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ABSTRACT
We consider the problem of robust estimation of a determin-
istic bounded parameter vector x in a linear model. While in
an earlier work, we proposed a minimax estimation approach
in which we seek the estimator that minimizes the worst–case
mean-squared error (MSE) difference regret over all bounded
vectors x, here we consider an alternative approach, in which
we seek the estimator that minimizes the worst–case MSE ra-
tio regret, namely, the worst–case ratio between the MSE at-
tainable using a linear estimator ignorant of x, and the min-
imum MSE attainable using a linear estimator that knows x.
The rational behind this approach is that the value of the dif-
ference regret may not adequately reflect the estimator per-
formance, since even a large regret should be considered in-
significant if the value of the optimal MSE is relatively large.

1. INTRODUCTION

The classical least-squares estimator for estimating an un-
known parameter vector x in a linear model y = Hx + w,
where H is a known matrix and w is a noise vector, is well-
known to result, in many cases, in a large residual mean-
squared error (MSE). This observation has motivated the
search for alternative linear estimators of x, when no prior
statistics on x are available.

If x is deterministic, then the MSE of an estimator x̂ of
x will in general depend explicitly on x, and therefore can-
not be minimized directly. A possible design approach in this
case, is in the spirit of the minimax MSE approach initiated
by Huber [1], in which the estimator is chosen to minimize
the worst-case MSE over all values of x, in the region of un-
certainty [2, 3]. However, this approach is pessimistic in na-
ture, since it optimizes the performance for the worst-possible
choice of parameters, which may in turn result in a loss of per-
formance for all other cases.

To improve the performance over the minimax MSE ap-
proach, in an earlier work [4], we considered the case in
which x is known to satisfy a (possibly weighted) norm con-
straint, and developed a competitive minimax MSE estimator
that minimizes the worst-case difference regret, which is the
difference between the MSE of the linear estimator ignorant
of x, and the smallest attainable MSE with a linear estima-
tor that knows x. The motivation behind this estimator is that
such an estimator performs uniformly as close as possible to
the optimal linear estimator, in the region of uncertainty.

A possible drawback of the minimax difference regret
(MDR) estimator is that the value of the regret may not ad-
equately reflect the estimator performance, since even a large
regret should be considered insignificant if the value of the
optimal MSE is relatively large. On the other hand, if the op-
timal MSE is small, then even a small regret should be con-

sidered significant. Therefore, in this paper, instead of con-
sidering the worst-case difference regret, we suggest a mini-
max ratio regret (MRR) estimator that minimizes the worst-
case ratio between the MSE of a linear estimator that does not
know x, and the best possible MSE.

In Section 2, we show that the MRR estimator can be de-
scribed by m parameters, which are the solution to a convex
optimization problem. We then specialize the results, in Sec-
tion 3, to two special choices of the weighting matrix. In the
first choice, T = H∗C−1

w H, which may be of interest, for ex-
ample, when an unknown signal x is sent through a known
channel, and the output signal-to-noise ratio is bounded. In
the second choice, T = I, which may be of interest when
an unknown signal x is sent through a known channel, and
the power of x is bounded. In these special cases, we show
that the MRR estimator can be derived as the solution to ex-
plicit, simple, and computationally tractable convex optimiza-
tion problems. In Section 4, we present an alternative deriva-
tion of the MRR estimator, and show, that in some cases, it
leads to an (almost) closed form solution for the optimal es-
timator. Section 5 presents several examples illustrating the
performance advantage of the MRR estimator over the MDR
estimator, and other conventional linear estimators.

Proofs of theorems, which are omitted here for brevity,
can be found in [5].

2. THE MINIMAX RATIO ESTIMATOR

Consider the problem of estimating the unknown determinis-
tic parameter vector x in the linear model

y = Hx+w, (1)

where H is a known n×m matrix with full rank m, and w
is a zero-mean random vector with known covariance Cw.
We assume that x satisfies the weighted norm constraint
M≤‖x‖T≤ L for some positive definite matrix T and scalars
0 < M ≤ L, where ‖x‖2

T = x∗Tx and (·)∗ denotes the Her-
mitian conjugate.

We estimate x using a linear estimator so that x̂ = Gy for
some m×n matrix G. We would like to design an estimator
x̂ of x to minimize the MSE, which is given by

E(‖x̂−x‖2) = Tr(GCwG∗)+x∗(I−GH)∗(I−GH)x.
(2)

Since the MSE depends explicitly on the unknown x, we can-
not choose an estimate to directly minimize the MSE (2).

To develop a competitive estimator, we consider a min-
imax ratio criterion, in which the estimator is obtained by
minimizing the worst-case ratio between the MSE of a lin-
ear estimator x̂ = Gy of x, and the smallest possible nonzero
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MSE attainable using any estimator of the form x̂ = G(x)y
where x is assumed to be known, so that G can depend ex-
plicitly on x. Since we are restricting ourselves to estimators
of the form x̂ = Gy, even in the case in which x is known,
we cannot in general achieve zero MSE (unless x = 0).

It was shown in [4] that for known x the optimal estimator
is given by x̂ = G(x)y, where

G(x) =
1

1+x∗H∗C−1
w Hx

xx∗H∗C−1
w , (3)

and the smallest possible MSE is

MSEo =
x∗x

1+x∗H∗C−1
w Hx

. (4)

Thus, we seek the matrix G that is the solution to the problem

min
G

max
M2≤x∗Tx≤L2

E(‖Gy−x‖2)
MSEo , (5)

where MSEo is given by (4).
For analytical tractability, we restrict our attention to

weighting matrices T such that T and H∗C−1
w H have the

same eigenvector matrix. Thus, if H∗C−1
w H has an eigende-

composition H∗C−1
w H = VΣV∗ where V is a unitary matrix

and Σ is a diagonal matrix, then T = VΛV∗ for some diago-
nal matrix Λ. Theorem 1 below establishes the general form
of the solution to (5) for any such T.

Theorem 1 Let x denote the unknown deterministic vector in
the model y =Hx+w, where H is a known n×m matrix with
rank m, and w is a zero-mean random vector with covariance
Cw. Let H∗C−1

w H = VΣV∗ where V is a unitary matrix and
Σ is an m×m diagonal matrix with diagonal elements σi > 0
and let T = VΛV∗ where Λ is an m×m diagonal matrix with
diagonal elements λi > 0. Then the solution to the problem

min
x̂=Gy

max
M≤‖x‖T≤L

E(‖x̂−x‖2)
minx̂=G(x)y E(‖x̂−x‖2)

has the form

x̂ = VDV∗(H∗C−1
w H)−1H∗C−1

w y,

where D is an m×m diagonal matrix with diagonal elements
di which are the solution to the convex optimization problem

(Γ) : min
γ ,di

{
γ : max

s∈S

{
m

∑
i=1

(1−di)2si− γ ∑m
i=1 si

1+∑m
i=1 σisi

}
+

m

∑
i=1

d2
i

σi
≤ 0

}
,

(6)
with

S =

{
s ∈Rm,s≥ 0

∣∣∣∣∣
m

∑
i=1

λisi = M2 or
m

∑
i=1

λisi = L2

}
. (7)

Theorem 1 reduces the problem of minimizing the ratio
regret to the simpler optimization problem (6). As we show
in Sections 3.1 and 3.2, for certain choices of T, the problem
can be further simplified. In Section 4 we consider a gen-
eral method for solving (6) that exploits its connection with a
related convex optimization problem. We then demonstrate,
in Section 4.1, that in some cases this approach can lead to
further insight into the MRR estimator.

3. MRR ESTIMATOR FOR SOME CHOICES OF T

3.1 MRR Estimator For T = H∗C−1
w H

We first consider the case in which T = H∗C−1
w H, so that

the eigenvalues λi of T are equal to the eigenvalues σi of
H∗C−1

w H. The MRR estimator in this case is given by the
following theorem.

Theorem 2 Let x denote the unknown deterministic vector in
the model y =Hx+w, where H is a known n×m matrix with
rank m, and w is a zero-mean random vector with covariance
Cw. Let H∗C−1

w H = VΣV∗ where V is a unitary matrix
and Σ is an m×m diagonal matrix with diagonal elements
σ1 ≥ . . .≥ σm > 0. Then the solution to the problem

min
x̂=Gy

max
M≤‖x‖T≤L

E(‖x̂−x‖2)
minx̂=G(x)y E(‖x̂−x‖2)

with T = H∗C−1
w H is given by

x̂ = VDV∗(H∗C−1
w H)−1H∗C−1

w y,

where D is an m×m diagonal matrix with diagonal elements
di that are the solution to

min
γ ,di,y,z





γ :

L2y+∑m
i=1

d2
i

σi
≤ 0

1
σi

(
(1−di)2− γ

1+L2

)
≤ y, 1≤ i≤ m

L2y+∑m
i=1

d2
i

σi
≤ 0

1
σi

(
(1−di)2− γ

1+L2

)
≤ y, 1≤ i≤ m

M2z+∑m
i=1

d2
i

σi
≤ 0

1
σi

(
(1−di)2− γ

1+M2

)
≤ z, 1≤ i≤ m





.

3.2 MRR Estimator For T = I

Theorem 3 below considers the MRR estimator for T = I.

Theorem 3 Let x denote the unknown deterministic vector in
the model y =Hx+w, where H is a known n×m matrix with
rank m, and w is a zero-mean random vector with covariance
Cw. Let H∗C−1

w H = VΣV∗ where V is a unitary matrix
and Σ is an m×m diagonal matrix with diagonal elements
σ1 ≥ . . .≥ σm > 0. Then the solution to the problem

min
x̂=Gy

max
M≤‖x‖≤L

E(‖x̂−x‖2)
minx̂=G(x)y E(‖x̂−x‖2)

has the form

x̂ = VDV∗(H∗C−1
w H)−1H∗C−1

w y,

where D is an m×m diagonal matrix with diagonal elements
di that are the solution to

min
γ ,di,µ,λ ,ζ ,η





γ :

−2L
√µγ + µ +L2λ +∑m

i=1
d2

i
σi
≤ 0

(1−di)2 +σiµ ≤ λ , 1≤ i≤ m
µ ≥ 0

−2M
√

ζ γ +ζ +M2η +∑m
i=1

d2
i

σi
≤ 0

(1−di)2 +σiζ ≤ η , 1≤ i≤ m
ζ ≥ 0.





.
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If in addition M = L, then the elements di are given by

di =
{

1−
√

λ −σiµ , i≤ k;
0, i≥ k +1,

with k = argminγi,µ = µk and λ = λk. Here γi,µi,λi,1≤ i≤
m are the optimal solutions to the problem (Γi) given by

(Γi) : min
γ ,µ ,λ





γ :
−2L

√µγ + µ +L2λ +∑i
j=1

(
1−
√

λ−σ j µ
)2

σ j
≤ 0

σ1µ ≤ λ ≤ 1+σiµ
µ ≥ 0

if i < m then λ ≥ 1+σi+1µ





.

4. ALTERNATIVE DERIVATION

In this section, we develop further insight into the MRR es-
timator, by developing an alternative formulation of the es-
timator. In particular, we show that the MRR estimator of
Theorem 1 with di given as the solution to the problem (Γ) of
(6), can be determined by first solving the simpler problem

(Φ) : min
t,di

{
t : max

s∈S

{
m

∑
i=1

(1−di)2si− γ ∑m
i=1 si

1+∑m
i=1 σisi

}
+

m

∑
i=1

d2
i

σi
≤ t

}
,

(8)
where S is given by (7) and γ ≥ 1 is fixed. Note, that (Φ) is
equivalent to

min
di

{
max
s∈S

{
m

∑
i=1

(1−di)2si− γ ∑m
i=1 si

1+∑m
i=1 σisi

}
+

m

∑
i=1

d2
i

σi

}
,

(9)
which has one less variable than the problem (Γ) of (6).

Let t̂(γ) denote the optimal value of t in the problem (Φ)
of (8), and let γ̂ be the unique value of γ ≥ 1 such that t̂(γ) = 0
(as we show below in Proposition 1, such a γ always exists,
and is unique). Then, denoting by d̂i the optimal value of di in
the problem (Φ) with γ = γ̂ , we now show that d̂i and γ̂ are the
optimal solutions to the problem (Γ) of (6): Since d̂i and γ̂ are
feasible for (Φ) with t = 0, they are also feasible for (Γ). Now
suppose, conversely, that there exists feasible di and γ < γ̂ for
(Γ). It then follows that t̂(γ)≤ 0. But since t̂(γ) is decreasing
in γ and γ < γ̂ , we have that t̂(γ) ≥ t̂(γ̂) = 0, from which we
conclude that t̂(γ) = 0, which is a contradiction since γ̂ is the
unique value for which t̂(γ) = 0. Therefore, to solve (Γ) we
may first solve the simpler problem (Φ), and then find γ̂ by a
simple line search, for example using bisection. Specifically,
we may start by choosing γ = 1. For each choice of γ we
compute t̂(γ). If t̂(γ) > 0, then we increase γ , and if t̂(γ) < 0,
then we decrease γ , continuing until t̂(γ) = 0. Due to the
continuity and monotonicity properties of t̂(γ), established in
Proposition 1 below, the algorithm is guaranteed to converge.

Proposition 1 Let t̂(γ) denote the optimal value of t in the
problem (Φ) of (8). Then
1. t̂(γ) is continuous in γ;
2. t̂(γ) is strictly decreasing in γ;
3. there is a unique value of γ for which t̂(γ) = 0.

Thus, instead of solving the problem (Γ) of (6), we may
solve the problem (Φ) of (8), which in some cases may pro-
vide more insight into the solution. To illustrate the possible
advantage of this approach, in the next section we consider
the case in which T = H∗C−1

w H and L = M, and show that
this approach leads to new insight into the optimal solution.

4.1 Alternative Derivation For T = H∗C−1
w H

By exploiting the connection between problems (6) and (8)
for T = H∗C−1

w H and L = M, we now show that the MRR
estimator can be expressed in terms of two parameters, which
can be found using an inner and outer line search algorithm.

Theorem 4 Let x denote the unknown deterministic vector in
the model y =Hx+w, where H is a known n×m matrix with
rank m, and w is a zero-mean random vector with covariance
Cw. Let H∗C−1

w H = VΣV∗ where V is a unitary matrix
and Σ is an m×m diagonal matrix with diagonal elements
σ1 ≥ . . .≥ σm > 0. Then the solution to the problem

min
x̂=Gy

max
‖x‖T=L

E(‖x̂−x‖2)
minx̂=G(x)y E(‖x̂−x‖2)

with T = H∗C−1
w H is given by

x̂ = VDV∗(H∗C−1
w H)−1H∗C−1

w y,

where D is an m×m diagonal matrix with diagonal elements

di =
{

0, i≤ k(ρ∗);
1−

√
ρ∗σi + γ/(L2 +1), i≥ k(ρ∗)+1.

Here ρ∗ is the unique positive root of φ(ρ) = ∑m
i=1 σiηi(ρ)−

L2, with ηi(ρ) given by

ηi(ρ) = max

[
1
σi

(
1√

ρσi + γ/(L2 +1)
−1

)
,0

]
,

k(ρ∗) =
{

0, η1(ρ∗) > 0;
max{k : ηk(ρ∗) = 0} , otherwise,

and γ is chosen such that t̂(γ) = 0, where

t̂(γ) =− γ
1+L2

m

∑
i=1

η̂i +
m

∑
i=1

η̂i

1+σiη̂i
,

with η̂i = ηi(ρ∗).

From Theorem 4, it follows that the MRR estimator can be
found by using two bisection algorithms. In the first, γ is fixed
and bisection is used to find the optimal ρ∗. In the second,
bisection is used to find the optimal γ satisfying t̂(γ) = 0.

5. EXAMPLES

To illustrate the MRR estimator, we consider the problem of
estimating a 2D image from noisy observations, which are
obtained by blurring the image with a 2D filter, and adding
random Gaussian noise. Specifically, we generate an image
x(z1,z2) which is the sum of m harmonic oscillations:

x(z1,z2) =
m

∑̀
=1

a` cos(ω`,1z1 +ω`,2z2 +φ`), (10)

where ω`,i = 2πk`,i/n, and k`,i ∈ Z2 are given parameters.
Clearly, the image x(z1,z2) is periodic with period n. There-
fore, we can represent the image by a length-n2 vector x, with
components {x(z1,z2) : 0≤ z1,z2 ≤ n−1}.
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(k`,1,k`,2) a` φ`

(1,1) 1.0681 2.1438
(2,1) 0.8704 3.3557
(1,2) 1.2027 4.5686
(2,2) 1.0466 1.9433
(3,2) 0.9449 5.2684

Table 1: Simulation parameters.

Estimator Relative Error
LS 5.0e8

MMX 1.000
MDR 0.843
MRR 0.120

Table 2: Relative error for the data of Table 1.

The observed image y(z1,z2) is given by

y(z1,z2)= ∑
τ1,τ2

H(τ1,τ2)x(z1−τ1−d1,z2−τ2−d2)+σw(z1,z2),

where H(z1,z2) is a blurring filter defined by

H(z1,z2) = max


1−

√
z2

1 + z2
2

ρ
,0


 , (11)

for some parameter ρ , d1 and d2 are randomly chosen shifts,
and w(z1,z2) is an independent, zero-mean, Gaussian noise
process so that for each z1 and z2, w(z1,z2) is N (0,1). By
defining the vectors y and w with components y(z1,z2) and
w(z1,z2), respectively, and defining a matrix H with the ap-
propriate elements H(z1,z2), the observations y can be ex-
pressed in the form (1).

In Fig. 1 we consider the case in which m = 5, n = 128,
σ = 0.5, L = ‖x‖, and nρ =

√
2. The values of k`,i,a` and

φ` are given in Table 1. To estimate the image x(z1,z2) from
the noisy observations y(z1,z2) we consider 4 different esti-
mators: The least-squares (LS) estimator, the MRR estimator
of Theorem 3, the MDR estimator of [4], and the minimax
MSE estimator (MMX), which is designed to minimize the
worst-case MSE over all x∗x≤ L2, and is given by [3]

x̂ =
L2

L2 +Tr
(
(H∗C−1

w H)−1
) (H∗C−1

w H∗)−1H∗C−1
w y.

(12)
In Table 2 we report the relative error ε = ‖x̂−x‖/‖x‖

corresponding to the 4 estimators. The surprising result is that
even though in this example the matrix H is ill-conditioned,
the MRR estimator works pretty well, as can be seen from the
results of Table 2, as well as in Fig. 1. Since the error in the
LS estimate is so large, we do not show the resulting image.
In the images, the “more red” the image, the larger the signal
value at that point. As can be seen from the results of Table 2,
as well as in Fig. 1, the MRR estimator outperforms the MDR
estimator in all of the examples. We observed similar trends
in the behavior for different values of the noise variance. In
Table 3 we report the relative errors for different values of σ .

Observations, σ = 0.50 True signal

Ratio Regret, ε = 0.120 Difference Regret, ε = 0.843

Figure 1: Comparison of the minimax regret estimators.

σ Estimator Relative Error
MMX 1.00

1.5 MDR 0.92
MRR 0.31
MMX 1.00

5 MDR 0.96
MRR 0.69

Table 3: Relative error for different values of σ .

6. ACKNOWLEDGMENT

The author would like to thank Prof. Arakadi Nemirovski for
his help with the simulations.

REFERENCES

[1] P. J. Huber, Robust Statistics, New York: NY, John Wiley
& Sons, Inc., 1981.

[2] M. S. Pinsker, “Optimal filtering of square-integrable sig-
nals in Gaussian noise,” Problems Inform. Trans., vol. 16,
pp. 120–133, 1980.

[3] Y. C. Eldar, A. Ben-Tal, and A. Nemirovski, “Robust
mean-squared error estimation with bounded data uncer-
tainties,” IEEE Trans. Signal Processing, to appear.

[4] Y. C. Eldar, A. Ben-Tal, and A. Nemirovski, “Linear min-
imax regret estimation with bounded data uncertainties,”
IEEE Trans. Signal Processing, to appear.

[5] Y. C. Eldar, “Minimax MSE-ratio estimation with
bounded data uncertainties,” submitted to IEEE Trans.
Signal Processing, 2003.

1260


	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
	Yonina Eldar



