistics”, Elec-
tronics Letters, Vol 32, No. 14, pp. 1271-1273, 4th July
1996.

[9] A. Swami, G.B. Giannakis and J.M. Mendel, “Linear
modeling of multidimensional non-Gaussian processes
using cumulants”, Multidimensional Systems and Sig-
nal Processing, Vol. 1, pp. 11-37, 1990.

2114


	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
	Sarah Lee
	Tania Stathaki



