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Abstract

Estimation theory is a key enabler in many of today’s electronic products, devices, and
industrial equipment. Among others, it provides the basis for efficient data estimation in
communication systems, accurate characterization of systems based on measurements,
estimation of parameters, signals and spectra, signal tracking, or noise cancellation, to
name just a few. The estimation task can be described in a classical or in a Bayesian
framework. In classical estimation the parameter vector to be estimated is considered
to be deterministic. Conversely, Bayesian estimators consider the parameter vector to
be random. This allows to include prior knowledge in form of statistics of the parameter
vector into the estimation problem.

Due to the ever-increasing complexity and the more demanding applications of modern
electronic systems, optimal or near-to-optimal performance of the estimation methods
is often required. To achieve such an optimal performance, every available information
about the underlying system model should be incorporated by the estimators. Ulti-
mately, however, additional model knowledge is present in many applications. This
model knowledge is often ignored when developing the estimators. Possible examples of
additional model knowledge are:

m the knowledge that the parameter vector of length n lies in a linear subspace of
cn,

m the knowledge that the parameter vector fulfills additional linear constraints,

m the knowledge that the parameter vector is real-valued while the measurements
and the measurement noise are complex-valued,

m and the knowledge that the measurement matrix is subject to an unknown random
error with known second order statistics.

For the first three cases, several knowledge-aided classical estimators are proposed in this
thesis that incorporate the available model knowledge in an optimal way. Simulation
examples are presented demonstrating the performance gain of the derived estimators
compared to state-of-the-art estimators. Moreover, the derived estimators also are com-
pared to intuitive estimators that incorporate the additional model knowledge in an
intuitive manner. It turns out that the derived optimal estimators significantly outper-
form these intuitive estimators as well as state-of-the-art estimators in many scenarios.
For the fourth case of additional model knowledge, a novel iterative algorithm is pro-
posed. It is shown that this algorithm outperforms competing algorithms significantly
in many scenarios.

Another difference between the classical and Bayesian approaches is the considered unbi-
ased constraint. We discuss the fact that the unbiased constraint utilized by state-of-the-
art Bayesian estimators is weaker than that utilized by unbiased classical estimators. We
furthermore show that this weaker unbiased constraint is the key enabler for Bayesian



estimators to incorporate statistics about the unknown parameter vector into the estima-
tion process. Based on that, we investigate the so called component-wise conditionally
unbiasedness constraints. It will be shown, that these unbiased constraints preserve the
intuitive view of unbiasedness also in Bayesian scenarios. Next, this thesis focusses on
the class of so called component-wise conditionally unbiased Bayesian estimators. We
will extend previous work on this type of estimator and extend the concept to widely lin-
ear estimators. The effects of these unbiased constraints, the relation to other Bayesian
estimators and the ability to incorporate statistics about the unknown parameter vector
are discussed.

Based on the performance gain achievable by classical estimators incorporating addi-
tional model knowledge, we derive adaptive filters that also incorporate such model
knowledge in an optimal way. These knowledge-aided adaptive filters are compared
with intuitive as well as state-of-the-art adaptive filters, where again a significant per-
formance boost is achieved in many scenarios. Furthermore, adaptive filters for the task
of system identification are developed that allow incorporating prior knowledge about the
impulse response of the system. Existing and newly proposed adaptive filters utilizing
prior knowledge are discussed and compared.
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Kurzfassung

Die Schétztheorie ist ein Schliisselfaktor fiir viele der heutigen elektronischen Produkte,
Geréte und Industrieanlagen. Unter anderem stellt diese Algorithmen zur effizienten
Datenschéatzung in Kommunikationssystemen, zur genauen Charakterisierung von Sys-
temen basierend auf Messungen, Schatzung von Parametern, Signalen und Spektren,
Signalverfolgung oder Rauschunterdriickung, zur Verfligung, um nur einige zu nennen.
Die Schéitzaufgabe kann in einem klassischen oder in einem Bayes’schen Rahmen for-
muliert werden. In der klassischen Schéatzung wird der zu schitzende Parametervektor
als deterministisch angesehen. Im Gegensatz dazu betrachten Bayes‘sche Schétzer den
Parametervektor als zuféallig. Dies ermoglicht es, Vorkenntnisse in Form von Statistiken
des Parametervektors in das Schéatzproblem einzubeziehen.

Aufgrund der stédndig zunehmenden Komplexitiat und der anspruchsvolleren Anwen-
dungen moderner elektronischer Systeme ist oft eine optimale oder nahezu optimale
Performance der Schéatzverfahren erforderlich. Um eine solche optimale Performance
zu erzielen sollten alle verfiigbaren Informationen iiber das zugrundeliegende System-
modell von den Schitzern einbezogen werden. In vielen Anwendungen ist tatsachlich
zuséatzliches Modellwissen vorhanden. Dieses Modellwissen wird bei der Entwicklung
der Schétzer jedoch oft ignoriert. Mogliche Beispiele fiir zusétzliches Modellwissen sind
die Kenntnis,

m dass der Parametervektor der Lange n in einem linearen Unterraum von C™ liegt,
m dass der Parametervektor zusétzliche lineare Bedingungen erfiillt,

m dass der Parametervektor reellwertig ist wahrend die Messungen und das Mess-
rauschen komplexwertig sind,

m dass die Verbindung zwischen den Messungen und den Parametern durch Mess-
rauschen sowie durch eine zufillige Verzerrung mit bekannten Statistiken beein-
flusst wird.

Fiir die ersten drei der oben genannten Félle werden in dieser Arbeit mehrere wissensun-
terstiitzte klassische Schatzer entwickelt, die dieses zusdtzliche Modellwissen optimal
verarbeiten. Diese optimalen wissensunterstiitzten Schétzer werden mit Schétzern ver-
glichen, die das zusétzliche Modellwissen intuitiv verarbeiten. Es stellt sich heraus, dass
die hergeleiteten optimalen Schétzer die intuitiven Schétzer und Standard-Schéatzer in
vielen Anwendungen deutlich in ihrer Performance iibertreffen. Fiir den vierten Fall
von zusétzlichem Modellwissen wird ein neuer iterativer Algorithmus hergeleitet. Es
wird gezeigt, dass dieser Algorithmus konkurrierende Algorithmen in vielen Szenarien
deutlich in der Schatzgenauigkeit tibertrifft.

Fin weiterer Unterschied zwischen dem klassischen und dem Bayes‘schen Ansatz ist die

zugrundeliegende Definition eines erwartungstreuen Schétzers. Wir diskutieren die Tat-
sache, dass die Bedingung der Erwartungstreue, die von Bayes’schen Schatzern verwen-
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det wird, schwécher ist als die, die von erwartungstreuen klassischen Schétzern verwendet
wird. Wir zeigen aulerdem, dass diese schwéchere Bedingung der Erwartungstreue der
Schliissel dafiir ist, dass Bayes‘sche Schéatzer Statistiken iiber den unbekannten Parame-
tervektor in den Schéatzprozess einbeziehen kénnen. Darauf aufbauend untersuchen wir
Bedingungen fiir die sogenannte komponentenweise bedingte Erwartungstreue (engl.:
component-wise conditionally unbiased (CWCU) constraints). Es wird gezeigt, dass die
zugrundeliegenden CWCU Bedingungen die intuitive Sicht der Erwartungstreue auch in
Bayes’schen Szenarien bewahren. Als néchstes konzentrieren wir uns die Gruppe der
sogenannten CWCU Bayes‘schen Schétzer. Wir werden bisherige Arbeiten zu dieser
Art von Schétzern erweitern und das Konzept auf sogenannte widely linear Schéitzer
ausweiten. Die Auswirkungen dieser CWCU Bedingungen, die Beziehung zu anderen
Bayes‘schen Schéatzern und die Fahigkeit, Statistiken iiber den unbekannten Parameter-
vektor einzubauen, werden diskutiert.

Basierend auf der erhohten Schétzgenauigkeit die durch klassische Schétzer erreicht
werden kann welche zusétzliches Modellwissen nutzen werden weiters adaptive Filter
hergeleitet, die ebenfalls zusétzliches Modellwissen auf optimale Weise einbeziehen. Diese
wissensunterstiitzten adaptiven Filter werden sowohl mit intuitiv entwickelten Filtern als
auch mit adaptiven Standard-Filter verglichen, wobei in vielen Szenarien wiederum eine
deutliche Erh6hung der Schéitzgenauigkeit erreicht wird. Dartiber hinaus werden adap-
tive Filter fiir System-Identifikations-Anwendungen untersucht die es erlauben dhnliche
statistische Vorkenntnisse iiber die zu schétzende Systemimpulsantwort einzubringen,
wie dies bei linearen Bayes‘schen Schatzern der Fall ist. Bekannte und neu entwickelte
adaptive Filter werden diskutiert und verglichen.
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Introduction

In signal processing, estimation is the task of approximating meaningful values that are
useful for further processing, for describing a system, or some other purpose [1]. These
values are usually called parameters or states, depending on the context. The estimates
of the unknown parameters are typically derived based on known measurements. Most
estimation techniques require knowledge about the connection between the measure-
ments and the parameters, which is usually described by the model. The most common
of all models is the linear model, where the measurements are linearly connected to the
parameters. Estimation tasks with an underlying linear model appear in a very broad
band of technical fields, e.g., radar, communications, control, biomedical engineering, im-
age and speech analysis. Many facts about estimation with an underlying linear model
are already derived and available in standard literature such as [1]. However, there still
exist some novel and exciting aspects that deserve investigation.

The estimation task can be done in different contexts [1]. The classical context (also
known as the frequentist context) treats the parameters as unknown but deterministic.
Here, the performance criterion is in most cases the mean square error (MSE) between
the estimated and true parameters, averaged over the probability density function (PDF)
of the measurements. The Bayesian context on the other hand treats the unknown pa-
rameters as random variables whose particular realizations have to be estimated. This
approach allows assigning statistics or even a full PDF to the parameters since they
represent random variables. These quantities are termed prior knowledge. By incorpo-
rating this prior knowledge into the estimation process, the performance in terms of the
MSE may be improved significantly. It turns out, however, that in general the MSE
performance depends on the actual realization of the parameters [1]. To obtain a per-
formance measure that is independent of the particular realization of the parameters,
the Bayesian mean square error (BMSE) is usually utilized. It corresponds to the MSE
when averaged over the PDF of the parameters.

Let us consider the linear model, which describes the linear connection between the
measurements and the parameters. These measurements as well as the parameters may
be considered real- or complex-valued. In this work, almost all investigations are carried
out for complex-valued quantities. Exceptions are mentioned explicitly. Complex-valued
models and signals appear in many technical areas. Prominent examples for complex-
valued signals are baseband signals in radar or communication applications. Some widely
used transformations that utilize complex-valued numbers are the Hilbert transform and
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the fast Fourier transform (FFT) [2]. To represent complex-valued vectors and matrices,
we use the so-called augmented notation [3]. This representation has the advantage that
the results often appear in compact form. Moreover, structural similarities with the
expressions that occur for real-valued models and signals become apparent.

The outline of this thesis is as follows. Chapter 2 recapitulates the fundamental mathe-
matical concepts required in this work. There, the augmented notation is described as
well as an introduction to the Wirtinger calculus [4], and the Lagrange multiplier method
for the case of complex-valued variables [5,6] is provided. The novelty of this work is
presented in Chapters 3, 4, and 5. The focus of these three parts are knowledge-aided
concepts in classical estimation (Chapter 3), a rarely investigated Bayesian estimator
(Chapter 4), and knowledge-aided concepts in adaptive filtering (Chapter 5), respec-
tively. In the following, the main investigations of these three chapters are summarized.
Details as well as a discussion of the current state-of-the-art are provided at the beginning
of each chapter.

Knowledge-Aided Concepts in Classical Estimation

Chapter 3 starts by briefly reviewing standard classical estimators like the least squares
(LS) estimator, the best linear unbiased estimator (BLUE) [1] and the best widely linear
unbiased estimator (BWLUE) [2] for the linear model case. For these estimators we
then rigorously regard the commutation analysis over linear transformations. Most of
these properties can be found in standard literature, however, we find that the issue is
sometimes treated superficially in engineering literature.

The linear model in many cases implies that the measurement matrix and sometimes
the covariance matrix of the noise are known. Both quantities are incorporated, e.g.,
by the well-known classical BLUE. The main part of Chapter 3 deals with the investi-
gation and derivation of classical estimators that use additional model knowledge that
might be available in practice. The resulting optimal knowledge-aided estimators are
compared with competing standard and intuitive estimators. Four cases of additional
model knowledge are considered.

The first case of additional model knowledge is the knowledge that the parameter vector
of length n lies in a linear subspace of C™. It is proven that standard classical estimators
such as the BLUE and the BWLUE can incorporate this additional knowledge in a
straightforward manner. On the other hand, for the LS estimator it is shown in this
thesis that a constrained LS estimator [1] is able to incorporate the additional model
knowledge. The linear constraints required for applying the constrained LS estimator
are derived.

Secondly, the knowledge that the parameter vector fulfills additional linear constraints
is considered. In that case, the constrained LS estimator is available as a standard
estimator. For the BLUE and the BWLUE, no corresponding extension exists in the
literature to the best of our knowledge. This gap is closed by proposing the constrained



BLUE and the constrained BWLUE. These novel estimators incorporate the fact that the
parameter vector fulfills additional linear constraints allowing to increase the estimation
accuracy compared to the standard BLUE and BWLUE.

Thirdly, we regard problems for which it is known that the parameters are real-valued
while the measurements are complex-valued. If this is the case, applying the ordinary
BLUE in general results in complex-valued estimates, producing a systematic error. In
order to prevent this systematic error, several novel classical estimators are proposed
that incorporate this additional model knowledge in an optimal way. We show that by
incorporating the knowledge that the true parameters are real-valued, the estimator’s
performance can be increased significantly.

The fourth investigated case of additional model knowledge considers estimation tasks,
where the measurement matrix is not completely known but is subject to errors with
known error variances [7-12]. Typical practical applications are problems for which
the measurement matrix is e.g. a convolution matrix that is constructed based on an
imperfectly measured or estimated impulse response. Incorporating the error variances
into the estimation process allows to significantly increasing the estimation accuracy.
In this thesis, an iterative estimation algorithm is proposed that outperforms existing
algorithms.

For the first three mentioned cases of additional model knowledge, we derive optimal
estimators and compare them with standard estimators as well as trivial estimators
that incorporate the additional model knowledge in an intuitive way. For the forth
case optimality cannot be claimed, however, it is shown that the proposed algorithm
outperforms competing algorithms by far. Note that all mentioned cases of additional
model knowledge, if appropriate, usually directly follow from the physical circumstances
of the underlying problem. This makes this knowledge easy available once the model is
known. A summary of practical applications complete these investigations.

Component-Wise Conditionally Unbiased LMMSE and WLMMSE
Estimation

Chapter 4 deals with a particular class of Bayesian estimators, the so-called component-
wise conditionally unbiased (CWCU) estimators. In contrast to classical estimators,
Bayesian estimators consider the parameter vector to be random with known statis-
tics. These statistics are termed prior knowledge. This prior knowledge in many cases
allows to significantly improve the estimation accuracy compared to classical estima-
tors. Another difference between classical unbiased and typical Bayesian estimators is
the arising unbiased constraint. The unbiased constraint utilized by state-of-the-art
Bayesian estimators is weaker than that utilized by unbiased classical estimators. In
fact, the linear minimum mean square error (LMMSE) estimator and the widely linear
minimum mean square error (WLMMSE) estimator are conditionally biased. In light of
this, we investigate the CWCU constraints. It is shown that estimators fulfilling these
constraints in many cases also allow to incorporate prior knowledge into the estima-
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tion process. Along with this, the intuitive view of classical unbiasedness is preserved
in Bayesian scenarios. Chapter 4 extends the results on component-wise conditionally
unbiased linear minimum mean square error (CWCU LMMSE) estimators as derived in
[13-15], and the component-wise conditionally unbiased widely linear minimum mean
square error (CWCU WLMMSE) estimator is introduced and derived for complex-valued
parameters as well as for real-valued parameters and complex-valued measurements. It
will be shown that the derived CWCU estimators are closely related to their LMMSE
and WLMMSE counterparts, but avoid some of their typical effects. These effects will
be discussed and examples where CWCU estimators can be beneficially employed are
presented.

Knowledge-Aided Concepts in Adaptive Filtering

In Chapter 5, the well-known least mean square (LMS) and recursive least squares (RLS)
adaptive filter algorithms are recapitulated and extended. These extensions can be
separated into two major parts.

In the first part, we incorporate the additional model knowledge, that the true filter
coefficients should be real-valued while the input and desired signal are complex-valued.
A practical example where this situation can arise is given in the simulation section
of this chapter, where the problem of transmit leakage in modern wireless transceivers
is considered. One way to extract and cancel the leakage signal is to use a so called
auxiliary receiver in parallel to the main receiver [16]. In such an application, however,
typically a fractional delay between the two receivers appears. Adaptive filters can
be used to estimate and compensate for this fractional delay. In this application the
input and desired signal are complex-valued while the optimum filter coeflicients are
real-valued. In this thesis, novel extensions of the LMS and RLS algorithms that use
this additional model knowledge in an optimal way and that produce real-valued filter
coefficients are developed. These optimal filters are compared with state-of-the-art filters
as well as with trivial filters that incorporate the additional model knowledge in an
intuitive way. In the case of the LMS algorithm it turns out that the intuitive filter
corresponds to the optimal approach. In case of the RLS algorithm, however, the derived
optimal algorithm outperforms the intuitive filter significantly as will be demonstrated
in simulation examples.

In the second part, the system identification application of adaptive filters is considered.
In many applications prior statistical knowledge about the impulse response to be esti-
mated is available. An adaptive filter that is able to incorporate prior knowledge and
that is related to the RLS algorithm is the sequential LMMSE estimator in a filtering
setup. A similar extension based on the LMS algorithm has been derived in the context
of this doctoral thesis work. This algorithm allows to incorporate the first and second
order statistical moments about the impulse response to be estimated. It is shown that
these adaptive filters incorporating prior knowledge are able to reduce the convergence
time in the mean compared to their standard LMS and RLS counterparts.
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Prerequisites

This chapter summarizes the prerequisites required in the remainder of this work. We
begin with the notation and fundamental definitions.

2.1 Notation

Lower-case bold face variables (a, b,...) indicate vectors, and upper-case bold face
variables (A, B,...) indicate matrices. We further use R and C to denote the set of
real and complex numbers, respectively, (-)* to denote the complex conjugate, ()7 to
denote transposition, (-)¥ to denote conjugate transposition, I"*" to denote the identity
matrix of size n x n, and 0™*" to denote the zero matrix of size m x n. If the dimensions
are clear from context we simply write I and 0. The subscript g of a vector or matrix
denotes its real part and the subscript ; denotes its imaginary part, e.g., xg = Re{x}
and x; = Im{x}. E[-] denotes the expectation operator. In most of the cases, we use an
index to denote the averaging PDF, however, if the averaging PDF is clear from context
the index is sometimes omitted.

2.2 Augmented Form and Widely Linear Processing

This section recapitulates the preliminaries required to derive the linear and particularly
the widely linear estimators in this work. It is essentially a shortened version of the
corresponding parts in [2,3], where an excellent introduction to improper data and widely
linear processing can be found. It will turn out, that widely linear processing allows to
incorporate improper statistics into the estimation process, while standard complex-
valued processing only allows to incorporate proper statistics.

2.2.1 Linear and Widely Linear Transformations

We write a complex vector x € CNx as x = xg + jx1, where xg = Re{x} € R and
x; = Im{x} € R"x. Based on that, we use two closely related representations. The first
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representation is the real composite 2 Ny-dimensional vector

XR

Xg = € R?x, (2.1)

X1

obtained by stacking xgr on top of x;. The second representation is the complex aug-

mented vector
leir (2.2)
X

obtained by stacking x on top of its complex conjugate x*. Augmented vectors are always
underlined. In much of our discussion, our focus will be on complex-valued quantities,
where we will be using x and its augmentation x.

The complex augmented vector x is related to the real composite vector xg as x = Ty, Xr
and xg = %Tﬁxg, where the real-to-complex transformation matrix

I i1
TN:[ J

. I _jI c (CQNXXZNX (23)

is unitary up to a factor of 2, i.e., TNxTﬁx = TﬁxTNx = 2I. The complex augmented
vector x is obviously an equivalent redundant, but convenient representation of xp.

In the following, we consider widely linear transformations of the form
y = Hix + Hox™. (2.4)

The augmented version of y can easily found to be

. Yy _H1 H2 X B
y_[W]_L@ HJ[f]_HX =

The matrix H is called an augmented matriz. It satisfies a particular block pattern,
where the south-east block is the conjugate of the north-west block, and where the
south-west block is the conjugate of the north-east block.

We now apply the concept of complex augmented vectors and matrices on the linear
model given by
y=Hx+n, (2.6)

where H € CNv*Vx {5 a known measurement matrix, x is the unknown parameter vector,
y € C™ is the measurement vector, and n € C¥ is a zero mean noise vector statistically
independent of x. The augmented version of (2.6) is

y=Hx+n, (2.7)

H O n
I R

where



2.2 Augmented Form and Widely Linear Processing
2.2.2 Statistics of Complex-Valued Random Vectors

In order to characterize the second-order statistical properties of x = xp + jx1, we start

by considering the real composite random vector xg = [xg xﬂ . Its covariance matrix

is

C C
Couxe = By [(xm — Exg [Xr]) (xR — B [xp])T] = | 70 750 (2.9)
CXRXI CXIXI
with
Cuxpxn = Exq (xR — Exg [Xr])(XR — Exq [xg])"] (2.10)
CXRXI = EXPMXI [(XR - EXR [XR])(XI - EXI [XIDT] (2'11)
Cuixy = By [(x1 — Ex, [x1]) (x1 — Ex, [x1])"]. (2.12)
The augmented covariance matrix of x is defined as
Cox = Bx[(x — Bx[x])(x — Ex[x])"]. (2.13)
With the real-to-complex transformation matrix Ty, we have
gxx = Tn, CX]RXRT%X (214)
_ gicx C:{;x _ g}[{{x c CQNXXZNX, (215)
CXX CXX
where
Cxx = Ex[(x — Ex[x])(x — Ex[x])T] (2.16)
is the (Hermitian and positive semi-definite) covariance matrix, and where
Cx = Ex[(x — Bx[x])(x — Ex[x])"] (2.17)
is the complementary covariance matrix. An equivalent expression to (2.14) is
1
Cupxy = = 1THXQXXTNX. (2.18)
For Cyx and éxx we have
CXX = CXRXR + CXIXI + j(cszl - CXRXI) = C)Ic{xv (2'19)
and _ ~
Cox = Coxs — Ot + (CL gy + Con) = €y, (2.20)

respectively. (ijx is sometimes also referred to as pseudo-covariance matrix or conjugate
covariance matrix. If Cxx = 0, then the vector x is called proper, otherwise improper [17—
21]. The conditions for propriety on the covariance and cross-covariance of real and

imaginary parts xgr and xXj are Cypxy = Cxx and Cypy, = —sz. When z =
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xR+ jx1 is scalar, then Cy,, = 0 is necessary for propriety. If x is proper, its Hermitian

covariance matrix is

Cyx = 2Cxxn — 27Cxnx; = 2Cx;x; + 25CL 2.21
RXR RXI IXT

XRX1?

RTI

and its augmented covariance matrix C,, is block-diagonal. If a complex-valued scalar
x is proper, then Cpp = 2050, = 2C;4,. It is easy to see that propriety is preserved
by strictly linear transformations, which are represented by block-diagonal augmented
matrices.

2.2.3 Linear and Widely Linear Estimators

Let x € CMx be the parameter vector to be estimated and y € C¥ be the measurement
vector. Then, a widely linear (or actually widely affine) estimator takes on the form

x=Fy+ Gy* +b, (2.22)

where F, G € CM*Ny and b € CM. Another way to express the estimator is its
augmented version

F G|y
For linear (or actually affine) estimators we have G = 0 such that x = Fy + b.

[»4>

+b=Ey+b. (2.23)

It turns out that the augmented representation of widely linear estimators often shows
structural similarities to their linear counterparts. This is the main reason why we favor
the augmented form over the real composite representation. To motivate this further,
a demonstration is presented in form of the LMMSE estimator and the WLMMSE
estimator in the sequel. These estimators are discussed in detail in Chapter 4, thus we
only show the formal expressions for now. The LMMSE estimator is given by

x = Ex[x] + nyC;; (v — Eyly]). (2.24)

Its widely linear counterpart, the WLMMSE estimator, is most compactly written in
augmented form as [2,22]

% = Ex[x] + C,,Cyy (y — Ey[y]). (2.25)

Note the elegant representation and the close notational similarity to the linear estimator
in (2.24).

2.2.4 Gaussian Random Vectors

To simplify notation we regard zero mean vectors in the following. The Gaussian PDF

T
of the real composite 2 Nx-dimensional vector xg = [XPT{ X?:| is [2,23]

1 1 _
p(XR) = SN exp {—x%Cx]RlXRxR}. (2.26)

(27) 2" /det Cooons 2

10
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Using xg = %Tﬁxg, C;}R}XR = T%XQ;;TNX, and det Cyyx, = 272Vx det C,,., we obtain
the PDF of the complex-valued vector x as [24,25]
= {-3xcidel (227)
X) = ————exp{ —=X X p. :
P T NG, T2 e

Algebraically, this PDF depends on x, and thus on x and x*, but is interpreted as the
joint PDF of xg and x;. It can be used for proper or improper x. In this work, we call
a complex vector x with the distribution in (2.27) generalized complex Gaussian. The
simplification that occurs when Cxx = 0 is obvious and leads to the PDF of a complex
proper Gaussian random vector x as
Hr—1
= = —x"C . 2.28
p(x) = e o {~xCxilx) (2.28)
If it holds that Fx[x] = 0 and Cxx = I we simply refer to (2.28) as standard proper
Gaussian PDF.

2.3 Wirtinger Calculus

When deriving an estimator it is often necessary to find the minimum of a real-valued
cost function. This can in many cases be done by setting the gradient of the cost function
equal to zero and derive the corresponding estimator. Matters turn more complicated
when the estimator, the quantity we are interested in, becomes complex-valued. Then,
the question is how the real-valued cost function can be differentiated w.r.t. this complex-
valued quantity. The key to tackle this problem was provided by Wirtinger in 1927 [4]. In
the following, we shortly summarize the main aspects of Wirtinger calculus. This section
is basically a shortened version of Appendix 2 in [2], which itself is based on [4,26,27].

A main result of classical' complex analysis is that a complex-valued function is complez-
differentiable on its entire domain if and only if it is holomorphic. Since non-constant,
real-valued functions defined on the complex domain cannot be holomorphic, their clas-
sical complex derivations do not exist.

However, there exists a way to overcome this problem. Let the real-valued function
f be defined on C". By considering the real and imaginary parts of the n complex
variables as separate variables, then f is defined on R?”. If f is differentiable on R?" it
is termed real-differentiable. According to classical complex analysis, a real-differentiable
function is also complex-differentiable if and only if the Cauchy-Riemann equations hold.
For real-differentiable functions, Wilhelm Wirtinger showed a way to define a generalized
complex derivative which can also be conducted in situations where the Cauchy-Riemann
equations do not hold. This generalized complex derivative exists whenever f is real-
differentiable.

!'Note that in this section the term ’classical’ is used to indicate complex analysis approaches for dif-
ferentiation without considering Wirtinger calculus and it is unrelated to classical estimation theory.
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In the following, the Wirtinger calculus is derived for the scalar case. An extension to
the vector case is presented afterwards.

Scalar Case

Let f be a real-valued scalar function of the complex-valued scalar x = zr + jr;. We

T
denote xg = [SCR xl} and write f(z) = f(xrg) = f(zr,z1) for convenience. As
preparation for the generalized complex differential operator, we consider the task of

T
linearly approximating the function f(xr) around xg g = {a;;w xljo}
f(xr) = f(xr0) + Vi f(XR 0) (XR — XR0)- (2.29)

Vxg is the real differential operator defined as the row vector

TR

Ve (xm0) = |2 (xm0) 2L (xw0)]. (2:30)

We note that in engineering literature, the gradient of a function is in many cases defined
to be a column vector. Whereas in mathematics literature a gradient is usually defined
to be a row vector. In this work, we define the gradient of a scalar valued function to
be a row vector as in (2.30) [2].

T
From xg, the augmented vector x = [IL‘ :n*] is obtained via

L
x = L J ]xR = Ty xz. (2.31)
—J

By utilizing THT; = T, T4 = 21, the right term in (2.29) reads as

Vi f(XR,0) (XR — XR0) = (;Vfo(XR,O)T{I> (T1(xr — Xr0)) (2.32)
- (;VXRf(XR,o)TfI) (x —xo)- (2.33)
This result motivates the definition of the complex gradient as
Ve f (@) = 5 Vs fx0) T (231)
- [% (% — ]%) (xRr,0) %(% + %) (XR,O):|. (2.35)

Combining (2.33) and (2.35) reveals that the first operator in (2.35) is applied on = and
the second operator is applied on z*. This motivates the definition of the generalized
complex differential operator as

0 1/ 0 .0

12



2.3 Wirtinger Calculus

and the conjugate generalized complex differential operator as

o 1/ 9 .0
9 2 (m +Ja$1>, (2.37)

such that the gradient in (2.35) reads as

VoS (w0) = |9 (xo) 2L (ao)|- (2.38)

The results in (2.36) and (2.37) are sometimes referred to as Wirtinger derivative and
conjugate Wirtinger derivative, respectively. We use the plural form Wirtinger deriva-
tives to account for both expressions. The following short example reveals an interesting
effect when applying the Wirtinger derivatives.

Let f(z) be given by f(z) = |z|* = zz*. With f(z) = f(zr,21) = 3 + 27 the Wirtinger
derivatives follow to

of(x) 1/ o0 .0 e

%~ 3 <33§R jaxl)f(a:R, Z]) =TR —JTI =X (2.39)
of(x) 1[0 .0 B o

o 2 <8xR + jaxl)f(xR’ x1) = TR + jr1 = . (2.40)

This result is interesting since the same expressions can be derived by formally treating
x and x* as two independent variables. This suggests to treat x* as a constant when
applying 8%, and to treat x as a constant when applying a‘%. Following this guidance
leads to

of(z) 0 . .

e %(xa: )=z (2.41)
Of(x) _ 0 o _
S Do (xx™) = =z, (2.42)

which are equal to (2.39) and (2.40), respectively. Hence, the Wirtinger derivatives
(for this example) can be derived by treating = and z* as two independent variables.
Ultimately, it can be shown that this statement holds in general.

The frequent task in this work is to find the minimum of a real-valued cost function
f(xgr). This can be done by setting the gradient equal to zero, i.e.

Ve ) = [ () 2L (k)| 2 [0 0]. (243)

This implies setting two equations equal to zero and solving for xg. In many cases, sim-
pler minimizations processes and more compact analytical expressions result by utilizing
the Wirtinger derivatives. Considering the definition in (2.36), one can state that setting
the Wirtinger derivative equal to zero

of(x)
oz

=0 (2.44)

is equivalent to (2.43) but only requires to solve a single complex-valued equation.

13
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Although we focused on real-valued functions f(x) to demonstrate the need of general-
izing the complex differential operator, there is nothing in (2.29)—(2.42) that prevents
applying this concept to complex-valued functions. Hence, the Wirtinger derivatives
can be applied to complex-valued functions, too. It can easily be shown [2], that for a
holomorphic function, the Wirtinger derivative is the standard complex derivative.

Vector Case

Till now only the scalar case was investigated. For the vector case considered in the

following, we only show the main results and definitions here. Let f : CM — C be a

complex-valued scalar function of the complex-valued vector x = xg + jxj. Further, let
T

XR = [XPT{ xIT} . If Re{f(xr)} and Im{ f(xRr)} are both real-differentiable, the complex

gradient is a 1 X 2NNy row vector given as

of _Tor o
where
of of  of of
== & 2 ... 5L (2.46)
of 1oy oy of
o [81"1‘ oz - axyvx] (2.47)

For f being a vector valued function f : C¥ — C™, the complex Jacobian is defined as
the m x 2Ny matrix

vx f 1
vxf2
Jx = ] (2.48)
Vi fm
In the following, we list some rules and special cases for Wirtinger derivatives. By doing
so, we assume the arbitrary vectors a and b as well as the arbitrary matrix A are
independent of x and x*. At first we consider the case f : Cx — C. Then, it holds that
[28]

(%aHX N 8?(* afx =07 (2.49)
%XHa — o7 8i*XHa — a7, (2.50)
(;iXTa _al 8‘; xTa =0 (2.51)
&xHAx — A 8?(* x" Ax = xT AT, (2.52)
;i(xTAx =x" (A+AT) 8?(* xT Ax = 07, (2.53)

14
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iexp(—;xHA_1x> = —éexp <—;XHA_1X>XHA_1, (2.54)
2 In(xAx) = (x" Ax) <A, (2.55)
For vector valued functions f : Cx — C™ it holds that
gz =1 g;‘* —0, (2.56)
w oy s
e~ (%) we (o) 259

The chain rules for two real-differentiable vector valued functions f and g are given by

of(g) ofog of 0g*
ox  Ogdx  Og* Ox’

of(g) of Og of og*
ox*  Ogox* | Ogroxt

of of \*

== 2.61
ox* (8){) (261)
holds since f(x) = f*(x). Furthermore, for a real-valued scalar function f the following
three conditions are equivalent

(2.59)

(2.60)

If f is real-valued

of g 0f
ox 0= ox*
As it will turn out later on, this result is important for finding local extrema of real-
valued cost functions defined on the complex domain. It shows that the same local
extrema are obtained when taking the derivative w.r.t. x or w.r.t. x*.

Vaf =07 = ol (2.62)

2.4 Lagrange Multiplier Method for the Complex Case

Many of the estimators in this work are derived by minimizing a cost function subject to
some constraints. For such constrained optimization problems, the Lagrange multiplier
method can be used to find an optimal solution. This method is a well-known optimiza-
tion method, and can be found in many standard textbooks such as [29,30]. We consider
the Lagrange multiplier method to be known and focus on its complex extension [6] in
the following.

The task of optimizing a real-valued cost function J(x) subject to a constraint c(x) =0
is formally written as

Xopt = argminJ(x) s.t. c(x)=0 (2.63)

15
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and the Lagrangian cost function for real-valued constraints becomes
L(x) = J(x) + ATe(x), (2.64)

where (the real-valued) A is called the Lagrange multiplier vector. While the cost function
J(x) is always real-valued in this work, the function c(x) is in general complex-valued.
In fact, this results in twice as many real-valued constraints, specifically

Re{c(x)} =0 and Im{c(x)} =0. (2.65)
Consequently, the appropriate Lagrangian cost function for this case reads as
L(x) = J(x) + AERe{c(x)} + ATTm{c(x)}. (2.66)

The complex-valued Lagrange multiplier vector is defined as A = Ar + jA;. Therewith,
(2.66) can be rewritten as

£(x) = 1<) + yXh(e(x) + € (x)) + 5AT (elx) — () (267
= () + 5 (A + AT )e) + ¢ (X~ M) e () (2.68)
= J(x) + %(AT + AT AT — A e(x) + i(AT + AT AT A et (x)  (2.69)
= 76 + ;A e(x) + A e (x) (2.70)
= J(x) + %,\Tc(x) + %(ATC(X))*. (2.71)

This result shows that formally c(x) as well as its conjugate have to be inserted into the
Lagrangian cost function. We demonstrate the effects of this result with two upcoming
examples that will appear later in this work in similar forms (e.g. in Section 3.2.1 and
Section 3.4.1).

2.4.1 Linear Constraints

We optimize the real-valued cost function J(x) = xf Ax with a Hermitian and invertible
matrix A subject to the complex-valued linear constraint Bx = b, where b € CMe and
where B € CNe*Nx i5 a complex-valued matrix with N, < Ny and full row rank. Then,
the resulting optimization problem formally reads

Xopt = argminx?Ax  st. Bx=b. (2.72)
X

The corresponding Lagrangian cost function is given by

1 1
L(x) =xTAx + 5>\T(Bx —b) + 5AH(B* * —b*). (2.73)
Taking the derivative w.r.t. x using the Wirtinger derivative yields
OL(x) H L7
=x"A+ -A"B. 2.74
I x" A+ 5 (2.74)
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2.4 Lagrange Multiplier Method for the Complex Case

Setting this result equal to zero allows to identify x,p¢ as
Xbh = — %)\TBA_l, (2.75)
Xopt = — %A‘IBHX". (2.76)
Inserting this result into the constraint Bx = b results in
—%BA‘lBH)\* =b. (2.77)

Due to the full row rank assumption of B, the expression BA™'B# in (2.77) is invertible
and allows

1 _
—5A" = (BAT'B") b, (2.78)
Finally, reinserting into (2.76) yields
Xopt = A7'BH (BA'BH) ', (2.79)

Note that during the entire derivation the conjugate complex constraint in the La-
grangian cost function in (2.73) does not play a role. The reason for that is that this
term does not depend on x but only on x*, making its derivative w.r.t. x vanishing. This
conjugate complex constraint is required when taking the derivative w.r.t. x*. That is
allowed since the Lagrangian cost function is real-valued, which allows to apply the rule
in (2.62). Of course this would lead to the same result as in (2.79). Note further that
the entire derivation could have been performed without the terms % without changing
the result. In other words, one may define a new variable ' = %)\ to simplify the

expressions. This will be done for the remainder of this work.

2.4.2 A Special Case of Widely Linear Constraints

We now replace our linear constraint Bx = b by Bx + B*x* = b, where again B €
CMoxNx fylfills N, < Ny and has full row rank. This constraint is frequently used in
this work and it results in the optimization problem

Xopt = argminx?Ax  st. Bx+B*x* =b. (2.80)

The left hand side of the constraint is always real-valued, which enforces b to be real-
valued, too. Thus, the Lagrangian cost function becomes

L(x) = x7Ax + AT (Bx + B*x* — b) (2.81)

with real A since the introduction of an additional conjugate complex constraint as in
(2.71) is obsolete. Taking the Wirtinger derivative of (2.81) w.r.t. x yields
0L(x)
0x

=xTA + ATB. (2.82)
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Setting this result equal to zero allows to identify
Xopt = — ATTBHA
Inserting this result into the constraint results in
~BA'BA-B*(A*) 'BTA =b.
Assuming invertability of BA™'BY + B*(A*)"'B”, A can be identified as
A= (BA—lBH + B*(A*)’lBT)ilb.
This result reinserted into (2.83) yields

-1
Xopt = A—lBH (BA—lBH + B*(A*)—IBT> b.

18
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Knowledge-Aided Concepts in Classical
Estimation

This chapter focuses on aspects in classical estimation with an underlying linear model,
where the unknown parameter vector is considered to be deterministic. We start by
recapitulating the well-known LS and weighted least squares (WLS) estimators. Both
estimators are purely deterministic and do not incorporate any statistics. This is in
contrast to the BLUE and the BWLUE, which incorporate (augmented) second order
statistics of the noise. Subsequently, we recapitulate commutation properties of the
BLUE over linear transformations. Standard literature [1] states that the BLUE com-
mutes over rectangular transformation matrices B € C™*™ with m < n. For these cases,
a parameter vector with dimension n is estimated and then transformed into another
parameter vector with dimension m < n. The investigations start with a related prob-
lem where it is known that the parameter vector of length n lies in a linear subspace of
C™ with dimension m and m < n. Let this subspace be spanned by the columns of the
full column rank matrix B’ € C"*™. A straight forward approach to incorporate this
additional model knowledge is to transform the estimated vector with length m into an
estimate of the parameter vector with length n using B’. An open question in standard
literature is whether the resulting estimate of the parameter vector is the BLUE or not.
In this work, it will be proven that this approach in fact produces the BLUE. For the
LS estimator on the other hand it is shown that a constrained LS estimator [1] is able
to incorporate the knowledge that the parameter vector lies in a linear subspace of C™.
The linear constraints required for applying the constrained LS estimator are derived.

The contributions in this chapter continue with investigations of other possible sources
of additional model knowledge. For example sometimes it is known that the parameter
vector fulfills additional linear constraints. An example is the case where the parameter
vector describes the impulse response of a linear system that is unable to transmit
direct current (DC) signals. Then, the sum of the taps of the impulse response must be
zero, which can be reformulated as a linear constraint. In literature the constrained LS
estimator is available as a standard estimator for this case, however, to the best of our
knowledge constrained versions of the BLUE and the BWLUE have not been published
so far. In this work, this gap is closed by introducing the constrained BLUE and the
constrained BWLUE.

The next investigations consider the task of estimating a real-valued parameter vector,
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while the measurements shall remain complex-valued. A prominent example is estimat-
ing a real-valued impulse response of a system based on complex-valued measurements of
its frequency response [31]. Applying the ordinary BLUE for this task in general results
in complex-valued estimates, producing a systematic error. We propose several classi-
cal estimators that avoid this systematic error by producing real-valued estimates only,
increasing the estimation accuracy compared to standard estimators as well as intuitive
estimators.

Finally, we consider the case where the measurement matrix is not completely known but
rather disturbed by additive noise [7—12]. Typical practical applications are problems,
for which the measurement matrix is for example a convolution matrix that is con-
structed based on an imperfectly measured or estimated impulse response. We propose
an iterative algorithm that incorporates the error variances into the estimation process.
It is demonstrated that this algorithm outperforms competing algorithms significantly.

3.1 State-of-the-Art

Consider the linear model
y =Hx+n, (3.1)

where x € CVx is a complex-valued parameter vector, y € C™ is a complex-valued
measurement vector, H € C¥*Mx is a complex-valued measurement matrix with full
column rank and? Ny < Ny, and n € CMv is a complex-valued random proper noise
vector with zero mean. Later on, we will dismiss the proper noise assumption.

3.1.1 Classical Estimators

In the following, we recapitulate the well-known classical estimator for the model in
(3.1).

LS Estimator

In LS estimation the sum of the absolute squared differences between the elements of
the actual measurements y and the elements of the assumed signal or noiseless data
s = Hx € C™ is minimized [1]. Let ; and s; be the i'" elements of y and s, respectively.

2We note that the investigations could also be done with Ny < Ny, but when Ny = Ny, the BLUE
reduces to the simple inverse of the measurement matrix.
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Then, the cost function follows as

Ny

J(x) = Z\yz’ — sl (3.2)
=1

= (y —Hx)"(y — Hx). (33)

The vector x that minimizes this cost function is denoted as the LS estimator determined
as

XLg = arg m)zn (y — Hx)" (y — Hx). (3.4)
The solution is given by [1]

N -1
x1s = (H'H) Hy (3.5)
= Eisy, (3.6)

where H”H is invertible since H is assumed to have full column rank. This estimator
is linear in the measurements y and the linear operator (HH H)leH is termed the
estimator matrix. This estimator matrix is shortly written as Erg such that X1 = E1gy.
Note that the LS estimator in (3.5) does not require any statistical knowledge about the
measurements. However, first and second order statistics of the noise are required when
inspecting the usual performance measures.

The performance of an estimator is usually measured in terms of the MSEs between the
elements of the estimated and the true parameter vector. Deriving the MSEs requires
averaging over the PDF of the measurement vector y. According to (3.1), the PDF
of y corresponds to the PDF of n shifted such that its mean is Hx. Hence, statistics
about n are required. Besides the zero mean assumption already introduced, we further
assume the noise covariance matrix Cpy € CNv*Ny to be known. With this knowledge,
the MSEs of the elements of X can be derived analytically. Let #; and x; be the "
elements of X and x, respectively. Then, the MSE of Z; can be separated into the sum of
its variance var(#;) and absolute squared bias |b(2;)|> = |Ey[2i] — x;|* according to [1]

mse(Z;) = var(#;) + |b(d;)[2. (3.7)

Hence, for unbiased estimators b(z;) = 0, the MSEs mse(Z;) correspond to the variances
var(z;). It turns out that the LS estimator for the assumed model is unbiased, which
corresponds to

Ey[xis] = x. (3.8)

As a consequence, the covariance matrix of the vector estimator xpg is given by [1]
CixLs = Ey |(Xus — Ey[Xws]) (ks — Ey [&LS])H} (3.9)
= ErsCunEL. (3.10)

The variances of the individual elements of X1,g, which correspond to the MSEs, can be
found on the main diagonal of the covariance matrix Cgx 1.
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Weighted LS Estimator

The cost function in (3.2) treats every measurement equally. If it is known that some
measurements are more reliable than others it makes sense to modify this cost function
by giving those reliable measurements more weight. This can be done by assigning
individual weights w; to the measurements y;. These weights are assumed to be real-
valued, positive, non-zero and finite. The diagonal matrix W with the weights w;
assembled on the main diagonal is denoted as weighting matrix. This notation allows to
modify the cost function in (3.2) as

Ny

J(x) =) wilyi — sl (3.11)
i=1

= (y —Hx)"W(y — Hx). (3.12)

The WLS estimator is given by the vector x that minimizes this cost function

Xwrs = arg min (y — Hx)?W(y — Hx) (3.13)

and follows as [1]
*wis = (HTWH) 'H Wy (3.14)
= EwLsy. (3.15)

The WLS estimator for the assumed model is also unbiased and its covariance matrix is

Cix,wis = EwrsCanEtys. (3.16)

The product H¥WH is always invertible due to the full column rank assumption of H
and due to the assumptions we have made on the weights w;.

Constrained LS Estimator

In many applications it is known that the parameter vector fulfills some constraints, e.g.,
the linear constraints

Ax = b, (3.17)

where A € CNo*Nx b € CNo, N, < Ny. Since the parameter vector is assumed to fulfill
(3.17), we seek for an estimator whose estimates fulfill

A% =b. (3.18)

A modification of the LS estimator that fulfills (3.18) can be found in [1] and its derivation
will be repeated in the following.
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The ordinary LS estimator is derived by minimizing the LS cost function in (3.3). This
cost function is now minimized subject to the additional constraint. The optimization
task is formally given by

Xis = arg min (y — Hx)?(y —Hx) st. Ax=b. (3.19)

In addition to the assumptions already mentioned, we constrain the matrix A to have lin-
early independent rows such that the matrix A(HH H)_lAH is invertible. From (3.19),
the Lagrangian cost function follows as

L(x) = (y — Hx)" (y — Hx) + AT(Ax — b) + A7 (A*x* — b*) (3.20)
= yy — y"Hx — x"H"y + x"H"Hx + A" (Ax — b) + A (A*x* — b*).
(3.21)

Then, the Wirtinger derivative of (3.21) w.r.t. x is given by

OL(x)
ox

= —y"H+x"HTH + ATA. (3.22)
Setting this result equal to zero yields the estimator
%15 = (HPH) Hy — (H'H) " APA". (3.23)

Inserting this result into AXxpg = b allows to identify A as

AETH)H y - AETH) AT A =D (3.24)
K
~ KX\ =b- A(H'H) 'Hy (3.25)
A=K 'b-K 'AHH) 'Hy, (3.26)
where
K = A(HTH) A" (3.27)

A reinsertion of (3.26) into (3.23) yields

%15 = (HYH) "H”y + (H'H) AYK'b
— (H"H)'AYK A (HPH) By (3.28)
= (1- (@"H) "ATK T A) (H7H) Hy + (H7H) TATK D, (3.29)

which represents the final result for the constrained LS estimator.

Deriving the covariance matrix Cgx 1,5 requires noise statistics in form of Cu, to be
known. Note that (3.29) fulfills Fy[xrg] = x. With that, an intermediate result can be
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derived as
xrs — By[Xrs] = X1g — x (3.30)
= (1- (BH) 'AFK'A) (B7H) THy
+ (HPH) 'APK b - x (3.31)
— (1- (B7H) 'AFK'A) (H7H) 'HHx

+ (1- (H7H) 'AYK'A) (HH) 'H"n

+ (HPH) 'AYK b —x (3.32)
— (1- (B7H) 'APK'A) (H7H) 'Hn, (3.33)

Now, Cxx 15 becomes
Cixs = Ey [(f(Ls — Ey[Xps])(XLs — Ey [XLS])H} (3.34)

— (- (B7H) 'APK'A ) (H7H) 'HY Co

x H(HTH) ' (1- ATK'A(HH) ). (3.35)

BLUE

For deriving the performance measures of the LS estimator the noise covariance matrix
Cun was assumed to be known. The estimator discussed in the following is able to
incorporate this covariance matrix already into the estimation process. The goal is to
find a linear estimator X = Ey that is unbiased and that minimizes the variances of
the estimates &;, where Z; is the i*® element of %X. In fact, this approach will lead to
the famous BLUE. In that sense, the BLUE is best at minimizing the variance of the
estimates among all linear and unbiased estimators. We assume that the linear model in
(3.1) holds and we focus on z; first. This scalar Z; is connected with the measurements
via &; = eZ-H y, where efl is the i*" row of the estimator matrix E. We now analyze the
unbiased condition on Z;. For the model in (3.1) we obtain

Ey[#:] = Ey[e]'y] (3.36)
= Fn [elHHX + ef{n] (3.37)
= eHx = z;. (3.38)

To fulfill this for every x the condition eZH H= uiT must hold, where uiT is a row vector

of size 1 x Ny with a ’1’ at its i*P position, and all zeros elsewhere. The cost function,
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3.1 State-of-the-Art

which is the variance of Z;, becomes

J(es) = By |(&: — Bylii]) (@i — Byla])" | (3.39)
= By (& — =)@ — =) (3.40)
= By|(ef'y — i) (ef'y — )" (3.41)
- B, :(ef{Hx+eiHn— xi)(eiHHx—i-ef{n—wi)H] (3.42)
~ P (e/'n) (ef'n) "] (3.43)
= el Cppe;. (3.44)

The vector e; that minimizes this cost function and that produces unbiased estimates is
the solution of the constrained optimization problem

ep,; = arg min eZHCnnei s.t. ef{H = u;fr, (3.45)
e;

where the index B indicates the BLUE. Solving this constrained optimization problem
using the Lagrange multiplier method described in Section 2.4 leads to the BLUE for z;
according to

iBi=efy (3.46)
— o/ (HClH) 'HACLly. (3.47)

Since u;fr is the only term that depends on the index ¢, the vector estimator immediately
follows as

% = (H7CLiH) 'HYCLly, (3.48)

which represents the final expression for the BLUE. The covariance matrix of the esti-
mates is given by

Cisx = EBConEf (3.49)

= (| CclH) (3.50)

where Ep = (HH C;}lH) —gH C,.. Note the interesting similarities between the BLUE

and the WLS estimator in (3.14). Also note that the estimator matrix of the BLUE
fulfills EgkH = 1.

The BLUE corresponds to the minimum variance unbiased (MVU) estimator for the
linear model in (3.1) in the case of Gaussian distributed noise [1].

BWLUE

We will now dismiss the proper noise assumption and consider improper noise statis-
tics instead. For this case, the LS and the WLS estimators do not change since both
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3 Knowledge-Aided Concepts in Classical Estimation

estimators do not incorporate the noise statistics at all. It can be shown that also the
expressions for the corresponding covariance matrices in (3.10) and (3.16) do not change.

In Section 2.2, we stated that widely linear estimators can incorporate improper statis-
tics. The BWLUE, which incorporates improper noise statistics, is the widely linear
extension of the BLUE. Its derivation is summarized in the following. Consider the
general widely linear estimator in (2.22) and its augmented notation in (2.23). Let b be
the zero vector, and let fiH , giH and efl denote the i*" rows of F, G and E, respectively.
Then, z; is given by

& = [fiH gﬂ [5] —elly, (3.51)

7

with e/l = [f.H gl } For #; to be unbiased it must hold that

Eyli;] = EnlefHx +efn] = e’Hx = Z;. (3.52)
Hence, unbiasedness is ensured for every x if

efH =ul (3.53)

7

where u;;

elsewhere.

is a row vector of size 1 x 2Ny with a ’1’ at its i*" position, and all zeros

The variance of &; serves as the cost function that needs to be minimized and follows
as [2]

J(e:) = By | (& — Byla]) (@i — Byla])" | (3.54)
= By | (& — 2)(& — 2)"] (3.55)
= By |(el'y — ) (ef'y — )" (3.56)
—En:(ef]HKJrefIH—wz) (eflﬂvaefIg—xz)H} (3.57)
~ P (e/'n) (ef'n)"| (3.58)
=ellC, e (3.59)

The vector e; that minimizes this cost function and that produces unbiased estimates is
the solution of the constrained optimization problem
epw,; = arg min ezHanei s.t. ef{ﬂ =ul (3.60)
e

7

where the index BW indicates the BWLUE. The optimization problem in (3.60) can be
solved utilizing the Lagrange multiplier method described in Section 2.4. The solution
directly leads to the BWLUE for x; according to

P8, = efw.Y (3.61)

=u/ (H'C,1H) 'HCly. (3.62)
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3.1 State-of-the-Art
Since uiT is the only term that depends on the index ¢, the vector BWLUE immediately
follows as
~ _ -1 _
x5 = (H'C,nH) HYCLly. (3.63)

It is important to note that this estimator is widely linear in y and incorporates the
augmented covariance matrix of the noise. The estimators augmented covariance matrix
is given by

Cixp = EpwCrnnEfw (3.64)
= HCLiH) (3.65)

where Egpy = (EH QI_HIIE)AEH C,}. Note that the estimator matrix of the BWLUE
fulfills EBWH =1

3.1.2 Commutation Analysis

In this section, we discuss cases for which the BLUE commutes over linear (actually
affine) transformations. The arising results are then compactly extended to the BWLUE
and to the LS estimator.

Commutation Analysis for the BLUE

In addition to the linear model
y = Hx +n, (3.66)
we assume a new vector a is connected with the parameter vector according to
a=Bx+c (3.67)

with & € CVe and ¢ € CNe. We seek for the BLUE for . In standard literature such
as [1], it is stated that the BLUE for the linear model commutes over linear (actually
affine) transformations as in (3.67) if either

1. B € CNe*Nx is an invertible matrix (N = Nx) (Problem 6.12 in [1]), or

2. B € CNaxNx with N, < Ny and full row rank (Problem 4.12 in [1]).

If one of these two cases is fulfilled, and if the true parameter vector x is linearly
transformed via (3.67), then the BLUE for the new vector « is given by

ag = Bxg + c. (3.68)

In the following, we repeat the proof of both cases.
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3 Knowledge-Aided Concepts in Classical Estimation

For the first case, reformulating (3.67) yields
x =B a-c).
This expression inserted into the linear model in (3.1) produces
y=HB !la—HB lc+n
y+HB 'c= HB 'a+n
v H
y= Ho + n.
For this modified linear model, the BLUE for a is given by
- N1~
b = (HHC;rllH) Hicly
—I\HyrH ~—1 1\ Y 1 H g H (1 -1
= (B ™)' HICciHB™)  (B)'HCLl(y + HB o)
—BHAC,H ) 'HCyl(y + HB '¢)
=Bxg+BB ¢
= Bxp +c.

(3.72)

(3.73)

~ ~~ —~~

N RN
=2}

~— — ~—  ~—

The second case can be proven as follows. Let the i elements of o and & be denoted
as «; and &, respectively. Furthermore, the i*" row of the matrix B is denoted as bfl
and the i*" element of c is denoted as ¢;. We seek for an affine estimator of the form
& = Ey+d. Hence, the scalar &; is connected with the measurements via &; = eZH y+d;,
where e is the i*® row of the estimator matrix E and where d; is the i*® element of d.

Combining the linear model in (3.1) with (3.67) leads to
Eylai] = Ey[ef'y + di]
= Enle/'Hx +e/'n + d;]
= ef{Hx + d; = ;,
or

el Hx + d; = bx + ¢;.

(3.78)
(3.79)

(3.80)

(3.81)

To fulfill this for every x the conditions eZH H = bfl and d; = ¢; must hold. The cost

function, which is the variance of ¢&;, follows as

J(e:) = By | (& — Bylai]) (@i — By [ai))" |
=By :(efly +d; — Ey [ef{y + d;]) (efy+d;— Ey [ef{y + dl])H]

= En|(eHx + e/'n+d; — e/ Hx — d;) (e/'Hx + e/'n + d;, — e['Hx — d;

=F,

(2

(efn) (ef'm)"|

H
=¢€; Cpne;.
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The vector e; that minimizes this cost function and that produces unbiased estimates is
the solution of the constrained optimization problem

ep; = arg min e’Cpne; st. efH=Dbl, (3.87)
e;

where the index B indicates the BLUE. Solving this constrained optimization problem
using the Lagrange multiplier method described in Section 2.4 leads to the BLUE for «;
according to
A H
ap; = e,y + ¢ (3.88)
— b (HC H) THACly + ¢ (3.89)

Since biH and c¢; are the only terms that depend on the index 7, the vector estimator
immediately follows as

ap = B(HYCy1H) 'HYChly +c (3.90)
= Bxp +c. (3.91)
O

Commutation Analysis for the BWLUE

The commutation of the BLUE over linear transformations was analyzed for two cases.
In this section, we derive the corresponding results for the BWLUE. In addition, widely
linear transformations are considered, which include linear transformations as a special
case.

We begin with the first case and assume a linear model of the form as in (3.1) with the
difference that the noise is assumed to be improper with known augmented covariance
matrix C,,. Then, the BWLUE is given by (3.63). Let the new parameter vector
a € CMx be the result of a widely linear transformation of the form

a=Bix+ Byx" +c, (3.92)

with By, By € CV=*¥x and ¢ € CVx. The augmented notation of (3.92) is

a=Bx+c, (3.93)
where
B; B
D = ! 2 ) C = ¢ ) (394)
B; Bj c*

and where B is invertible. The remaining derivation is executed in Appendix A and
leads to the result that the BWLUE for «¢ is given in augmented notation as

apw = Bxgy +¢, (3.95)

where Xpyw is the BWLUE for x according to (3.63). O
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3 Knowledge-Aided Concepts in Classical Estimation

We now turn to the second case and assume B, By € CNeXNx N < Ny as well as
invertability of B(H g;}lﬂ)‘lgff . The derivation is executed in Appendix B. The
result of this derivation proves that the BWLUE for a is given by (3.95), where Xpyy is
the BWLUE for x.

3.2 Estimation in a Linear Subspace

Previously, it was shown that the BLUE commutes over linear (actually affine) trans-
formations for two cases. A related situation is investigated in this section, where we
assume the parameter vector x lies in a linear subspace of Cx. We consider the linear
model

y=Hx+n (3.96)

with the additional model knowledge that x lies in a linear subspace of CVx spanned by
the columns of a full column rank matrix B € C"x*Ne such that

x = Ba (3.97)

with Ny > No. We seek for the BLUE for x. In this section, Ny < N shall be allowed
as long as Ny > N and full column rank of HB are fulfilled.

3.2.1 Estimation in a Linear Subspace Using the BLUE

With (3.97), the linear model can be rewritten as
y = HBa +n. (3.98)
Since we assumed Ny > Nq and full column rank of HB, the BLUE for « follows as®
ap = (BYHY C;lHB) 'BYH Cly, (3.99)

with )
Caap = (BPYHYC HB) . (3.100)

Intuition tells us that X = Bép is a meaningful estimator, but is it really the BLUE?
In the following, we formally show that this estimator is in fact the BLUE.

We seek for the BLUE for x, which uses the additional information in (3.97). Note that
the BLUE in (3.48) does not assume any additional constraints on x. Consequently,
it is not the true BLUE for x any more in this situation. To not confuse the reader
with varying notations, we refer to (3.48) as the ordinary BLUE. For deriving the true

3A discussion about the relation between Ny and Ny is presented after the derivation.
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3.2 Estimation in a Linear Subspace

BLUE, we need a variance to be minimized and an unbiased constraint. The unbiased
constraint can be derived as

Ey[x] =x (3.101)
Ey[Ey] =x (3.102)
E,[EHx + En| = x (3.103)
E,[EHBa + En| = Ba (3.104)
EHBa = Be, (3.105)
which directly leads to the unbiased constraint
EHB = B. (3.106)

The ordinary BLUE for x in contrast fulfills the constraint EH = I. The additional
information allows us to utilize the modified unbiased condition in (3.106). We now
analyze and compare these two constraints:

m If B were invertible, both constraints would be equivalent.

s EH = I has Ny Ny degrees of freedom, which is the number of elements in E. It
furthermore has Ny Ny scalar constraints, which is the number of elements in I.

s EHB = B also has Ny Ny degrees of freedom, but only NyxN, scalar constraints.

Since Nx > Ng, the modified unbiased constraint in (3.106) is less stringent compared
to EH = 1.

We use the following notation: The i*" row of B is denoted as b and the i** row of E
is denoted as e such that

by’ efl
bl ell

B = , E=| | (3.107)
bﬁx eﬁx

From (3.106), the unbiased constraint for e/ can be extracted and leads to
e’HB = bl (3.108)

The cost function to be minimized is the variance of Z;, which follows as

J(ei) = By | (@5 — By[:)) (@ — Bylai)" (3.109)
= By |(ef'y — By[ef'y]) (ef'y — By [el'y])"] (3.110)
— B (eZHHx—Fe n—eHHx)(e{fo+e{1n—e{fo)H} (3.111)
— P (ef'n) (ef'n) "] (3.112)
= el Cppe;. (3.113)
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3 Knowledge-Aided Concepts in Classical Estimation

In summary, the following constrained optimization problem is obtained:

ep; = arg min eZHCnnei s.t. eZHHB = blH. (3.114)
e;

The Lagrangian cost function for this problem is given by
L(e;) = el Cune; + A (BTH"e; — b;) + AT (BTH" e} — b}). (3.115)
The Wirtinger derivative with respect to e; produces

ag(:i) = el Cpn + MTBAHA. (3.116)

Setting (3.116) equal to zero results in
e, = - A"BYH”C . (3.117)
Inserting (3.117) into the constraint in (3.108) produces
-AMBPHYC_HB = b/ (3.118)
—A" —pf(BYHC,HB) (3.119)
Reinserting this result into the expression for e in (3.117) yields
e, = b (BYHC,lHB) ' BYHYC,.. (3.120)

Since bZH is the only term in (3.120) that depends on the index i, the expression for the
estimator matrix immediately follows as

Es=| 7| =B(BHC,HB) 'BHC,]. (3.121)
egzvx
Comparing this result with (3.99) proofs that
%p = Baug (3.122)
holds. From (3.122) it follows that the covariance matrix of xp is given by
Cisp = BCsapB”. (3.123)

Recall that we assumed that HB has full column rank, Ny > N4 and Ny > Ng, but no
additional assumption on the relation between Ny and Ny has been made. Hence, this
result is applicable even for Ny > Ny as long as the mentioned assumptions hold.

The results of these investigations are summarized in
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Result 3.1 (Estimation in a Linear Subspace Using the BLUE)

Consider the linear model in (3.1), where y € C™ is the measurement vector,
H e CM*Nx is a known measurement matrix, and n € C™ is a zero mean random
noise vector with known covariance matrix Cpn. If it is known that x lies in a linear
subspace of CVx spanned by the columns of a full column rank matrix B € CNx*Ne
with Nx > N4 according to (3.97), and if

m Ny > Ng, and
s HB has full column rank,

then the BLUE for x is given by (3.122) where &p is the BLUE for a according to
(3.99). This estimator is unbiased in the classical sense, i.e., it fulfills Ey[%p] = x,
and its covariance matrix Cgx g is given by (3.123).

In the following, two possible applications and their connection are discussed.

Application 1: System Identification via Frequency Domain Measurements

Let the parameter vector x € C™* be samples of the frequency response (i.e. Fourier
coefficients) of a linear time-invariant (LTI) system. Measurements of this frequency
response are possible for some but not necessarily all frequencies. E.g., DC measurements
are sometimes difficult to conduct as it is the case for ultrasonic measurements. The
vector of possible measurements is denoted as y € CNv with Ny < Ny. Consequently,
H e CM*Nx is a selection matrix. Let o € CNe denote the impulse response of the
system with Ny > N such that B € CNx<*Na ig given by the first N, columns of a
discrete Fourier transform (DFT) matrix of size Nx x Nx. Finally, we end up with the
model

y=Hx+n (3.124)
= HBa +n. (3.125)

If HB has full column rank Result 3.1 is applicable and the full frequency response can
be estimated.

Application 2: System ldentification via Time Domain Measurements

Again, a denotes the impulse response of an unknown LTI system. y € C represents
time domain measurements of the output of the system for a given input signal, modelled
as

y=Ha+n. (3.126)
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Here, H' € CNv*Nx is a convolution matrix generated with the samples of the input
signal. Furthermore, let x € CVx be the frequency response of the LTI system generated
by the DF'T of the zero padded impulse response. This can be describes via

x = Ba, (3.127)

where B € CN<*Ne ig given by the first N4 columns of a DFT matrix of size Ny x Ny
with Ny > Ng. This problem looks more like the ones discussed in Section 3.1.2 with
the major difference that B has more rows than columns.

We denote the inverse DFT matrix of size Nx x Ny as F~!, and introduce

W = [INQXNQ 0NaXNx—Na , (3128)
then
o — WF 1x (3.129)
= WF 'Ba. (3.130)
N——

I

Combining this expression with the model in (3.126) allows for

y=HWF 'Ba+n (3.131)
H

=HBa +n (3.132)

= Hx + n. (3.133)

Since HB has full column rank and Ny > Ng, Result 3.1 is applicable and the full
frequency response can be estimated.

3.2.2 Estimation in a Linear Subspace Using the BWLUE

An extension of Section 3.2.1 to the BWLUE is presented in this section. We again
consider the linear model in (3.1) with the difference that n may now be a zero mean
improper noise vector. The BWLUE to be derived in the following incorporates the
additional knowledge that x lies in a linear subspace of CVx according to

x = Ba, (3.134)

where B € CNx*Ne and Ny > N,. We again assume Ny > Nq and full column rank of
HB such that the BWLUE for « follows as

apw = (BYHYC,HB) 'BYHYC,ly, (3.135)
where
B ONxXNa
B=| NxVa g (3.136)
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We seek for the BWLUE for x, which uses the additional model knowledge in (3.134).
Clearly, the BWLUE has to fulfill Ey[X] = x, which in augmented notation reads as

Ey[x] =x (3.137)

Ey[Ey]=x (3.138)
ExJEHx+En] =x (3.139)
EyJEHBa+En|=Ba (3.140)
EHBa=Ba, (3.141)

from which the unbiased constraint follows as
EHB-B. (3.142)

The ordinary BWLUE for x fulfills the constraint EH = I. Comparing this with the
modified constraint in (3.142) allows similar statements as in Section 3.2.1

m If B would be invertible, both constraints would be equivalent.

s EH =1 has 2Ny Ny degrees of freedom, which is the number of elements in F and
G within E according to (2.23). Furthermore, it has 2Nx Ny scalar constraints,
which is the number of elements in the upper half of I.

s EHB = B also has 2N, Ny degrees of freedom but only 2Ny N, scalar constraints,
which corresponds to the number of elements in the upper half of B.

Since Nx > Ngq, the modified unbiased constraint in (3.142) is less stringent compared
to EH =1.

For the derivation, we utilize a similar notation as in Section 3.2.1. Let the i*" row of B
be denoted as b and let the i row of E be denoted as e!!

)

b’ ef!
by ey

B=| |, E=| "] (3.143)
b%x e%a

From (3.142), the unbiased constraint for e follows as

e/ HB =b/". (3.144)
As cost function the variance of Z; is used, which reads as
J(e:) = By | (& — Byla]) (& — Byla])"| (3.145)
= By|(ef'y — Ey[el'y]) (e'y — By [ef'y])"] (3.146)
— En|(eHx +e/'n - //Hx) (e Hx + ¢/'n — eﬁﬂ;)H} (3.147)
— P (efn) (ef'n)"| (3.148)
—efiC, e (3.149)
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By combining (3.144) and (3.149) the constrained optimization problem is given by

epw,; = arg min ef{anei s.t. elHﬂB = bfl. (3.150)
e;

Therewith, the Lagrangian cost function for this optimization problem yields

L(e;) = el’Cppe; + AT (BPH"e; — b)) + AT (B'H" e} — b}). (3.151)
Setting the Wirtinger derivative of (3.151) w.r.t. e; equal to zero allows identifying
eBw,i as

8ei
eflw, = — ABPHCL. (3.153)

—eflC,, + AIBAHT £ 0 (3.152)

Inserting (3.153) into the constraint in (3.144) results in
~A\"BY"HYCHB =b/’ (3.154)

and after rearranging we have

AT b (BHIC,IHB) . (3.155)

Reinserting this result into the expression for e/ in (3.153) yields
el = bl (BPHC,lHB) 'B"HC,.. (3.156)

Since bZ-H is the only term in (3.156) that depends on the index i, the expression for the
estimator matrix Epyw immediately follows as

Epw = B(BYHYC, HB) 'B"H”C,]. (3.157)

n

Comparing this result to (3.135) proofs that
Xpw = B apy (3.158)
holds. Further, from (3.158), it follows that the augmented covariance matrix of Xpw is

given by
Cizpw = BQ@&ijﬁH~ (3.159)

Note that the only assumption necessary for deriving this result was that the matrix
product HB has full column rank and Ny > N,. This also allows parameter vectors
with Ny > Ny as long as the mentioned assumptions hold.

The derived results are summarized in
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Result 3.2 (Estimation in a Linear Subspace Using the BWLUE)

Consider the linear model in (3.1) where y € C™v is the measurement vector, H €
CNy*Nx is a known measurement matrix, and n € C™ is a zero mean random
proper or improper noise vector with known augmented covariance matrix C,,,. If
it is known that x lies in a linear subspace of CVx with Ny > N, according to
(3.134), and if

m Ny > Ng, and
s H B has full column rank,

then the BWLUE for x is given in augmented notation by (3.158), where agpyy is
the BWLUE for o according to (3.135). This estimator is unbiased in the classical
sense, i.e., it fulfills Ey[Xpw] = x, and its augmented covariance matrix Cgy gy is
given by (3.159).

We now shortly discuss an extension of Result 3.2. When replacing the linear equation
in (3.134) with the widely linear transformation

x = By + Boa®, (3.160)

the same result would have been obtained as long as the product HB has full column
rank, where

B, B,
B; Bj|

= (3.161)

3.2.3 Estimation in a Linear Subspace Using the LS Estimator

Besides the linear model assumption, we assume to have the additional knowledge that
x € CNx lies in a linear subspace of CNx spanned by the columns of a full column rank
matrix B € CV<*Ne guch that

x = Ba (3.162)

with Nx > Ng. We already derived the BLUE and the BWLUE for this task. For the LS
estimator, however, the incorporation of (3.162) into the derivation of the LS estimator
is generally not straightforward.

To overcome this, we transform (3.162) into an equivalent constraint of the form Ax = 0,
which corresponds to the constraint that x lies in the nullspace of A.. In fact, it is possible
to find a matrix A whose nullspace equals the space spanned by the columns of B. This
is shown in the following. First, the nullspace of B is identified. Let this nullspace
have the dimension Ny = Ny — Ny and let N € CN<*No he a matrix whose columns
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span the nullspace of BY. Consequently,
BN = oNexMNo (3.163)

holds. Taking the conjugate complex transpose of (3.163) and defining the matrix A =
NH e CNoxNx produces
AB = oNoxNa (3.164)

Consequently, the columns of B span the nullspace of A. Furthermore, the set of solu-
tions of

Ax = oNox! (3.165)

corresponds to (3.162) with arbitrary a. Hence, the information about x lying in a
subspace of CVx spanned by the columns of B has been transformed into the constraint
in (3.165). This allows utilizing the constrained LS estimator derived in Section 3.1.
This constrained LS estimator produces estimates that lie in a subspace of CV* spanned
by the columns of B. Hence, we obtain the following result:

Result 3.3 (Estimation in a Linear Subspace Using the LS Estimator)

Consider the linear model in (3.1), where y € C™ is the measurement vector,
H ¢ CM>*Nx is a known measurement matrix, and n € C is a zero mean random
noise vector. It shall be known that x lies in a linear subspace of C¥* spanned by
the columns of a full column rank matrix B € CN<*Ne with Ny > N, according
to (3.97). Let the nullspace of B have the dimension Ny and let N € C¥x*No
be the matrix whose columns span the nullspace of B. Then, the LS estimator
that incorporates the knowledge that x lies in a linear subspace of CNx spanned by
the columns of matrix B is given by the constrained LS estimator in (3.29) with
A = N and b = 0MVo*!, This estimator is unbiased in the classical sense, i.e., it
fulfills Ey[X1s] = x, and its covariance matrix Cxx g is given by (3.35).

3.3 Estimation with Additional Constraints on the Parameter
Vector

In many practical examples, more model knowledge than the measurement matrix H
and the noise statistics Cpy is available. As an example, some physical systems are
known to be unable to transmit any DC signals. Such a physical system, e.g., could
be a communication channel or a sensor with a differential measurement principle. If
the system can be described by an impulse response, then the inability to transmit DC
signals corresponds to the integral of the impulse response being zero. We assume the
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samples of the discrete-time impulse response z[n| sum up to zero such that

Nx—1
> a[n] =0, (3.166)
n=0
and we seek for an estimator that produces estimates that fulfill
Nx—1
> &[] =0. (3.167)

n=0

The vector notation of the constraint in (3.166) corresponds to 17x = 0, where 1 is a
column vector with length Ny with all elements being 1. We introduce the even more
general constraint

Ax =b, (3.168)

with full row rank A € CMo*Nx b ¢ CNo, Ny < Ny, and where x € C* can be a
general parameter vector rather than only an impulse response. Eq. (3.168) corresponds
to (3.166) for A = 17 and b = 0 but it also allows incorporating other types of model
knowledge.

We seek for estimators that incorporate knowledge about the constraints in (3.168). In
other words, we seek estimators that fulfill

A% =b. (3.169)

A possible estimator for this task is the constrained LS estimator discussed in Section 3.1.
However, to the best of our knowledge constrained versions of the BLUE and the BWLUE
have not been published so far. In the following two sections, these novel estimators are
proposed. It will turn out that these estimators allow for /Ny < Ny, which is forbidden
for the constrained LS estimator. A detailed discussion about this will be presented.

3.3.1 Constrained BLUE

We assume the linear model in (3.1) holds. In coherence with the constrained LS esti-
mator in (3.29), we assume the estimator to be affine and of the form

Xx=Ey+f. (3.170)

As the estimator is actually affine the term ’linear’ in the abbreviation 'BLUE’ might be
somewhat misleading. However, since also for other affine estimators the term ’linear’
is usually used, we call the estimator constrained BLUE. The goal is now to find the
estimator matrix E € CN=*Ny and the vector f € CMx. The constrained BLUE has to
fulfill two types of constraints. The first one is the unbiased constraint

Ey[x] = Ey[Ey + f] (3.171)
— Ep[E(Hx +n) + f] (3.172)
— EHx +f = x. (3.173)
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By letting e be the it row of E, z; be the i*! element of x, and f; be the i*" element
of f such that
el T fi
E=| |, x=|:1| ft=|:]/, (3.174)

ex, Ny TNy
the unbiased constraint for e can be extracted from (3.173) and is of the form
e Hx + f; = . (3.175)

The second type of constraints are given by (3.169). For each i € {1,2,..., Nx} the
variance of Z; serves as a cost function which is a function of e; given as

J(ei) = By | (@ — By[a:)) (@ — Bylai])"] (3.176)
= By|(efly + fi — e[ Byly] - f:) (el'y + fi — el By ly] - £)"]  (3.177)
— B (e (Hx +n) —eHHx) (e (Hx + n) —eZHHx)H} (3.178)
— P (ef'n) (e'n)"| (3.179)
= el Cppe;. (3.180)

We note, that (3.169) represents constraints in X, however, the i*" cost function is a
function of the vector e;, which is conflicting. We therefore transform the constraints in
(3.169) into a different but equivalent form, combine them with (3.173), and finally end
up with constraints on e;.

We start with an analysis of Ax = b in (3.168). This linear system of equations has an
infinite number of solutions that can be described as

X =X, + X100 + Xoa + ... + XN, QN (3.181)

where the vectors x;, i = 1,..., Ny, span the nullspace of A such that Ax; = 0Vpx1,
Ny is the dimension of the nullspace of A with Ny = Ny — Ny, the scalar coefficients
aj, © = 1,...,Np are in general complex-valued and arbitrary, and x, is an arbitrary

particular solution of Ax = b, e.g., the minimum norm solution x, = AH (AAH )71b.
However, the particular choice of x, is not of importance in the following. Eq. (3.181)
can be brought into the form

x =X, + Na, (3.182)
where

]
N=|x .. xNO]eCNxXNO, a=| 1 | ech. (3.183)

a N,

40



3.3 Estimation with Additional Constraints on the Parameter Vector

With this notation we have AN = 0">*No_ Ingserting (3.182) into (3.173) results in

Ey[%] = EH(x, + Na) + f = x, + Na (3.184)
& (EHN — N)o + (EH — I)x, + f = 0. (3.185)

To fulfill this equation for every possible vector ¢, we deduce the following two con-
straints for E and f:

EHN = N (3.186)
f = (I- EH)x,. (3.187)

H

Let the i row of N be denoted as nZH , then the constraint for e;” can be extracted from

(3.186) and leads to
e’HN = nf. (3.188)
We are now finally able to formulate the constrained optimization problem for e;:

ecp; = arg min e Cppe; st. e/HN =nll. (3.189)
e

We solve this constrained optimization problem using the Lagrangian multiplier method.
The Lagrangian cost function for this problem is given by

L(e;) = e Cnne; + AN (N He; — n;) + AT (NTH e} — n}). (3.190)

1
The Wirtinger derivative with respect to e; produces

AL (e;)

e elCpn + AINTHE . (3.191)

Setting (3.191) equal to zero results in
edp; = —A'NYHC]. (3.192)

Assuming full column rank of HN, which implies Ny, > Nj, and inserting (3.192) into
the constraint in (3.189) produces

A = nf (NFHP ClHN) (3.193)
Reinserting this result into the expression for e in (3.192) yields
ey, = nf (NTHA ClHN) T 'N7THI C . (3.194)

Since nf is the only term in (3.194) that depends on the index i, the expression for the
estimator matrix is given by

Ecp = N(NPHPCHN) 'N¥HCL. (3.195)
In the following, we denote

P=H"C_H. (3.196)
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Inserting (3.187) and (3.195) into (3.170) finally leads to the constrained BLUE in the
form of

xcp = Ecpy + (I — EcsH)x, (3.197)
= N(NPN) 'N"H7CLly + (I- N(N“PN) 'NP)x, (3.198)
= N(NYPN) 'N7HYC(y - Hx,) + x,. (3.199)
This estimator is unbiased, which can be shown by incorporating (3.182) and (3.186)

into (3.197)
Ey [)A(CB] = ECBEy [X] -+ (I — ECBH)Xp (3.200)
— EcgHx + (I — EcgH)(x — Nay) (3.201)
=EcgHx + x — EcgHx — Na + EcsHN« (3.202)
= x — Na + EcgHN (3.203)

—
N

= x. (3.204)

Following similar arguments, it holds that

xow — By [}A(CB] = EcpHx + Ecgn + x — EcgHx — Na + EcgHNa —x  (3.205)
= Eggn. (3.206)

With that, the covariance matrix of Xcg can be derived as

Cix.cn = By |(kcn — By [kc))(kcn — By [kcn))" | (3.207)
= EcpEn[nn|Efy (3.208)
= EcgCunEl; (3.209)
= N(N¥PN) 'N¥H" C5] Cpn Ol HN (NP PN) 7 'NH (3.210)
— N(NYHYPHN) 'N¥, (3.211)

where Xcp in (3.199) is actually independent of the particular choice of x,. To prove
this we first show that the identity

T = TAY (AAP)7'A (3.212)

with
T —1- N(NYPN) 'N¥P (3.213)
holds. For that we utilize the matrix [Af NJ. Since AN = 0, the column spaces
of A# and N are orthogonal to each other such that [A¥ NJ is invertible. Multi-
plying (3.212) with [Af N] from the right results in [TA¥ 0] = [TA® 0]. Since
this equation is true and [A” N] is invertible, (3.212) is also true. Now replacing

T=1- N(NHPN)leHP in the second line of (3.198) by the right hand side of
(3.212) gives

%cp = N(NPPN)'N/HAC,ly + TAY (AAT) " Ax, (3.214)

— N(NYPN)'NYHC.ly + TAY (AAY) 'b. (3.215)
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That finally means that using any particular x,, in (3.198) yields the same result as using

the minimum norm solution x, = A7 (AA# )71b. O
Another important note is that Ny, > N is not required for the application of (3.199),
which is in contrast to the constrained LS estimator in (3.29). In fact, the constrained
BLUE in (3.199) only requires full column rank of HN in order for N PN to be invert-
ible. This implies that Ny > Ny, but N, < Ny is allowed.

For the case that Ny > Ny , H full column rank, and Cyy is invertible (as originally
assumed) which implies that P is invertible, the expression for the constrained BLUE
in (3.199) can be simplified.

Simplification for invertible P

Note that the expression of the constrained BLUE in (3.199) requires the calculation
of a basis of the nullspace of the matrix A. We will now derive an expression of the
constrained BLUE that does not require this nullspace evaluation, but which requires
Ny > Nx. With the assumptions of full column rank H and invertible Cpy, (as originally
assumed) P is invertible, and the following identity holds:

N(NPPN) 'N# =P~ —P'A# (AP 'A") AP, (3.216)

This identity can be proven the following way. The i column of N is denoted as x;
according to (3.183). Furthermore, the i*® column of A is denoted as a;. We first
show that the vectors P~lay,...,Play, ,x1,...,xy, are linearly independent: Fix
Cly.-,CNy, diy .-, dn, € C such that

Np No
Z ciP_lai + Z d;x; = 0. (3217)
i—1 j=1

For u = Zﬁ\;bl ca; and v = Z;V:()l dix; we have P~lu + v = 0V<*1, Left multiplica-
tion by u?! yields u/ P~'u = 0 since u and v are orthogonal. Since P! is invertible,
we have that u = 0. By the linearly independence of all a;, all ¢; are 0. By (3.217),
all d; are 0. Thus the only solution of (3.217) is ¢; = d;j = 0 for all 4,7, or in other
words P~ 1ay, ... ,P_laNb, X1,...,Xn, are linearly independent. Hence, the square ma-
trix [P"'AH NJ is invertible. Furthermore, the matrix B = [A¥ PN] is invertible.
Right multiplying (3.216) by B yields [0 N] = [P~!A# N]— [P !A” 0]. Since this
equation is true and B is invertible, (3.216) is also true. O

Inserting (3.216) into (3.199) finally yields
%op = (1- P AT(APIAM) T A)PIHAC Ly + PTIAT (APTIAT) b,
(3.218)

For the constrained BLUE in (3.218) one can easily show that the covariance matrix is

Csscp =P ' —P'AH (AP 'AH) AP, (3.219)
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The expression for the constrained BLUE in (3.218) has the advantage that the nullspace
of A is not required. Furthermore, comparing the constrained LS estimator in (3.29)
with the constrained BLUE in (3.218) reveals that they are connected in a very similar
way as it is the case for the LS estimator in (3.5) and the BLUE in (3.48). Finally, we
end up with the following

Result 3.4 (Constrained BLUE)

Consider the linear model y = Hx + n, where y € C™ is the measurement vector,
H ¢ CM™*Nx is a known measurement matrix with Ny > Ny and full column
rank, and n € C™ is a zero mean random noise vector with known invertible
covariance matrix Cpn. If x fulfills the linear constraints Ax = b with full row
rank A € CNoXNx b e CVo| Ny, < Ny, then the constrained BLUE minimizing the
variances of the elements of xcp such that xcp fulfills Axcp = b is given by (3.218).
Its covariance matrix Cgx cB is given by (3.219).

If Ny > Ny does not hold, then let N € CN<*No he the matrix built by linearly inde-
pendent (column) basis vectors that span the nullspace of A. If HN has full column
rank (implying Ny > Np), then the constrained BLUE for x fulfilling AXcg = b is
given by (3.199). Its covariance matrix Cg cp is given by (3.211).

3.3.2 Constrained BWLUE

The extension of Result 3.4 for the case of improper noise is presented in the following.
These derivations will lead to the constrained BWLUE. For that, the linear model in
(3.1) shall hold and the augmented noise covariance matrix C,, shall be invertible. A
discussion about the relation between Ny and Ny will be presented. Again, Ax = b
shall hold. We assume the estimator to be widely affine and of the form

x=Fy+ Gy +f (3.220)
— [P G|y+f (3.221)
———
E
— Ey +1. (3.222)

The goal is to find the estimator matrix E € C"x*2Ny and the vector f € CMx. Here,
we consider the estimator in augmented notation such that

F G f

. _ n 3.223
E f

=Ey +f. (3.224)
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For that, the unbiased constraint enforces

Ey[x] = Ey[Ey + f] (3.225)
= En[E(Hx +n) + f] (3.226)
—EHx+f=x (3.227)

By using the notation in (3.174), and by denoting the i*" row of E as e!!, the unbiased

constraint for e can be extracted from (3.227) and leads to

eHx + f; = (3.228)
for i =1,..., Nx. Moreover, Z; can be written as
i =elly + fi. (3.229)

The cost function to be minimized, which is the variance of ;, follows as
J(e;) = Ey

r H

ezHX‘i‘fi _e{{Ey&] - fi)(e{{X‘Ffi —e{{EyM —fz) ]

( (3.230)
= Ey ( ( )
— P (ef (Hx +n) - e/ Hx) (ef/ (Hx + n) - e/ Hx)"| (3.232)

( (3.233)

I H
= F, eng) (eHg) } = eZHanei.
In complete analogy to the linear case in Section 3.3.1 the constraints (3.169) need to be
converted into constraints in e; and f; for : = 1,..., Nx. This is done in the following.

Since Ax = b holds, the investigations in (3.181)-(3.183) remain valid. With the nota-
tion

(3.234)

ONbXNx A*

x, = tj a= [3] b= []:*], (3.235)

A ONbXNx
; N Nox N
oNNo N

[ N ONxxN()]

B8 —EH(x,+Na)+f = x,+ Na (3.237)
& (EHN-N)a+ (EH-Dx, +f=0. (3.238)

To fulfill this equation for every possible realization of the unknown vector o, we deduce
the following two constraints for E and f:

EHN=N (3.239)
f=I-EH)x,. (3.240)
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With nZH denoting the i*" row of N, the constraint for eff , 1 < i < Ny, can be extracted
from (3.239) and leads to

el/HN = [n{l olxNo] (3.241)

All the constraints are now converted into constraints in e; and f;, such that we are
finally able to formulate the constrained optimization problem for e;:

ecBw,; = arg min eflgnnei s.t. eiHﬂH: [nff OlXNO] (3.242)
e;

We now solve this constrained optimization problem using the Lagrangian multiplier
method. The Lagrangian cost function for this problem is given by

T ToyT * n;

L(e;) =elC e+ A7 (NHHHei - [ i

oNox1
(3.243)
The Wirtinger derivative with respect to e; produces
agSi) —eflC,, + ANINIHH, (3.244)
Setting (3.244) equal to zero results in
elpw,; = —ANTHC_]. (3.245)
Inserting (3.245) into the constraint in (3.242) produces
AINPHICIIHN = [niH olxNo} (3.246)
CAF = {n{f olxNO} (NYHICIHN) . (3.247)
Reinserting this result into the expression for e/ in (3.245) yields
el = [nff 0VN] (NTHTCIHN)'N"HC . (3.248)

Since niH is the only term in (3.248) that depends on the index 4, the expression for the
estimator matrix is given by

Ecpw = [N %[ (N/HICIHN) 'N'HY G, L (3.249)

The augmented notation of this result can easily be identified as

Ecpw = N(N"HYCIHN) 'N"HCLl. (3.250)
In the following, we denote
P=HAC_ H (3.251)
such that Ecgw reads as
Ecpw = N(N/PN) " 'N7H7C, L (3.252)
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Inserting (3.240) and (3.252) into (3.224) finally leads to the constrained BWLUE in the
form of

Xcw = Ecpwy + (I — EcpwH)x, (3.253)
= N(NPN)'NTHIC by + (1-N(N'PN)'NP)x,  (3254)
=N(NPN) 'NYHC )y - Hx,) +x,. (3.255)

This estimator is unbiased, which can be shown by incorporating (3.236) and (3.239)
into (3.253)

Ey[Xcpwl = EcawEyly] + (I — EcpwH)x, (3.256)
=EcgwHx + (I - EcgwH)(x -~ Na) (3.257)
=EppwHx+x - EpgwHx —Na+ EqpywHNa (3.258)
=x—Na+EgpyHNa (3.259)

Ny —
N
=x. (3.260)

Following similar arguments, it holds that

(3.261)
— E_pwn. (3.262)

Xcpw — By[Xepw] = EcpwHX + Ecpwn + X — EcpgwHx —Na + EcgwHNa — x

With that, the augmented covariance matrix of Xcgw can be derived as

Cix.caw = By [(XCBW — Ey[Xcpwl) (Xcpw — By [gCBW])H} ( )
= EcgwEn [QEH] Eng ( )

= EcpwCanEfpw (3.265)

— N(NYPN) 'NYHYC,lC,,C.lHN(NPN) 'N¥  (3.266)

( )

= N(N'HIPHN) 'N*.

In complete analogy to the linear case, one can show that Xcpw in (3.255) actually is
independent of the concrete choice of x, as long as Ax, = b. To prove this we first
show that the identity

T=TA"(AA") A, (3.268)
with
T —1-N(NPN) 'N”P, (3.269)

holds. For that we utilize the matrix [AH NJ. Since AN = 0, the column spaces of
A" and N are orthogonal to each such that [AH N] is invertible. Multiplying (3.268)
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with [A® NJ] from the right results in [TA? 0] = [TA® 0]. Since this equation is
true and [Af NJ is invertible, (3.268) is also true. O

Now replacing T =1 - N(N”P N)’lmff P in (3.254) by the right hand side of (3.268)
gives

(N"PN) " 'NHC,ly + TAT (AAT) ' Ax, (3.270)

(NPN)'NHAC,ly + TAY (AAP) 'b. (3.271)

XCBW —

Z [z

That finally means that using any particular x,, in (3.254) yields the same result as using
the minimum norm solution x, = AH (AAH)flb.

Another important note is that Ny > Ny is not required for the application of (3.255).
In fact, the constrained BWLUE in (3.255) only requires full column rank of HN in
order for N”PN to be invertible. This implies that Ny > Ny, but Ny, < Ny is allowed.

For the case that Ny > Ny , H full column rank, and C,,, is invertible (as originally
assumed) which implies that P is invertible, the expression for the constrained BWLUE
in (3.255) can be simplified.

Simplification for invertible P

Note that the expression of the constrained BWLUE in (3.255) requires the evaluation
of the nullspace of the matrix A. We will now derive an expression of the constrained
BWLUE that does not require this nullspace evaluation, but which requires Ny > Ny
and P being invertible. For that we utilize the identity

N(N7PN) N =p~ 1 -plAT(AP'AM) AP (3.272)
This identity can be proven the following way. Let the i*" column of N be denoted as
n;. Furthermore, the ith column of A is denoted as a;. We first show that the vectors
P la,... ,B_lﬁng, np,...,Ngy, are linearly independent:
Fix c1,...,can,,di, ... ,dan, € C such that

2Np, N

0
> P 'a+ ) dif; = 0. (3.273)

i=1 j=1
For u = Zz]-v:bl ca; and v = Z;V:‘Jl d;n; we have P~'u 4+ v = 0M*1, Left multiplication
by uf yields uP~'u = —uf’v = 0 since u and v are orthogonal. Since P! is

invertible, we have that u = 0. By the linearly independence of all a;, all ¢; are 0. By
(3.273), all d; are 0. Thus the only solution of (3.273) is ¢; = d; = 0 for all 4, j, or
in other words P~ 'a;, ... ,B_lﬁng, ni,...,Ngy, are linearly independent. Hence, the
square matrix [EfléH N] is invertible. Furthermore, the matrix B = [AH PN] is
invertible. Right multiplying (3.272) by B yields [0 NJ] = [E_IAH N] - [E_IAH 0].
Since this equation is true and B is invertible, (3.272) is also true. O
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Inserting (3.272) into (3.255) finally yields

%cmy = (I- P'AT(APT'AY) 'A)P'HCly + PT'AT(APT'AT) b,

a (3.274)

For the constrained BWLUE in (3.274) one can easily show that the augmented covari-
ance matrix is

Cigcpw =P ' —P A" (AE_IAH)_lég_I. (3.275)

—X

The expression for the constrained BWLUE in (3.274) has the huge advantage that the
nullspace of A is not required.

All findings for the constrained BWLUE are summarized in

Result 3.5 (Constrained BWLUE)

Consider the linear model y = Hx + n, where y € C™ is the measurement vector,
H e CNv*Nx is a known measurement matrix with Ny > Ny and full column rank,
and n € Cv is a zero mean random noise vector with known invertible augmented
covariance matrix C, ,,. If x fulfills the linear constraints Ax = b with full row rank
A € CNoXNx b e CM | Ny < Ny, then the constrained BWLUE minimizing the
variances of the elements of Xcgw such that Xcpw fulfills AXcgw = b is given in
augmented notation by (3.274). Its covariance matrix Cyy cpw is given by (3.275).

If Ny > Ny does not hold, then let N € CNx*No be the matrix built by linearly
independent (column) basis vectors that span the nullspace of A. If HN has full
column rank (implying Ny > Np), then the constrained BWLUE for x fulfilling
Axcpw = b is given in augmented notation by (3.255). Its augmented covariance
matrix Cyy cpw is given by (3.267).

The derived estimators in Result 3.4 and Result 3.5 will now be compared to competing
estimators in two simulation examples.

49



3 Knowledge-Aided Concepts in Classical Estimation

50

Example 3.1 (Estimation of an Impulse Response Whose Samples Sum up
to Zero)

We assume x € C® to be the discrete-time impulse response of an unknown system.
Additionally, we know that the system is unable to transmit any DC signals. Hence,
the sum of all elements of x must be zero. This can be described by a linear constraint
Ax = b, where A = 1'% and b = 0. The measurement vector y € C'9 shall
contain noisy measurements of an input signal u € C% convolved with the impulse
response x. Thus, H € C'°%5 is a convolution matrix built from the vector u. This
vector was randomly drawn for every simulation run from a standard proper Gaussian
distribution. The noise n in (3.346) is chosen by [32]

n=+/1-p?n, + jpn;, (3.276)

where n, and n; are uncorrelated real-valued zero mean Gaussian random vectors
of length Ny and with unit variance, and p € [0,1]. With that choice, the noise
power remains unaffected while the improperness of the noise can be adjusted by
appropriately choosing p. The noise is proper for p =1/ V2. Since all elements of n
have the same variance, the MSE performance of the ordinary BLUE coincides with
that of the ordinary LS estimator. Also, the MSE performance of the constrained
BLUE coincides with that of the constrained LS estimator. Hence, the following
estimators are considered:

1. The ordinary LS estimator in (3.5), denoted as Xoy.q,

2. the intuitive estimator resulting from subtracting the mean value from the esti-
mates of the ordinary LS estimator

% = Xorg — mean(Xorg)1V<1, (3.277)

3. the constrained LS estimator in (3.29),
4. the ordinary BWLUE in (3.63), denoted as Xppyy,

5. the intuitive estimator resulting from subtracting the mean value from the esti-
mates of the ordinary BWLUE

X = XOBW — mean(fco]gw)leXl, (3.278)

where Xopw is the upper half of the augmented vector estimate Xopyy,
6. the constrained BWLUE from Result 3.5.

The resulting average MSEs (averaged over the elements of x) plotted over p are
presented in Fig. 3.1. The estimators that do not incorporate the improperness of
the noise show a performance that is independent of p. The ordinary LS estimator
performs worst for all values of p. The estimation accuracy can be significantly
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increased by using the intuitive LS estimator in (3.277). An even better estimation
accuracy is achieved by the constrained LS estimator. Similar performance gains
are obtained for the widely linear estimators based on the BWLUE, however, their

performance strongly depends on p since they incorporate information about the
improperness of the noise.

—— Ordinary LS Estimator --- Intuitive LS Estimator
Constrained LS Estimator

—— Ordinary BWLUE - - - Intuitive BWLUE
Constrained BWLUE

Average MSE

1/v2

10-15 L | | | | R |
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Figure 3.1: Average MSEs of the estimated impulse responses for various estimators. The vertical
black line marks the value of p = 1/4/2 where the noise is proper.

Interestingly, if the measurement matrix would fulfill HYH = oI with an arbitrary
scalar a > 0, the intuitive LS estimator in (3.277) and the constrained LS estimator
in (3.29) would coincide. This equivalence is analytically proven in Appendix C.

In the next example, b differs from the zero vector.

51



3 Knowledge-Aided Concepts in Classical Estimation

Example 3.2 (Estimation of a Parameter Vector that fulfills Additional
Constraints)

This toy example is based on the previous one. In fact, the measurement matrix
generation and the noise statistics remain unaltered, but we change the constraints
that the unknown parameter vector has to fulfill. Here, the linear constraints are

Ax = b, where
1 05 01 05 1 1
A= , b= . (3.279)
0 05 1 05 0 1

For these settings, the same estimators as in Example 3.1 are compared except for
the intuitive ones since they do not make sense in that form in this example.

—— Ordinary LS Estimator Constrained LS Estimator
—— Ordinary BWLUE Constrained BWLUE
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Figure 3.2: Average MSEs of the estimated impulse responses for various estimators. The vertical
black line marks the value of p = 1/4/2 where the noise is proper.

The resulting average MSEs (averaged over the elements of x) plotted over p are
presented in Fig. 3.2. Compared to Example 3.1, the performance gain achievable by
incorporating the additional constraints into the estimation process increased. This
is due to the increased number of additional scalar valued constraints (Ny, = 2).

Another type of additional model knowledge is considered in the next section. The
derived estimators therein not only significantly outperform well-known estimators but
also meaningful intuitive estimators as it will be shown.
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3.4 Estimation of Real-Valued Parameter Vectors in
Complex-Valued Environments

Consider the linear model in (3.1) with the additional model knowledge that the pa-
rameter vector x is real-valued. The measurement matrix H, the noise n as well as
the measurements y remain complex-valued. A prominent practical example where
such a model appears is the estimation of a real-valued impulse response of a LTI sys-
tem based on complex-valued noisy measurements of its frequency response. Standard
complex-valued estimators such as the LS estimator, the BLUE or the BWLUE result
in complex-valued estimates in that case. This fact corresponds to a systematic error.
However, by incorporating the fact that x is real-valued into the derivations, the goal of
finding classical estimators that results in real-valued estimates can be achieved.

We assume an underlying linear model
y=Hx+n (3.280)

where, in contrast to (3.1), the parameter vector x € R¥x is assumed to be real-valued.
The measurement vector y € Cv, the measurement matrix H € CN*Nx_and the noise
vector n € C"v remain complex-valued.

In a Bayesian interpretation, the real-valued parameter vector is improper and the ap-
plication of widely linear estimators is obvious [2,3,22,33-35]. A common widely linear
Bayesian estimator is the WLMMSE estimator discussed in Section 4. The WLMMSE
estimator incorporates the fact that x is real-valued and produces real-valued estimates.
However, it requires prior knowledge about x in form of augmented first and second
order statistics, which may not always be available. If this is the case, the classical
estimators derived in this section may be an optimal choice.

Note that standard classical estimators such as the LS estimator in (3.5), the BLUE in
(3.48), or the BWLUE in (3.63) do not result in real-valued estimates for real-valued
parameters in general. An exception is the case where H, x, n € R. Hence, these
classical estimators produce a systematic error when applied to (3.280). A common
practical approach to overcome this issue is to take only the real parts of the estimates
for further processing. However, this approach is in general not optimal as will be shown
shortly. A special case where this practical approach turns out to be optimal is discussed
later. Also note that the nomenclature BLUE and BWLUE for the estimators (3.48) and
(3.63) applied on the model in (3.280) is misleading since they will no longer be the true
best (widely) linear unbiased estimators any more for the particular model. However,
for the sake of uniformity, we continue to refer (3.48) and (3.63) as the ordinary BLUE
and ordinary BWLUE, respectively.

In the following, we derive a classical estimator termed BWLUE for real-valued parameter
vectors. This estimator is of widely linear form and incorporates the fact that x is real-
valued in an optimal way. After that, the LS estimator is adapted to the model in
(3.280). We derive a widely linear LS estimator that does not utilize any noise statistics,

53



3 Knowledge-Aided Concepts in Classical Estimation

and that incorporates the fact that x is real-valued in an optimal way. The resulting
estimator is termed the widely linear least squares (WLLS) estimator for real-valued
parameter vectors.

We note that a similar results as presented in this section are already published in [36] by
means of a matched filter and for the special case of a scalar parameter. Another similar
result can be found in [35] for the special case of diagonal measurement matrices. We also
note that the approach in (3.308) should not be confused with beamforming approaches
based on the minimum variance distortionless response (MVDR) beamformer [37,38].
There, the utilized correlation matrix contains contributions from all incoming signals
and noise. In our approach, no statistics about the signal (the parameter vector in this
context) is required.

3.4.1 BWLUE for Real-Valued Parameter Vectors

In this section, we derive the BWLUE for real-valued parameter vectors but complex-
valued measurements. Utilizing the notation introduced in (3.51) gives us an expression
for a general widely linear estimator for x; as

i =ty +glly*. (3.281)

In contrast to the ordinary BWLUE in (3.63), the BWLUE for real-valued parameter
vectors enforces

Im{@;} = 0 (3.282)
and
Ey[Re{2:}] = By i) = x. (3.283)
From (3.282), one can easily show that the choice
fH = gl (3.284)

is necessary and sufficient to make Z; real-valued, independent of the actual realization
of y. The proof of this statement is provided in Appendix D. Incorporating (3.281) and
(3.284) into (3.283) leads to

Byl = Ey[fl'y + £y"] (3.285)
= f'Hx + f/H*x (3.286)
= (fH+ £ H")x. (3.287)

Hence, the unbiased constraint F[z;] = &; is fulfilled for every x if
fAH + fTH =ul, (3.288)

with ulT being a row vector of size 1 x Ny with a ’1’ at its i*" position, and all zeros
elsewhere. Comparing the constraints for the BWLUE for real-valued parameter vectors

54



3.4 Estimation of Real-Valued Parameter Vectors in Complex-Valued Environments

in (3.288) with that for the ordinary BWLUE in (3.53) reveals that the ordinary BWLUE
has to fulfill twice as many constraints than the BWLUE for real-valued parameter
vectors. On the other hand, the BWLUE for real-valued parameter vectors only has half
as many degrees of freedom compared to the ordinary BWLUE due to (3.284).

Combining (3.288) with (3.59) allows to derive the constrained optimization problem

ff] ) (3.289)

v )

few, = arg H}ln ([f@-H £l } Cin

— arg min <2fiH Conf; + £ Cpnfy + £7 (Njfmfi> (3.290)

3

st. fHPH 4+ fH =ul. (3.291)

This can again be solved by utilizing the Lagrange multiplier method. Since the con-
straint is real-valued independent of f; (see discussion in Section 2.4.2) the Lagrangian
cost function follows as
L(£;) = 2fH Cunf; + £ Conf; + £ Clf;
+AT(HTE + HTE — ;). (3.292)

Taking the Wirtinger derivative w.r.t. f; results in

OL(;)

= 26 Cpp + 267 Cx, + ATHY, (3.293)

where X is real-valued since the constraint is real-valued (cf. Section 2.4.2). Setting

(3.293) equal to zero and utilizing ng,z‘ = [féfw’i fgw’ Z} yields

fBW ) Cnn ngV,iC;n - §ATH (3294)
C 1
H nn TyrH
epwi | ~ = —=-A"H". 3.295
=B N2 C;n 2 ( )

The complex conjugate of (3.294) can be rewritten in a similar form, producing

C 1
H nn TyyT
, =——AH". 2
EBW,i Ci. D) (3.296)
Combining (3.295) and (3.296) yields
el |2 = AT [m! H7| (3.297)
"Con Cin 22
e
1 o~
ggw,ignn = - iATHH (3298)
1 o~
efw, = — ;A HIC,,, (3.299)
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where
~ H
H= [ ] . (3.300)
H*
Inserting (3.299) into the constraint in (3.288) produces
fiw H + fhyw H* = ul (3.301)
ety H=ul (3.302)
1 e ~
—§ATHH C.iH=u’ (3.303)
1 ~ N\ —1
—oAT =uf (HH Q;§H> . (3.304)

A reinsertion of (3.304) into (3.299) allows identifying ng,z' as
- -1~
effw, = ol (HYCaH) H7C. (3.305)
The i*® estimate Z; follows as

T = félw,z‘y + fgw,iy* = ng,iX' (3.306)

Since u! is the only term on the right hand side of (3.305) that depends on the index i,
the vector estimate X becomes

~ N1~
xpw = (H7CoiH) HYCLly (3.307)
= Epwy, (3.308)
where
~ N1~
Epw = (H7CoAH)  H7Cy. (3.309)
We now derive the covariance matrix of Xgw. First of all, note that for real-valued x it
holds that
H o ~
Hx = *| = Hx (3.310)
0 H*||x
and thus
~ N1~
By[xpw] = (H7CoiH)  HYCoiHx (3.311)
=x (3.312)
Furthermore, it holds that
~ N1~
%pw — By [kpw] = (HHQ;;H) HYC ln (3.313)
= EBWg. (3.314)
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Finally, the covariance matrix of Xgw can be derived as

Cirspw = E[(}EBW — By[%pw]) (kpw — E[&BW])H} (3.315)
= Epw C,, Efw (3.316)
~ ~\ —1 ~ [~ ~\ —1
— (A7CoiHl) A CriConCraH (A7 CoAH) (3.317)
~ ~\ —1
- <HH Q;ﬁH) . (3.318)

The investigations in this section so far are summarized in

Result 3.6 (BWLUE for Real-Valued Parameter Vectors)

If x € RM and y € C™ are connected via the linear model in (3.280), then the
BWLUE for real-valued parameter vectors is given by xgw = Epwy, where the esti-
mator matrix Epy is defined in (3.309) and H is defined in (3.300). This estimator
is unbiased in the classical sense, i.e., it fulfills Ey[Xxpw] = X, and its covariance
matrix Cix pw is given in (3.318).

Several aspects and details of this result are discussed in the following.

Equivalent Real-Valued Model

The complex-valued measurements y in (3.280) can also be brought into the form of a
real composite vector

Re{y}
Im{y}

yRr is connected with the real-valued parameter vector x via the real composite linear
model

YR = . (3.319)

_ RG{H}] x4+ |Retnl (3.320)
Im{H} Im{n}
Hp nr
= Hgix + ng. (3321)

For this real-valued model, which is equivalent to the complex-valued model in (3.280),
the BLUE, which minimizes the variances of the elements of x subject to the unbiased
constraint is given by

N _ —1 _
x = (HEC, ,,Hr) HECLl yr. (3.322)

nrNgr

o7



3 Knowledge-Aided Concepts in Classical Estimation

Therein, Cpyng is connected with C,,, in the same way as in (2.18). By utilizing this
connection, one can easily show that (3.322) corresponds to the estimator in complex
notation in Result 3.6. However, for the reasons discussed in [2,39], the complex-valued
representation is often favored.

Simplification for Proper Noise

We now analyze Result 3.6 for the case of proper noise. With énn = 0Ny the
estimator in (3.307) simplifies to

ko = (HCotH + HT (Gl 'HY)
X (HH Coiy + HT(C;,}I)*y*> (3.323)
—(Re{HC, H}) 'Re{HAC,ly}. (3.324)

Note that this notation is even simpler than the one for improper noise in Result 3.6
and the evaluation of the estimator becomes significantly less complex.

Assuming the special case, where the term H¥ C;lH is real-valued we obtain from
(3.324)

xpw = (HYC H) 'Re{H”C,ly} (3.325)
_ Re{ (HY CplH) 'HY c;gy}. (3.326)
In that case, the BWLUE for real-valued parameter vectors coincides with the real part

of the ordinary BLUE in (3.48). Furthermore, it also coincides with the real part of the
ordinary BWLUE in (3.63) since the noise is assumed to be proper.

Relation between Number of Measurements and Number of Parameters

Another interesting statement about the estimator can be made concerning the size of
the measurement matrix H. Inspecting (3.322) reveals that this estimator is applicable
if Hg € R?Ny*Nx has full column rank and if 2Ny > Ny. Therefore, only half as many
complex-valued measurements are required as there are unknown real-valued parameters.
This statement clearly also holds for the BWLUE for real-valued parameter vectors in
Result 3.6 since this estimator is equivalent to the one in (3.322).

3.4.2 WLLS Estimator for Real-Valued Parameter Vectors

In the previous section, we showed how the widely linear BWLUE can be modified such
that only real-valued estimates are obtained. These ideas are extended to LS estimation
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in this section. It will turn out that a widely linear version of the LS estimator is obtained
naturally. The resulting estimator will be termed the WLLS for real-valued parameter
vectors.

The first step for deriving this estimator is to recognize that the LS cost function J(x)

in (3.3) is real-valued even for complex y and H. Hence, it can be written in the form
1 *
J(x) =3 [(y - Hx)"(y - Hx) + (y - Hx)" (y — Hx) ] : (3.327)

For real-valued x but complex H and y, the cost function in (3.327) follows as

1
J(x) == [yHy —yIHx — xTH”y + xTHHx + y'y*

2
—yTH*x — xTHTy* + XTHTH*X} (3.328)
= % [QyHy —oyTHx — 2xTHy + xT (HHH + HTH*)X} : (3.329)
Taking the partial derivative of (3.329) w.r.t. x yields
ag;x) = —y"H-y"H" +x"(H"H + H'H") (3.330)
= —y"H+x"(A7H). (3.331)

Note that no Wirtinger calculus for taking the partial derivative is necessary since x is
real-valued. Setting (3.331) equal to zero yields

~ o ~\ —1 ~
Rig = (HH H) f'y (3.332)
— Ergy, (3.333)
where
~ 7~ —1 ~
Eis = (H H) H. (3.334)

Due to similar arguments as in (3.310) and (3.312), xg fulfills Ey[X1g] = x, and the
covariance matrix of xy,g simply follows as

Cix,1s = By [(ﬁLs — By[Xvs])(%xLs — By [ﬁLs])H} (3.335)
= Ers Cp, Effs. (3.336)

The derived estimator is summarized in

Result 3.7 (WLLS for Real-Valued Parameter Vectors)

If x € RV and y € CM are connected via the linear model in (3.280), then the
WLLS estimator for real-valued parameter vectors Xps is given by xps = Ergy,
where the estimator matrix Erg is defined in (3.334) and H is defined in (3.300).
This estimator is unbiased in the classical sense, i.e., it fulfills Ey[X1s] = x, and its
covariance matrix is Cgx 1.5 is given in (3.336).
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We now investigate a special case of this result. Consider the definition of H in (3.300),
then one can see that (3.333) can be simplified to

%15 = (Re{H"H}) " (Re{H"y}). (3.337)

Hence, the WLLS estimator for real-valued parameter vectors reduces to the real part
of the ordinary LS estimator in (3.5) when the term H*H is real-valued. Furthermore,
the BWLUE from Result 3.6 reduces to the WLLS estimator in Result 3.7 by setting
the augmented noise covariance matrix equal to the identity matrix.

An extension of Result 3.7 is derived in the following. Replacing the LS cost function in
(3.3) by the weighted LS cost function

J(x) = (y — Hx)"W(y — Hx) (3.338)

allows deriving the weighted widely linear least squares (WWLLS) estimator for real-
valued parameter vectors. Assuming that the weighting matrix is a diagonal matrix with
positive, real-valued, non-zero and non-infinite diagonal elements makes the derivation
a straight forward extension of (3.327)—(3.336) and leads to

Result 3.8 (WWLLS for Real-Valued Parameter Vectors)

If x € RM and y € C™ are connected via the linear model in (3.280), then the
WWLLS estimator for real parameter vectors Xwrg is given by

xwLs = Ewrsy, (3.339)

where the estimator matrix Ewrs is defined as

~ ~\ —1
Ewis = (HH WH> HIW. (3.340)
Here, W is defined as
W 0
W = (3.341)
0 W

with W being a diagonal weighting matrix. This result can further be simplified to
fwrs = (Re{HWH) ™' (Re{H# Wy). (3.342)
The covariance matrix of Xwrg follows as

Ciz,wis = E[(fCWLS — Elxwris))(Xwrs — E[ﬁWLS])H} (3.343)
= BEwws Cp, Ef s (3.344)
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Note the similarities between the WWLLS estimator in Result 3.8 and the BWLUE for
real-valued parameter vectors in Result 3.6.

Example 3.3 (Magnitude Estimation of a Sum of Complex Exponentials)

In this example, real-valued magnitudes of two complex exponentials are estimated
from noisy measurements. The measurement at time instance k is written as

ylk] = x1 exp(jQ k) + z2 exp(jQak) + n[k], (3.345)

where k =1, ..., Ny, and 21 and x9 are the unknown real-valued magnitudes. Further,
Q1 and 29 are known normalized angular frequencies. These measurements can be
brought into vector/matrix notation as

y = Hx +n, (3.346)

T
where y € CM is the measurement vector, x = [ml xg} , and
[H]y., = exp(jk), 1 ={1,2}. (3.347)
The noise n in (3.346) is chosen to be [32]

n=+/1-p?n, + jpn;, (3.348)

where n, and n; are standard proper Gaussian random vectors of length Ny, and
p € [0,1]. With this choice, the noise power remains unaffected by the choice of p
while the improperness of the noise can be adjusted by appropriately choosing p. The
noise is proper for p = 1/\@ In the simulations, we choose 21 = 0.1, 25 = 0.2 and
Ny = 20. The following estimators are considered:

1. The ordinary LS estimator in (3.5), denoted as Xoyq,
2. an intuitive estimator, which simply takes the real part of the ordinary LS

estimator, i.e.,

x = Re{Xors} (3.349)

3. the WLLS estimator for real-valued parameter vectors from Result 3.7,
4. the ordinary BWLUE in (3.63), denoted as Xppwy,

5. the intuitive estimator, which takes the real part of the ordinary BWLUE; i.e.,

x = Re{Xppw} (3.350)

6. the BWLUE for real-valued parameter vectors from Result 3.6.
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The resulting average MSEs (averaged over the elements of x) plotted over p are
presented in Figure 3.3. The ordinary LS estimator performs worst for all values
of p (but for p = 1/4/2). Its performance can be increased by considering only the
real parts of the estimates. Compared to that, a further increase in performance is
achieved by the WLLS estimator from Result 3.7.

The estimators incorporating the improperness of the noise show a performance that
strongly depends on p. One can see that the BWLUE for real-valued parameter
vectors from Result 3.6 outperforms all competing estimators over the whole range
of p. For p = 1/+/2, which corresponds to proper noise, the BWLUE from Result 3.6
coincides with the WLLS estimator from Result 3.7 since C,, is a scaled identity
matrix and Cpn = 0 in that case.

—— ordinary LS est. - - - real part of the ordinary LS est.
WLLS est. for real-valued parameter vectors
—— ordinary BWLUE  --- real part of the ordinary BWLUE

BWLUE for real-valued parameter vectors
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Figure 3.3: Average MSEs of the estimated magnitude values for various estimators. The vertical
black line marks the value of p = 1/4/2 where the noise is proper.

The next simulation example deals with the classic non-linear problem of estimating
the sampled impulse response of an analog LTI system based on noisy magnitude and
phase response measurements. It will turn out that this example impressively shows
the performance of the proposed estimators. Furthermore, as part of the example it
will be shown how to combine the WLLS estimator in Result 3.7 with the BWLUE for
real-valued parameter vectors in Result 3.6. This will reveal a two-step approach that
outperforms all the other estimators.
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Example 3.4 (Impulse Response Estimation from Noisy Magnitude and
Phase Frequency Domain Measurements)

This example deals with the classic non-linear problem of estimating the real-valued
impulse response of an LTI system based on separate measurements of the magnitude
and phase response [31]. This problem appears in practical scenarios, e.g., when
characterizing hydrophones.

Problem Statement

Let the analog real-valued impulse response of an LTT system be denoted as h(t). We
are interested in estimating the sampled impulse response h[n| = h(nTs), where T
is the sampling time. We assume Ts to be chosen such that the sampling theorem is
practically fulfilled, and we furthermore assume the sampled impulse response to be
approximately zero after Ny, samples. Its samples are put together in the vector h €
RMn. The measurements are given by Ny independent magnitude and phase frequency
response measurements at equidistant frequencies f, = kAf with k =0,..., Ny, — 1.
The true magnitude and phase response values of the analog LTI system at frequency
fr are denoted as Ay and ¢y, respectively, with Ay € ]R(T and ¢y € [0,27), such that
the frequency response H(fy) is given by [31]

H(f) = Ape??*, k=0,...,Ny — 1, (3.351)

which corresponds to a transformation from polar coordinates to Cartesian coordi-
nates. We now define

1
Hpc = 7H (0), (3.352)

T
Hyc = — [ oo H vy 1) (3.353)

T
Hac,nip = [ (fNy—1)s H(fNy—2), - (fl)} , (3.354)
and

T N 1

Hy = [Hpe Hyo By, | €C¥ (3.355)

with Np = 2Ny, — 1. This double-sided discrete frequency response is connected with
the sampled impulse response according to

Hy, = Fa.h, (3.356)

where F4s is the matrix given by the first Ny columns of the DFT matrix of size
Np X Np. In this example, however, we mainly utilize the single-sided frequency
response Hgs defined as

T
H.. — [HDC H{C] — F.h, (3.357)
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where Fg is the Ny x N}, north-west submatrix of the DFT matrix of size Np X
Np. While the connection between the sampled impulse response h and the discrete
frequency response in Cartesian coordinates is linear according to (3.356) or (3.357),
the relationship between h and the magnitude- and phase responses Ay and ¢y is
non-linear.

Measurement Model

We first concentrate on measurements at frequencies f = kAf with k =1,..., Ny —
1, and handle the DC measurement later on. The magnitude and phase response
(4) ()

measurements at frequency fi are denoted as y,;’ and y,”’, respectively. They are
related to Ax and ¢ according to

yY = A+ nag (3.358)
and

U = op g (3.359)
for k =1,---,Ny — 1, where ny and n,j denote the corresponding measurement

noise variables. In the underlying practical application this work is based on, the
measurements as well as the according measurement noise variances were provided by
an industry partner. The following assumptions about the noise PDFs are adapted
to their method of measuring the magnitude and phase response. n4y and ngy are
assumed to be statistically independent for all k. Furthermore, we assume n,; to be
zero mean Gaussian with variance o?p,k. Since A and y,EA) have to be positive valued,
na cannot be zero mean Gaussian. Thus, in our investigations and simulations we

assume y,iA) for fixed Ay to be Rice distributed according to
(4) - (@“”)2 + A2) (4)
A Y k k Yy, A
p(ylg: )) = ’; exp 2 2 IO k D) ’ (3360)
Ak Ak Ak

where Ip(-) is the modified Bessel function of first kind with order zero. The resulting
mean of p(y,g,A)) is denoted as py, in the following. For large Ay, the PDF of ny
is approximately zero mean Gaussian with variance 0124 > however this is not true
for small Ag. Transforming the magnitude and phase’ response measurements to

Cartesian coordinates gives

(A) jqy®)

yr = yy e/ (3.361)
= (Ap + nap)ed rtner) (3.362)
= ApelPrelek 4 nA,kej“"’“ej"%’“. (3.363)

The random variable y; can also be written as the sum of its mean and a zero mean
noise term according to

Yk = Elyr] + ng. (3.364)
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From (3.363), the mean E[y;] becomes
Elyy] = Ape?t B[ k] + pa g/ E /™o k] (3.365)

With oy, = E[e/"k] = E[cos(nyk)] = e 76/ € [0,1] for ngk ~ N(0, a2 ) [40],
and the approximation p4, ~ 0 (note that 4, depends on the true but unknown
magnitude response Ay) we have Elyx] ~ apH(fx). Therewith, the measurement
model (3.364) for k =1,..., Ny — 1 simplifies to

Yk ~ apH (fi) + ng. (3.366)

We now analyze the noise term ny, in (3.364). By using the approximation that n4 j
has zero mean and variance Ui i.» the variance a,% and pseudo-variance 5,3 of ny for
1 <k < Ny —1 can be approximated by

oi = El(yr — Ely]) (ye — Elys))"] (3.367)
~ A1 —of) + o (3.368)
and
ot = El(yx — Ely)) (ux — Elyx])] (3.369)
~ J2¢k (5kAi + 5kgi7k — Aia%)7 (3.370)

. . _ ion _ _—402 /2
respectively. Therein, 8 = E[e/?"¢#] = Elcos(2n,)] = e 7¢#/% € [0,1]. The
derivations are provided in Appendix E. It is important to note that the noise statis-
tics in (3.368) and (3.370) depend on the true but unknown magnitude and phase
response values Ay and @y [40,41]. Hence, the true statistics cannot be evaluated
without knowledge of the true magnitude and phase response. An obvious option is

to replace Ay and ¢y, by y,iA) and y,(f) in (3.368) and (3.370).

We now turn to the measurement at DC, which can be performed by measuring the
steady state system response for a unit step at the input. Instead of a magnitude
and a phase the measurement at DC is simply given by a real (positive or negative)
scalar value denoted by yg. We assume the measurement noise at DC to be zero mean

Gaussian with variance 08 = 0124 o and pseudo-variance 53 = Ug .

By defining ypc, yac, YAC,fip, Yds and yss according to the rules in (3.352)—(3.355)
and (3.357), we finally end up with the compact measurement model

Ves ~ TsDFgh + 1, (3.371)

where D € RM*Ny is a diagonal matrix with [D]i11 = 1 and [D]gy1 41 = oy for
k=1,..., Ny —1. Assuming the measurements for different k to be statistically inde-
pendent, the noise covariance matrix Cyy, and pseudo-covariance matrix Chn follow
to be diagonal matrices that can (according to (3.368) and (3.370)) be approximated
by [Canlk+1k+1 = 07 and [Cunlg41k+1 = 0s for k=0,..., Ny — 1.

Note that the non-linear connection between the polar measurements and the sampled
impulse response has finally been transformed to the model in (3.371) that formally
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looks like a linear model. Still, it exhibits noise statistics depending on the true
magnitude and phase response values A; and . The noise statistics consequently
depend on the unknown vector h to be estimated.

Estimators

In contrast to Example 3.3, we now set the number of measurements Ny to be smaller
than the number of unknown real-valued parameters Ny. While this is not an issue
for the BWLUE for real-valued parameter vectors as discussed in Section 3.4.1 (as
long as 2Ny > Ny), the ordinary BWLUE fails. Hence, we consider the following
estimators [31]:

1. IDFT based estimator: The maybe most intuitive and simple estimator is ob-
tained based on (3.356) by replacing Hys with the measurements ygs. An es-
timate of h can be obtained by performing an inverse discrete Fourier trans-
form (IDFT) on ygs and use the first Ny, elements of the result:

h=(F'y4) @ w. (3.372)

Here, F is the DFT matrix of size Np x Np and w € RVP is a windowing
vector with ones at the first Ny, positions and zeros elsewhere. The operator
® in (3.372) represents the element-wise multiplication. This estimator is in
fact a widely linear estimator since it incorporates the measurements and their
complex conjugates in a linear way. It always yields a real-valued h, and since
it does not incorporate D it results in biased estimates.

2. WLLS estimator from Result 3.7: Similar to the IDFT method this estimator
does not incorporate the noise statistics. In contrast to the IDFT method,
however, the WLLS estimator can also be easily applied if some measurements
are missing. This may be helpful in practical applications in which, e.g., it is
impossible to measure the frequency response at DC.

3. BWLUE for real-valued parameter vectors from Result 3.6: This estimator is
able to incorporate the noise statistics in the form of C,y, and (~3nn. Since in our
application the noise statistics depend on the unknowns Ay and ¢y, we insert
the measurements y,gA) and y,(f) in (3.368) and (3.370) to obtain approximations
of the noise statistics.

(4)

4. Two-step-approach: Especially when the measurement variances are large, y,

and y,(f) can deviate heavily from Ay and ¢y, which might lead to bad approx-

imations of the noise statistics in (3.368) and (3.370). We therefore suggest the
following two-step estimation approach.

Step 1: Perform a WLLS estimation, transform the estimated impulse response
into frequency domain using a DF'T, and use the resulting magnitude and phase
response values for approximating the noise statistics in (3.368) and (3.370).
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Step 2: Apply the BWLUE for real-valued parameter vectors with the (usually)
more precise noise statistics from step 1 to obtain an improved impulse response
estimate.

We have to add one comment to the application of the BWLUE for real-valued pa-
rameter vectors in this problem: Of course, this estimator requires the augmented
noise covariance matrix C,,,, to be invertible. Unfortunately, this is not the case due
to o = 53. However, there exists an easy way to overcome this issue. Consider the
real composite model in (3.321) with H = TsDF (as in (3.371)), and in particular
the equation in (3.321) corresponding to the first row of Im{H}. First, due to 03 = &3
the corresponding diagonal entry of Cygny is zero (making Cpyn, singular). Second,
the first row of Im{H} is a zero row in our problem, such that the according mea-
surement contains no information about h at all. Consequently, the corresponding
diagonal entry of Cyyn, can be set to any arbitrary non-zero value, which makes the
noise covariance matrix Cpgn, and consequently also the augmented noise covariance
matrix C,,,, invertible.

Simulation Results

Recall that the noise statistics (in Cartesian coordinates) depend on the true mag-
nitude and phase response values. In order to evaluate the MSEs, averaging over
the noise statistics is necessary, which implies averaging over the PDF of the impulse
response h in this example. This corresponds to a Bayesian simulation experiment.
Hence, the performance measure is the average BMSE (averaged over the elements of
the estimated impulse response). For the simulations, the true impulse responses h
with length Ny, = 12 are randomly generated by sampling 9 statistically independent
samples from a standard proper Gaussian distribution, which are then filtered with a
finite impulse response (FIR) filter. Its coefficients are given by

T
c = |0.0881 0.4408 0.4408 0.0881]| . (3.373)

This FIR filter corresponds to a low-pass and it takes care that h shows low-pass
characteristics. Next, the DC- and additional 9 noisy magnitude and phase response
measurements are generated such that Ny = 10. In the first experiment the noise
variance of the phase response measurements is kept constant at J;k = 107! for
1 <k < Ny — 1, while the variances ‘7,24 ;. are varied between 10°and 1 for 0 < k <
Ny — 1. Since the true impulse responsés are generated randomly, the BMSE is used
as a performance measure. The resulting average BMSE curves (averaged over the
elements of h) plotted over 0'124 ;. are shown in Figure 3.4. Therein, one can see that the
BWLUE for real-valued paraﬁneter vectors outperforms the WLLS estimator and the
IDFT method significantly. By employing the two-step approach, a further increase
in performance is achieved. This two-step approach almost reaches our introduced
bound, which is simply generated by applying the BWLUE for real-valued parameter
vectors, but with the true Ay and ¢y, values inserted in (3.368) and (3.370) to derive
the noise statistics.
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--- IDFT method
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Figure 3.4: Average BMSEs of the estimated impulse response coefficients for various estimators. The
noise variances of the phase response measurements are kept constant at ai, = 107" for
1 <k < Ny — 1 while the variances 0‘1247k for 0 < k < Ny — 1 are varied between 107° and
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Figure 3.5: Average BMSEs of the estimated impulse response coefficients for various estimators. The
variances 0124, r =107% for 0 < k < Ny — 1 are kept constant while the variances O'i, 5 for
1 <k < Ny —1 are varied between 1079 and 107 1.
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In the second experiment 01247,C =104 for0<k < Ny — 1 is kept constant, while the
variances ai’k are varied between 1076 and 107! for 1 < k < Ny — 1. The resulting
average BMSE curves are shown in Figure 3.5. This figure shows that the BWLUE
for real-valued parameter vectors as well as the two-step approach practically reach

the bound, except for very large values of ‘739,19-

3.5 Parameter Estimation under Model Uncertainties

Consider the linear model in (3.1). There, the measurement matrix H is assumed to be
perfectly known. In practice, this assumption often does not hold. E.g., consider the case
where H is a convolution matrix that is constructed based on an imperfectly measured or
estimated signal. The errors in H are often neglected since they are unknown. However,
if statistics of these errors are available, one can improve the estimation performance.
The focus of this section lies on accounting for these model uncertainties within the
framework of classical estimation.

A practical example where such model errors are present is described in the following.
Consider measurements with a sensor, e.g., ultrasound measurements performed with
a hydrophone. This hydrophone convolves the ultrasound signals with its impulse re-
sponse. To reverse the effects of this convolution, the impulse response is measured or
estimated. The resulting estimate of the impulse response is affected by an error due
to the measurement noise and/or due to the estimation process. Now, the goal is to
perform a deconvolution of the measured hydrophone signals in order to obtain the un-
altered ultrasound signals. This deconvolution step should account for the fact that the
impulse response is affected by an error. A possible way to achieve this is discussed in
this section.

State-of-the-Art and Performance Reference

We are considering the model errors as random with known second order statistics but
otherwise arbitrary PDF. This is motivated by practical examples such as multiple input
multiple output (MIMO) communication channels or beamforming [42-45]. In contrast
to the LS estimator and the BLUE, total least squares (TLS) estimation techniques
account for these model errors. E.g., for the special case of independent and identically
distributed (i.i.d.) Gaussian errors of the elements in H, the maximum likelihood (ML)
solution of the TLS problem was analyzed in [46]. However, in many practical applica-
tions H has some sort of structure as it is the case for Toeplitz or Hankel matrices. Then,
the model errors are clearly not i.i.d. any more. To deal with these kind of problems,
so-called structured total least squares (STLS) techniques have been developed [7-9].
An overview of different TLS and STLS methods can be found in [10-12].
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In this section, we compare our novel approach with two iterative algorithms, which serve
as performance reference in the simulations later on. The first one, introduced in [46],
is an approach for solving the ML problem based on classical expectation-maximization
(EM) [47]. This algorithm, referred to as maximum likelihood expectation-maximization
(ML-EM) algorithm, treats the model errors as random and allows incorporating the
model error variance. By doing so, a uniform variance for every element in H was
assumed. The second one represents an algorithm from the class of STLS approaches
and is introduced in [48]. This iterative algorithm is called the structured total least
norm (STLN) algorithm. It is capable to deal with structured measurement matrices,
and treats the model errors as deterministic but unknown. Hence, it prevents the usage
of model error variances.

In the following, an iterative algorithm that is based on the BLUE is discussed. This
iterative algorithm allows to combine information about the structure as well as the
model error variances. Ultimately, it will turn out that this algorithm can be employed
on structured as well as unstructured problems.

Note that a similar iterative application of the BLUE was applied in [49-51] for channel
impulse response estimation in wireless communication applications. Compared to these
approaches, however, the proposed algorithm is applicable to more general applications
with structured or unstructured model uncertainties. In [52] investigations of a similar
procedure as the presented algorithm can be found but only for a very simplified model
compared to the approach in this section. Because of that, the algorithms presented
in [49-52] are not considered as performance reference. Instead, we compare the proposed
algorithm with the STLS algorithm in [48], the ML-EM algorithm introduced in [46],
and an ideal but only theoretically applicable estimator introduced later on.

3.5.1 System Model

This section describes the underlying model used in the following. In a first step, the
elements of the measurement matrix H are assumed to be unstructured and the model
uncertainties therein are assumed to be independent. Afterwards, H is considered to be
a structured convolution matrix built from an estimated or measured impulse response.
Hence, H is a special form of a Toeplitz matrix and, as will be shown, thus allowing
correlated model uncertainties.

Unstructured Measurement Matrices

We denote H as the measured or estimated measurement matrix and assume that it
comes along with error variances for every entry. The error variances are assembled in a
matrix V € RNy *Nx of the same size as H. Furthermore, the errors are assumed to be
independent zero mean random variables. The measurements are modelled as

y=Hx 4 n= <ﬂ+B)x+n, (3.374)
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where H = H + B, with H being the estimated measurement matrix and B being a
zero mean random matrix. The zero mean assumption of the elements in B implies
unbiasedness of the estimates in H. In (3.374), H and B are unknown, while H is
known. We further rewrite (3.374) according to

y = Hx+Bx +n (3.375)
——
— Hx 4w, (3.376)

with the new overall noise vector w = Bx + n. This noise vector combines the measure-
ment noise with the noise from the model uncertainties. Let biT be the i*" row of B, let
w; be the i element of w, and let n; be the i** element of n. Then

w; = bl'x + n;. (3.377)

Since w; is evaluated as the scalar product of a vector with zero mean random elements
with an unknown but deterministic vector plus n;, w; has zero mean and its variance in
dependence of the unknown parameter vector x can be derived as

o? :[V]i71 ’331|2 + [V]LQ ‘$2’2 + -+ [V]i,Nx ‘.TNXP + 0'3”, (3378)

Wy

2 = [Cunli, is the variance of n;. All

assembled in a covariance matrix yield

Cww = diag(V[x[?) + Cnn, (3.379)

where z; is the i*" element of x and where o

2

variances oy,

where the term |x|? represents a column vector of the element-wise absolute squares of
the vector x.

Convolution Matrices

We will now assume that H is a linear convolution matrix constructed from the impulse
response h € CM» of a linear system such that Hx describes the convolution of the
input signal with the impulse response. An extension to other structured measurement
matrices is easily possible. Let H = H + B have the dimension Ny x Ny, where Ny =
Ny + Ny, — 1. The i column of the convolution matrices are defined as

O(i—l)Xl O(i—l)xl O(i—l)xl
H].; = h |, [H,= h |, [Bli= e (3.380)
O(Nxfi)xl O(Nxfi)xl O(Nxfi)xl
Vi=1,..., Ny, where h is the estimated impulse response and e is the unknown error of h

with known error covariance matrix Cee € C¥eXMn In this case, the model uncertainties
of H are clearly not independent any more, leading to a different calculation of Cyyw -

Let b} denote the ith column of B. The subsequent column bl 41 can be derived by

, 01><(Ny—1) 0

/ /
1T p(Ny—1)x(Ny—1)  (Ny—1)x1 b; = Db, (3.381)

D
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i.e., shifting down the elements of b} by one position. With that, the product Bx in
(3.375) follows as

Bx = bz + bhrs + ... + by an, (3.382)
= z1b} + 22Db) + ... + zn, Db (3.383)
= (211 + 2D +... + 25D 1) b (3.384)
P(x)
= P(x)b]. (3.385)
With this result, w follows as

w = P(x)b] +n, (3.386)

and its covariance matrix becomes
Covw = E[(P(x)b’l) (P(x)b’l)H} + Cun (3.387)
= P(%)Chy 1 P(x)” + Cpn. (3.388)

The covariance matrix Cyyy,, follows from (3.380) and the covariance matrix of the
estimation error e according to

Cee ONhX(Nx—l)

Ny xN.
OWx—1)XNp  g(Nx—1)x(Nx—1) € C . (3.389)

Coipy =

Note that this formulation allows two sources of correlated model errors. The first source
of correlation comes from the structure in H. The second source of correlation are
correlations within Cee, which describes the errors in h. Hence, the iterative algorithm
discussed in the next section is capable of dealing with both kind of correlations.

3.5.2 lterative Algorithm accounting for Structured and Unstructured
Model Errors

An ideal but theoretical estimator for the assumed model is the BLUE applied on the
linear model in (3.374). It incorporates the ¢true measurement matrix H and is given by

% = (HYCglH) 'HY Cgly. (3.390)

This theoretical estimator is referred to as BLUE with perfect model knowledge. Sim-
ilarly, the BLUE applied on the linear model in (3.376), incorporating the estimated
measurement matrix H but the true covariance matrix Cyw, follows as
A AN\ 1.
% = (HH C;V}NH> H7c;ly (3.391)
and it is referred to as BLUE with perfect knowledge of Cyww [50]. The determination
of the true Cyww according to (3.379) or (3.388), however, requires the knowledge of the

true parameter vector. To overcome this problem, we propose the iterative algorithm
as follows. Its basic idea is to make an initial guess %(©) (the superscript denotes the

72



3.5 Parameter Estimation under Model Uncertainties

algorithm’s iteration number), which is used to estimate the covariance matrix of w.
This estimated covariance matrix is then utilized by an estimator similar to the one in
(3.391) to achieve a better estimate of x, which is again used to improve the estimate of
the covariance matrix.

The first guess x(9 could for instance origin from an LS estimation which does not
incorporate any noise statistics, i.e.,

%) = (HH ﬂ)flﬂH y. (3.392)
Then, %) is used to estimate ¢\, based on (3.379) or (3.388). Hence, we obtain
G0, = diag(V[xV}2) + Cpn, (3.393)
for unstructured problems, and
Ciw = P(x)Chy 1 PX ) + Cuin (3.394)

for the considered structured problems. This estimated covariance matrix is then incor-
porated by an estimator similar to (3.391) in order to yield a better estimate %M which
is then again inserted into (3.393) or (3.394) to obtain CS&,, and so on. The generalized
update equation is given by

) (ﬁH(csfzv)lﬁ)_lﬂH(csfzv)ly. (3.305)

Interestingly, the proposed algorithm has similar complexity as the ML-EM and STLN
algorithms. It performs a weighting of the measurements according to (A]‘(,’f\),v, which
incorporates the model error variances as well as the measurement noise variances. In
the case of H being a convolution matrix, even the covariances of the estimated impulse
response are considered in order to improve the estimation. Note that CE@V for both
cases is almost always invertible since Cpp serves as a regularization term in (3.379) and

(3.388).

The estimate is unbiased when averaged over the PDF of n and B, and biased when

o /A 1 N\t ~1
only averaged over the PDF of n. Let E®) = <HH (C‘(,Zf‘)v) H) HY (Cg&,) de-
note the estimator matrix at iteration k. Then, it holds that E®H = I, independent
of the estimated parameter vector at the previous iteration cycles. Consequently, the
conditional expected vector of x**1 for fixed B follows as

Eu[x "V |B] = E4[EWy|B] (3.396)
= Eu[E®Hx + E®Bx + E®n|B| (3.397)
=x+E®Bx. (3.398)

Since Eg[B] = 0, unbiasedness is achieved when averaged over the PDF of n and B.
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Although convergence cannot be ensured, simulations showed that divergence is not an
issue for reasonable values of V and Cege.

A stopping criterion can be implemented in several ways. One possibility is to stop
the iterations when %(*) does not significantly change from one iteration to the next.
Simulations showed that the major performance gain is usually achieved after the first
iteration. Hence, a predefined number of iterations may be utilized instead of a stopping
criterion. For this case, the proposed iterative algorithm is summarized in

Result 3.9 (Iterative Algorithm Accounting for Structured and
Unstructured Model Errors)

Let x € CM* and y € CM be connected via (3.374), where H € CNv*Nx
is a known measured or estimated measurement matrix, B € CNv*"x is an
unknown zero mean random matrix, and H € CMv*Nx is the unknown, true
measurement matrix such that H = H + B. For unstructured problems,
V € RM*Nx denotes the matrix containing the variances of the elements of
B. For the case of H being a convolution matrix, H, H and B are defined
in (3.380). Then, the iterative algorithm accounting for model uncertainties
is given by
Initialization:

Initialize %(©) according to (3.392);

Choose number of iterations Nijter;
for k£ < 0 to Ny, do

Estimate C{¥), according to (3.393) or (3.394);

Update x(¥) according to (3.395);
end

The resulting estimates at each step k are unbiased when averaged over the
PDF of n and B.

Of course, there exists at least one case where the iterations yield no performance gain.
If C&If‘),v is a scaled identity matrix, the proposed algorithm reduces to the ordinary LS
estimator, preventing any performance gain. This is, e.g., the case when the following
two conditions hold: a) The measurement matrix is unstructured and V has the same
variance at every element. b) the noise covariance matrix Cpy, is a scaled identity matrix.

The performance of the algorithm from Result 3.9 compared to the ML-EM algorithm,
the STLN algorithm, the BLUE with perfect model knowledge in (3.390) as well as the
BLUE with perfect knowledge of Cyw in (3.391), is demonstrated in the next simulation
example.
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Example 3.5 (Estimation of a Parameter Vector with Model Uncertainties)

In this example, H € R7*3 is a convolution matrix and describes the discrete con-
volution of the impulse response h[n] with signal xz[n]. The vector notations of h[n]
and x[n] are given by h € R>*! and x € R3*!, respectively. For the simulations,
the impulse response is randomly generated from a Gaussian distribution with mean
E[h] = 0°*! and covariance matrix Cpy = I°*®. The input signal to be estimated is

T
chosen to be x = [1 0.5 0.25} . Note that we chose real values for h and x since

the ML-EM algorithm and the STLN algorithm were designed for the real-valued
case. Note, however, that Result 3.9 would also be applicable for complex-valued
quantities.

For the first analysis, the noise covariance matrix is a scaled identity matrix Cp, =
02177 where the scaling factor o2 is varied between 10~® and 10~3. The impulse
response estimation step is assumed to yield zero mean errors with error covariance

matrix

Cee:diag<[10_4 105 106 107° 10—6}). (3.399)

For this model, the proposed algorithm in Result 3.9 is compared with the ideal BLUE
in (3.391), the ML-EM algorithm and the STLN algorithm. For the latter one the l2
norm minimization, a tolerance ¢ = 10710 and D = I°*® is chosen. Furthermore, X
(Eq. (2.1) in [48]) is identified to be the first NV}, columns of P(x) in (3.385). For more
details on these parameters the reader may refer to [48]. For the ML-EM algorithm
o is set to the mean value of V [46]. While the STLN algorithm comes with its own
termination criterium, for which we choose ¢ = 10710 [48], the proposed algorithm
and the ML-EM algorithm were executed for Ny, = 10 iterations. It will turn out
later, that Njter could be reduced significantly.

The resulting MSE values averaged over the elements of the MSE vector are presented
in Figure 3.6. This figure shows that the proposed algorithm attains the performance
given by the BLUE with perfect knowledge of Cyw and outperforms the competing
algorithms especially for low 02. The performance gain is more than one order of
magnitude in MSE for small noise variances. For large noise variances all investigated
algorithms perform approximately equal. The reason for this is that the model uncer-
tainties are negligible compared to the large measurement noise samples in that case.
For the same reason, the gap between all considered algorithms and the BLUE with
perfect model knowledge increases with decreasing noise variance. If one had chosen
Cee to be a scaled identity matrix, the STLN algorithm would have a similar perfor-
mance as the proposed algorithm for very low noise variances. Large scale numerical
simulations showed that the performance gain of the proposed iterative algorithm
approximately stays the same for other values of x.

Figure 3.7 shows the convergence behavior of the algorithms for 02 = 1075, First of
all, one recognizes that the ML-EM algorithm is not able to significantly improve the
estimation accuracy compared to the initial LS estimation in this example. Further-
more, it shows that the STLN algorithm as well as the proposed algorithm achieve
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most of their performance gains in the first iteration. Hence, this extremely fast con-
vergence allows reducing the number of iterations to one without any significant loss
in performance in this example. Further simulations showed that this statement also
holds for most of the investigated scenarios.

—o— ML-EM algorithm —a— STLN algorithm
-X- iterative algorithm from Result 3.9

BLUE with perfect knowledge of Cyw
--- BLUE with perfect model knowledge
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Figure 3.6: Average MSEs of different iterative algorithms, the BLUE with perfect model knowledge
in (3.390) as well as the BLUE with perfect knowledge of Cww in (3.391).
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Figure 3.7: Average MSE values plotted over the number of iterations. The noise variance is kept

constant at o2 = 107°, and the model error variances are kept constant according to
(3.399).
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For the next analysis, the noise variance was kept constant at 02 = 1076 and the
accuracy of the estimated impulse response was varied by randomly choosing the
diagonal elements of Cge from a uniform distribution between [0, (]. The parameter
¢, on the other hand, was varied between ¢ = 10~> and ¢ = 10~2. The resulting MSE
curves are plotted as a function of ¢ in Figure 3.8. Again, the proposed algorithm
attains the performance given by the BLUE with perfect knowledge of Cyw and
outperforms the ML-EM and STLN algorithms for most values of (. For ¢ smaller
than 107 all algorithms perform approximately the same. For ¢ > 1072 occasional
divergence was observed for the proposed algorithm, leading to a decreased MSE
performance. Again, the performance gain approximately stays the same for other
values of x.

—e— ML-EM algorithm —a— STLN algorithm
ideal BLUE - X- iterative algorithm from Result 3.9
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Figure 3.8: Average MSEs of different iterative algorithms and the ideal BLUE in (3.391).
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Component-Wise Conditionally Unbiased
LMMSE and WLMMSE Estimation

This chapter focuses on Bayesian estimation, where the unknown parameter vector is
considered to be a random variable whose particular realization has to be estimated [1,
53]. We start by recapitulating well-known Bayesian estimators such as the LMMSE
estimator and the WLMMSE estimator. Basically, the main difference between these
two estimators is that the LMMSE estimator is linear and only incorporates first and
second order statistics, while the WLMMSE estimator is of widely linear form and al-
lows to incorporate augmented first and second order statistics, e.g., the covariance and
pseudo-covariance matrices. Both estimators are then analyzed regarding commutation
properties and unbiased constraints. These Bayesian estimators utilize a different un-
biased constraint than e.g. the classical BLUE. A simulation example will demonstrate
the effects of the different unbiased constraints on the estimates. It will be shown that
the estimates of the considered Bayesian estimators are conditionally biased.

Based on these findings, a different kind of unbiased constraint is regarded that avoids
this conditional bias. These investigations will lead to the CWCU constraints. The
CWCU constraints will turn out to be a trade-off between the classical and the usual
Bayesian unbiased constraints, which is also demonstrated with a simulation example.
In addition, optimal estimators that fulfill the CWCU constraints are derived. These
derivations start with the CWCU LMMSE estimator, which is related to the LMMSE
estimator. This CWCU LMMSE estimator already derived in [13-15] is extended in this
chapter. It is found that the CWCU LMMSE estimator always exists under the usual
linear model assumptions, and in the worst case it coincides with the BLUE. However,
in a number of practically interesting situations, the CWCU LMMSE estimator is able
to outperform the BLUE. We will identify three fundamental scenarios where this is the
case.

After that, widely linear CWCU estimators are investigated. These estimators are either
novel and unpublished to the best of our knowledge, or published by the author of this
work himself. The investigations will lead to the CWCU WLMMSE estimator, which
shows strong similarities to the WLMMSE estimator. As for the linear case, the CWCU
WLMMSE estimator always exists under the usual linear model assumptions, and in
the worst case it coincides with the BWLUE. We will identify several prominent cases
for which the CWCU WLMMSE estimator differs from the BWLUE. By doing so, we
will strictly distinguish between real and complex-valued parameters since this property
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significantly influences the expression of the resulting estimators.

Finally, an interesting modification of the CWCU WLMMSE estimator is investigated.
This modification, termed the part-wise conditionally unbiased widely linear minimum
mean square error (PWCU WLMMSE) estimator, separates real and imaginary parts of
the parameter vector and enforces component-wise conditionally unbiasedness on these
parts separately. It will turn out that this results in softer constraints of the estimator
compared to the CWCU constraints.

Table 4.1 lists the Bayesian estimators that will be discussed and derived in this chapter.

Estimator Section | Equation/Result
LMMSE 4.1 (4.14)
WLMMSE 4.1 (4.52)
CWCU LMMSE 4.2 Result 4.1
CWCU WLMMSE for 4.3.1 Result 4.2
complex-valued parameter vectors
CWCU WLMMSE for real-valued 43.3 Result 4.3
parameter vectors
PWCU WLMMSE 4.3.5

Table 4.1: Bayesian estimators considered in Chapter 4.

In Chapter 3 which discussed classical estimation we utilized the MSE as a performance
measure. For Bayesian estimators, however, the BMSE defined as the squared absolute
error between the elements of the parameter vector and the estimated parameter vector
when averaged over the joint PDF of the measurements and the PDF of the parameter
vector, is utilized as performance measure.

4.1 State-of-the-Art

We again consider the linear model
y =Hx +n, (4.1)

but now x € CNx is a complex-valued random proper parameter vector, y € C™ is
a complex-valued measurement vector, H € CNv*Nx ig a complex-valued measurement
matrix with full column rank and* Ny < Ny, and n € CMv is a complex-valued random
proper noise vector with zero mean. We will account for improper x and n later.

4This requirement is enforced in order to be able to apply the BLUE and in order for the BLUE to
differ from the simple matrix inverse. The LMMSE estimator and the WLMMSE estimator do not
require this condition.
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LMMSE Estimator

We begin with the recapitulation of the derivation of the LMMSE estimator where we
focus on the estimation of the i*" element of the parameter vector z; at the beginning.
We seek for an affine estimator for x; of the form

T; = ef{y + b;, (42)

where e; € C™ and b; € C. The estimator is derived by minimizing the BMSE cost
function

J(ei,b;) = Eyx [y:c,- - aeﬂ (4.3)
= Eyx [(xi ) (i — a:)H} (4.4)
= By (v — efly = b;) (i — ey = b)) "] (4.5)

= E,,[zix]] — Eyx [azzyH] e, — Ey, [xl]blH — eiHEy,X [yxfl]

+ef By, [yyH} e; +el B [yl —b,E,, [xfl] + biEy [yH]ei +bib. (4.6)

Note that the averaging in (4.3) is done w.r.t. the joint PDF of y and x. Setting the
derivative of this cost function w.r.t. b; equal to zero allows to determine b; as

8J(ei, bz)

5 = — B [ol'] + By[y"]ei + b =0 (4.7)

bi = Ey, || — el Ey[y]. (4.8)

Reinserting this expression into (4.5) yields

J(ei) = By | ((2i — By 1)) — el (y — Eyly]) (s — Bz, ) — el (y — Eyly])"
(4.9)
= O'ii — Cyyei — efICywi + ef{nyei. (4.10)
By setting the derivative of (4.10) w.r.t. e; equal to zero, we obtain
a‘gi‘j") — —Chy+ellCyy =0 (4.11)
efl; = CuyCyy, (4.12)

where the index L indicates the LMMSE estimator. We now insert (4.8) and (4.12) into
(4.2), yielding

3A3L,i = EI»; [xz] + Cxlyc;r; (y - Ey [Y]) (4'13)

Note that C,,y corresponds to the i*! row of the cross covariance matrix Cyxy. Hence,
the LMMSE estimator for the full parameter vector x immediately follows as

%1, = Ex[x] + CoyCy (v — Eyly)). (4.14)

81
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We denote the LMMSE estimation matrix as
EL = Cy, Cyy (4.15)
such that
%1, = Ex[x] + Ex(y — Byly)). (4.16)

Since we assume an underlying linear model as in (4.1), the required statistics in (4.14)
are given by

Cyxy = CxxHY | (4.17)
Cyy = HCxxH 4 Cpp, (4.18)
Eyly] = HEx[x]. (4.19)

Inserting (4.17)—(4.19) into the expression for the LMMSE estimator in (4.14) results in
N -1

X1, = Ex[x] + CxxHY (HCxxH" + Cpyn) (v — HE[x]) (4.20)

= Bylx] + (H7ClH + Cl) ' HCLl(y — HEK[x]). (4.21)

The equivalence of (4.20) and (4.21) is shown in [1] for the case when Cxx and Cpyn are
invertible. Since (4.20) does not require invertability of these covariance matrices it can
be considered to be a more general expression.

The LMMSE estimator in (4.14) fulfills some optimality criteria listed in the following [1]:
The LMMSE estimator is optimal in a BMSE sense

m if the linear model in (4.1) holds and if the prior PDF and the measurement noise
PDF are complex proper Gaussian,

m if all terms in (4.1) are real-valued and if x and n are Gaussian distributed.

If one of these cases holds, the LMMSE estimator corresponds to the minimum mean
square error (MMSE) estimator defined as the mean of the posterior PDF p(x|y)

% = Bgylxly] (4.22)

Furthermore, the LMMSE estimator also corresponds to the maximum a posteriori
(MAP) estimator

x = arg max p(x|y) (4.23)

in these two cases. This follows from the fact that for Gaussian PDFs, the mode value
and the mean value coincide. If none of these two cases hold, the LMMSE estimator is
still the best linear (or actually affine) estimator in a BMSE sense. However, non-linear
estimators may exist that outperform the LMMSE estimator.

For Bayesian estimators, the covariance matrix of the error e = X — x is often used as
performance measure since it contains the BMSE values of the estimated parameters in
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4.1 State-of-the-Art

its main diagonal. Thus, we will now derive the error covariance matrix for the LMMSE
estimator.

The mean of the error Ey «[X1, — x] is zero since

Ey,x [)A(L - X] = Ey,x [Ex [X] + nyC;; (y - Ey [Y]) - X] (4'24)
= — Bx[x — Ex[x]] + Cxy Cyy Eyly — Ey[y]] (4.25)
=0. (4.26)

With that, the error covariance matrix Cee 1, follows as

Cee,1, = By x [ee] (4.27)
— — H

= Ey,x |:(Ex [X] + CXynyl (y - Ey [Y]) - X) (Ex [X] + CXynyl (y - Ey [Y]) - X)

(4.28)
— By (~(x ~ Bl + O Cid v ~ Eyly)
_ H

X (_(X - EX[XD + nycy;(y - Ey[Y])) (4'29)
= Cxx - nyc;; ny - nyc;; ny + nyC;; nyC;,; ny (430)
= Cxx — CxyCyy Cyx. (4.31)

The BMSE values of the i*® estimate #1,; corresponds to the i*" diagonal element of the
error covariance matrix Cee ..

As stated before, the MSE performance in general depends on the actual realization of
the parameter vector. Consider the i*} estimate #1; in (4.13). The conditional MSE
under the condition that the parameter vector x is fixed becomes

mse(2L,;[x) = Cr,yCyy CounCiqy Cya, + |7 — By, 5] — Cayy Coy H(x — Ex[x]) \2,

’ (4.32)

which is proven in Appendix F. Note that mse(&r, ;|x) clearly depends on the actual
realization of the parameter vector x. Also note that mse(Zy,;|x) consists of two terms.
The first term can be shown to be the conditional variance

var(#r,i|x) = Cq,yCyyCnnCyy Cya, - (4.33)

The second term turns out to be the absolute square of the conditional bias

b(2r,;

X) = Ey|x[fi7L,i - Hfl|X] (4.34)
= —x; + By [xi] + Cmin;,;H(x — Ex[x]). (4.35)

Eq. (4.33) and (4.35) are proven in Appendix G. While the conditional variance in (4.33)
does not depend on the actual realization of x, the conditional bias in (4.35) clearly does.

The LMMSE estimator commutes over affine transformations, i.e., if the parameter
vector is transformed according to o = Bx+c, then the LMMSE estimator for a € CNe
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is given by &1, = Bxp, + ¢, where Xy, is the LMMSE estimator for x [1], and where
B € CNex*Nx The proof can be found in Appendix H. Note that the dimension N, can
be arbitrary. This is an important difference to the investigations in Section 3.1.2.

WLMMSE Estimator

We will now dismiss the assumptions about proper x and n and derive a widely linear
Bayesian estimator that accounts for improper prior and noise statistics. This will lead
us to the WLMMSE estimator for which we utilize the subscript "WL’.

We seek for a widely linear (actually widely affine) estimator for z; of the form
B=ty + &'y + b (4.36)
=ely +b, (4.37)

H
where e; = [fiH gl } € C?y and b; € C. The estimator is derived by minimizing the

BMSE cost function

J(ei,b) = By x [m - zﬂ (4.38)
= By (21 — 30) (2 — 2)" (4.39)
=FEy x [(m, - eiHX —b;) (zi — eZ-HX — bZ)H] (4.40)

= FEy, [xle{] — Eyx [wle] e, — E,, [l‘l]bf{ - equyyx [Xxf{]
+ el Eylyy”]e; + el By [y|b — b;Ey, [2] + b, By [y™]e; + bib . (4.41)

Setting the derivative of this cost function w.r.t. b; equal to zero allows to identify b; as

0NN — g [of] + By ly ]+ b L0 (1.42)

b; = By, 2] — el By [y]. (4.43)

Reinserting this expression into (4.40) yields

J(ei) = By {((wz‘ — By, [oi)) el (v — By [y))) (@ — Bu[0i)) — el (v — By [¥]))"
(4.44)

— Coiyei — ezHCX;Bi + eﬁgyyeiy (4.45)

= O—Z'-L'

where Cy,y = Ey x [(xl — Ey,[z])(y — Ey M)H] Setting the derivative of (4.45) w.r.t.

e; equal to zero leads to

_ H _
9o, — Coy +€,Cyy =0 (4.46)
et = CayCyy- (4.47)
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The index WL stands for WLMMSE. We are now able to insert (4.43) and (4.47) into
(4.37), yielding

twii = Ea[w:] + Coiy Cyy (v — By [y]) (4.48)
= Bn o]+ [10]C.y Gyt (v — By[y]). (4.49)
Note that Cg,y corresponds to the i*" row of the augmented cross covariance matrix Cyy-

Hence, the estimator for the full parameter vector x, which is termed the WLMMSE
estimator, can be derived from (4.48) and (4.49) as

swi, = Bx[x] + CxyCyy (v — By [y]) (4.50)
= Ex[x] + [INxxNx oNxxNx}gxyg;yl (y — Eyly])- (4.51)

We mainly utilize the WLMMSE estimator for the full augmented parameter vector x,
which immediately follows as

XVVL = EX [K] + Qxyg;f; (X - Ey &] )7 (452)
Ew

where Eyyp, is the estimator matrix. Since we assume an underlying linear model as in
(4.1), the required statistics in (4.52) are given by

Cyy = CH” (4.53)
H

C,,=HC H"+C,, (4.54)

Eyly] = HEx[x]. (4.55)

Inserting (4.53)—(4.55) into the expression for the WLMMSE estimator in (4.52) results
in

XWL = EX [E] + QxxﬂH (HQXXEH + an) - (X - EEX [X]) (456)
— Bylx] + (HICLIH + C)) 'HYC, L (y — HEX[x)). (4.57)

The equivalence of (4.56) and (4.57) can be shown with the help of Woodbury’s matrix
inversion lemma [54] if C,, and C,,, are invertible. This is not always the case even if
Cxx and Cypy, are invertible. To demonstrate such a case we consider a single real-valued
parameter with variance Cyx = o2. Since it is real-valued, its pseudo-variance o2 is

x: x
equal to o2, resulting in

] , (4.58)

ST
8N 8N

which is clearly not invertible. Hence, the expression of the WLMMSE estimator in
(4.56) has to be used in that case.

Note that the WLMMSE estimator in (4.52) reduces to the LMMSE estimator in (4.14)
if both the prior PDF as well as the measurement noise PDF are both proper.
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4 Component-Wise Conditionally Unbiased LMMSE and WLMMSE Estimation

There are many similarities between the LMMSE estimator and the WLMMSE esti-
mator. For instance, two of the following three optimality criteria for the WLMMSE
estimator are the extensions of the LMMSE’s optimality criteria to improper prior knowl-
edge and noise statistics. Assuming Cy, is invertible, then the WLMMSE estimator is
optimal in a BMSE sense

m if the linear model in (4.1) holds and if the prior PDF as well as the measurement
noise PDF are generalized complex (proper or improper) Gaussian,

m if either x or n (or both) in the linear model in (4.1) are real-valued and Gaussian
distributed,

m if all terms in (4.1) are real-valued and if x and n are Gaussian distributed (then
the WLMMSE estimator corresponds to the LMMSE estimator).

In all of these cases, the WLMMSE estimator corresponds to the MMSE estimator in
(4.22) and to the MAP estimator in (4.23). Otherwise, the WLMMSE estimator is still
the best widely linear (or actually widely affine) estimator in a BMSE sense. However,
then non-linear estimators may exist that outperform the WLMMSE estimator.

Statistical measures of the WLMMSE estimator can be derived in a similar manner as
it was done for the LMMSE estimator in (4.24)—(4.35). Hence, we will only present the
results. The augmented mean Ey Xy, follows from (4.52) as

Eylxwi] = Ex[x] + nycyy (E L] [J) (4.59)
= Fx[x]. (4.60)

With that, the augmented error covariance matrix Cge wyy, can easily be derived as

Ceewl = Coux — Cyy Cyy C (4.61)

—XYy =Yy —yx’

The BMSE values of the " estimate Zwr,; corresponds to the ith diagonal element of
the error covariance matrix Cee,w1,, Which is given by the north-west block of Qee,WL.
The conditional MSE under the condition that the parameter vector x is fixed becomes

2
mse(EwL,i|x) = Ca,yCyy CnnCyy Cya, + |#i — Eq,[1:] — Coy Coy H(x — Ex[x])

~nn~yy
(4.62)
The first term in (4.62) can be shown to be the conditional variance

var(2wr,i|x) = Ca,y Cyy CunCyy Cya, - (4.63)

—nn—yy

Further, the second term in (4.62) turns out to be the absolute square of the conditional
bias

b(EwL,i|x) = Eyx[TwLi — 2:]x] (4.64)
= — i+ Ey,[5:] + Coyy Cyy H(x — Ex[x]). (4.65)
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Similarly to the LMMSE estimator, the WLMMSE estimator commutes over widely
affine transformations, i.e., if the parameter vector is transformed according to a =
B1x+Byx* +c, then the WLMMSE estimator for a € CNe is given by éwr, = Bixwr, +
Boxi{y, + ¢, where xwi, is the WLMMSE estimator for x [1], and where By,By €
CNexNx ' The proof can be found in Appendix I. Again, the dimension N, can be
arbitrary.

Unbiased Constraints

We now discuss a further important difference between the considered Bayesian and
classical estimators concerning their unbiased constraints [1,55-57]. In Section 3.1 we
showed that the LS estimator in (3.5), the BLUE in (3.48) as well as the BWLUE in
(3.63) fulfill

Ey[x] =x for all possible x, (4.66)

which is referred to as classical unbiased constraint. This result states that for every
(deterministic) x, the estimates x are centered around the true parameter vector x.
Conversely, the Bayesian LMMSE estimator in (4.14) and the WLMMSE estimators in
(4.52) fulfill

Ey x[x] = Ex[x], (4.67)

where the integration for Ey x[X] is performed over the joint PDF of x and y. Eq. (4.67)
is referred to as Bayesian unbiased constraint. This result states that the considered
Bayesian estimators are only "unbiased” when averaged over the PDF of x. Eq. (4.66)
can also be formulated in the Bayesian framework. Here, the corresponding problem
arises by demanding global conditional unbiasedness, i.e.

Eyx[X|x] =x for all possible x. (4.68)

The attribute global indicates that the condition is made on the whole parameter vector
x. This is of importance since another type of conditional unbiased constraint will be
discussed later.

Let x = g(y) be an arbitrary, possible non-linear estimator. For such, the classical
unbiased constraint asserts that

Ey[x] = /g(y)p(y; x)dy = x for all possible x, (4.69)

where p(y;x) is the PDF of vector y parametrized by the unknown parameter vector x.
The Bayesian unbiased constraint on the other hand is

By x[x —x] = / / (8(y) — x)p(x,y)dxdy = 0. (4.70)
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It will turn out that (4.70) is a much softer requirement than (4.69). However, Bayesian
estimators in general allow incorporating prior knowledge about the statistics of x. The
global conditional unbiased constraint now reads as

Byx[%[x] = /g(y)p(y\x)dy =x for all possible x. (4.71)

Note that the constricting requirements in (4.68) and (4.71) may prevent the exploitation
of prior knowledge about the parameters, and hence lead to a significant reduction in the
benefits brought along with the Bayesian framework. Such a case can be demonstrated
in the linear model setup by trying to find a linear Bayesian estimator that minimizes
the BMSE cost function subject to the constraint (4.68). As shown in Appendix J, the
resulting estimator corresponds to the BLUE, which does not utilize any prior knowledge.

To show the effects of the classical unbiased constraint in (4.66) and the Bayesian unbi-
ased constraint in (4.67), an example is regarded now.

Example 4.1 (QPSK Data Estimation (Part 1))

This simple example shall demonstrate the effects of the different unbiased constraints
of classical and Bayesian estimators. The task is to estimate zero mean quadrature
phase-shift keying (QPSK) data symbols z; € {+1,+j}. The measurements are
modelled as y = Hx + n, where H € C'°%19 is given by the first 10 rows and
the first 10 columns of a convolution matrix built from the impulse response h =

T
[1.1 1 —-04 —0.2} . The noise was chosen to be complex proper Gaussian with

covariance matrix Cpn, = 0.3I1'0X10 Ag estimators, the classical BLUE fulfilling
(4.66), and the Bayesian LMMSE estimator fulfilling (4.67) are considered. Figure 4.1
shows the relative frequencies of the corresponding estimates in the complex plane,
which were generated by performing the estimation task multiple times.

‘ LMMSE estimator

0
Re{z,}

Re%‘s}

Figure 4.1: Visualization of the relative frequencies of the BLUE and the LMMSE estimator. The
black crosses mark the ideal QPSK constellation points.

The estimates of the BLUE are centered around the true constellation points since
they are unbiased in the classical sense. In contrast to that, the estimates of the
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LMMSE estimator are not centered around the true constellation points. In fact,
these estimates are conditionally biased towards the prior mean, which is 0. This
bias may have to be considered in follow-up processing steps. Note that in Figure 4.1
the BMSE of the LMMSE estimator is clearly below the BMSE of the BLUE.

In the next section, Bayesian estimators are investigated that prevent the shift of the
estimates as demonstrated in Figure 4.1.

4.2 Linear CWCU Estimation

In CWCU Bayesian parameter estimation [13-15,58-61], instead of constraining the
estimator to be globally unbiased, we aim to achieve conditional unbiasedness on one
parameter component at a time. Let z; be the i element of x, and #; = g;(y) be an
estimator of z;. Then the CWCU constraints are

By, [Ti|zi] = /gi(.V)p(ylxi)dy =z, (4.72)

for all possible x; (and all i = 1,2,...,n). Note that the CWCU constraints are less
stringent than the global conditional unbiased condition in (4.71). Also, it will turn
out that a CWCU estimator in many cases allows the incorporation of prior knowledge
about the statistical properties of the parameter vector. In the following, we will denote
the linear estimator minimizing the BMSE under the CWCU constraints the CWCU
LMMSE estimator. The theory of the CWCU LMMSE estimator under linear model
assumptions has been discussed in [59-61]. This estimator is of linear (actually affine)
form, and it is mainly designed for proper measurement vectors. Its performance and
properties will be compared with those of the BLUE and the LMMSE estimator.

It should be noted beforehand, that a CWCU LMMSE estimator cannot outperform the
LMMSE estimator in a BMSE sense since it minimizes the BMSE under the additional
constraints in (4.72), while the LMMSE estimator’s only restriction is the linearity con-
straint. However, in a number of practically interesting situations, the CWCU LMMSE
estimator is able to outperform the BLUE. Furthermore, the CWCU estimators feature
their inherent conditional unbiased property that, as it will be shown, preserves the
intuitive view of unbiasedness in Bayesian estimation. In order to find linear CWCU
estimators that are able to outperform the BLUE, we will investigate certain model
assumptions. In particular, we will derive the CWCU LMMSE estimator under the
following prerequisites, namely

1. under the assumption of jointly complex Gaussian x and y,

2. under the linear model assumption with complex Gaussian x and zero mean noise
with known covariance matrix,
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3. under the linear model assumption with mutually independent complex (and oth-
erwise arbitrarily distributed) parameters and zero mean noise with known covari-
ance matrix.

We begin with the first case and derive the CWCU LMMSE estimator for jointly Gaus-
sian x and y for which we assign the subscript ’CL’. Note that no assumption about the
underlying linear model has to be made in this case.

4.2.1 CWCU LMMSE Estimation under the Jointly Gaussian Assumption

We assume that a vector parameter x € CVx is to be estimated based on a measurement
vector y € CM. As in LMMSE estimation we constrain the estimator to be linear (or
actually affine), such that

x=Ey+b, EecCVMN pecCh, (4.73)

Note that in LMMSE estimation no assumptions on the specific form of the joint PDF
p(x,y) have to be made. However, the situation is different in CWCU LMMSE estima-
tion. To show this, let us consider the ¥ component of the estimator

i =elly +b;, (4.74)

where efl denotes the i row of the estimator matrix E. The conditional mean of ;
can be written as
- H
EY|$2‘ [xl|xl] =€ Ey\:]ci [y|xz] + b;. (4.75)

A closer inspection of (4.75) reveals that Fy, [i|7;] = z; can be fulfilled for all possible
z; if the conditional mean Ey ;. [y|z;] is a linear function of z;. For jointly Gaussian x
and y this is the case and we have

Ey\xi [Y|-Tz] = Ey [Y] + Cyri (O-gi)_l(xi - EiEz [1’1]), (476>

where Cy,, = Ey x[(y — Eyly])(zi — Eg,[z;])"], and 02, is the variance of z;. Inserting
(4.76) into (4.75) produces

Ey|y[ilai] = e By[y] + €] Cya, (07,) " (2i — Ea,[2:]) + bi. (4.77)

This result reveals that Ey,, [#;|z;] = x; is fulfilled for every w; if

e/’ Cyy,(07,) ' =1 (4.78)
ellCy,, = Ji (4.79)

and
b= Eoy o] — e By [y). (14.80)
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Now, (4.74), (4.79) and (4.80) allow to simplify the BMSE cost function Ey x[|%; — 7;]?]
as

J(ei) = Eyx(lef'y + b — x]] (4.81)
= Eyxllej' (y — Eyly]) — (zi — Ex,[2:])] (4.82)
= eZHnyei — ef{nyi —Cy,yei —1—0'; (4.83)
—— ——
oz, o2,
=el'Cyye; — 02 . (4.84)

Finally, the optimization problem is summarized as
ecr, = arg n}am (eZHnyei - J?Ei) st. elCy,, = Ji. (4.85)
The optimization problem in (4.85) will now be solved using the Lagrange multiplier
method. The Lagrangian cost function is given by
L(e;) = el Cyye; — aﬁi + (e’ Cy, — aii))\ + (e?C;xi - O’i))\*. (4.86)
Setting the partial derivative of (4.86) w.r.t. e; equal to zero allows identifying eiH as

9L (e:)

doe; e Cyy + X*Cayy =0 (4.87)

e/l = —\"C,,yCyy. (4.88)

Inserting this result into the constraint in (4.79) allows

“\*C,vColCy, =02 4.89
WY Uyy YZ; Z;
2
e Tm (4.90)
Cuiy Cyy Cya,

Finally, combining (4.88) and (4.90) produces

2

% C,.,C L 4.91
Cxiycb_’;cyxi v ( )

g
H _
€CL,; =

The full expression for &y, ; can be found by combining (4.74), (4.80) and (4.91), which
yields

FovLi = Ex,[wi] + elr i (y — Bylyl): (4.92)
Using
eghl
EcL = eC:L’Q € CNxxNy (4.93)
egL,Nx

immediately leads us to the vector notation of the CWCU LMMSE estimator

%cr, = Exlx] + EcL(y — Eyly)). (4.94)
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Note the similarities between the CWCU LMMSE estimator in (4.94) and the LMMSE
estimator in (4.14). Also note that according to (4.91), the CWCU LMMSE estimation
matrix can be derived as the product of a diagonal matrix times the LMMSE estimation
matrix according to

Ecr, = DE, (4.95)
= DCyy C, (4.96)

Yy’
where the elements of the real-valued diagonal matrix D are

0.2

z;

[D]z,z Ca;iyc;; Cyo. . (4.97)
It turns out that [D];; is always positive and real-valued. The proof of this statement is
straightforward. Consider the definition of [D];; in (4.97). The variance o2, is positive
and real-valued per definition. Furthermore, the covariance matrix Cy, as well as its
inverse are Hermitian and positive definite. Multiplying such a matrix with an arbitrary
row vector from the left and with the conjugate transpose of the same vector from the
right results in a positive and real-valued scalar. Another important fact about [D];; is
that

The proof of this statement can be found in Appendix K.

In the following, we derive some performance measures for the CWCU LMMSE estima-
tor. Starting with the mean of the error we have that

Ey,x[f(CL - X] = Ey,x [Ex [X] + DnyC;; (y - Ey [Y]) - X] (4-99)
= — Ex[x — Ex[x]] + DnyC;;Ey[y — Eyly]] (4.100)
=0. (4.101)

Therewith, the error covariance matrix Cee, 1, follows as
Cee,cL = Ey x[ee’] (4.102)

By [(Ex %] + DCyy C Ly — Eyly)) — )
(B + DO Cd v ~ Byly) - %) (4.103)

By, [(—(x — Fylx]) + DOy C5i(y — Eyly]))

_ H
x (—(x — Ex[x]) + Dcxycyyl(y — Ey[y])) } (4.104)
= Cxx — DCyyCyy Cyx — CxyCyyCyxD + DCyy Cyy Cyy Cyy Cyx D (4.105)
= Cyx — DCXyC;; Cyx — cxyC;y1 CyxD + DcxyC;ylcny. (4.106)

By defining a matrix M as
M = CyyCyy Cyx, (4.107)
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(4.106) simplifies to
Cee.cL = Cxx — DM — MD + DMD. (4.108)

The BMSE values of the i*? estimate Zcr,; correspond to the ith diagonal element of the
error covariance matrix Cee,Cr-

4.2.2 CWCU LMMSE Estimation under Linear Model Assumptions

The CWCU LMMSE estimator in (4.94) requires x and y to be jointly Gaussian with-
out any further model assumption. We now analyze the situation with an underlying
linear model as in (4.1). If x and n are both Gaussian, then they are jointly Gaussian.
Furthermore, since [x,yT]? is a linear transformation of [x?, n?]7, x and y are jointly

Gaussian, too. We could therefore simply insert the adapted covariances

Cyy = HC,xH 4 Cpy (4.109)
Cxy = CxxH (4.110)
Cuy = CuxHY (4.111)
Cys, = HCyy, (4.112)

into the CWCU LMMSE estimator. However, the jointly Gaussian assumption for x
and n can significantly be relaxed. This can be shown by incorporating the linear model
assumption already earlier in the derivation of the estimator, which will be shown in the
following. We note that the CWCU LMMSE estimator for the linear model under the
assumption of white Gaussian noise has already been derived in [13].

Let h; € C™ be the i column of H, H; € CNv*Mx~1 the matrix resulting from H
by deleting h;, and x; € C™~1 the vector resulting from x after deleting z;. Then the
linear model in (4.1) can be rewritten as

With that, the i** component of % has the form
- — oH (. 1.5 .
T, =e'y+b =e; (hjz; + H;X; + n) + b;. (4.114)
The conditional mean of Z; becomes
Ey‘mi [@,‘LL’%] = eflhia:i + efII:IZ‘EXZ.m [}_(Z’.TZ] + b;. (4.115)

From (4.115) we can derive conditions that guarantee that the CWCU constraints (4.72)
are fulfilled. There are at least the following cases:

1. (4.72) can be fulfilled for all possible z; if the conditional mean FEg,,, [X;|x;] is a

linear function of x;. For complex proper Gaussian x this condition holds (for all
i=1,2,..,n).
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2. (4.72) can be fulfilled for all possible x; (and all i = 1,2,...,n) if Eg ,, [Xi|vi] =
Exg,[x;] for all possible x; (and all ¢ = 1,2,...,n), which is true if the elements z;

i

of x are mutually independent.

3. (4.72) is fulfilled for all possible z; (and all i = 1,2,...,n) if eflhi =1, ef{I:Ii =07,
and b; = 0 for ¢ = 1,2,--- ,n. These constraints and settings correspond to the
ones of the BLUE. Consequently, the BLUE fulfills the CWCU constraints.

Solution for Correlated Gaussian Parameters
We now investigate case 1 from above and therefore assume complex proper Gaussian x
with mean Ex[x] and covariance matrix Cxx. Then we have

Efcz‘|$i [il“rl] = E)_(i [il] + Ciidfi(agi)il(l’i - Eﬂ%‘ [ml]) (4'116)

Note that the only requirement on the noise vector so far was its independence on x.
Inserting (4.116) into (4.115) produces

Ey\xi [.@1’1‘2] = eflhi:):i + efII:IZ'E;(i [iz] + ezHI:IiCiiZi (Ugi)_l(xi — Emi [xz}) + b;. (4.117)

Again, we obtain two conditions that ensure Ey,,[#|2;] = z; is fulfilled for every z;.
The first condition is

el'h; + e H;Cx,,(02) ' =1 (4.118)
e (hjo2 +H;Cx,z,) =02 (4.119)
Cya,

The expression in the brackets in (4.119) equals Cy,, since

Cya: = Eyxl(y — Eyly]) (@i — Eu,[wi])'] (4.120)
= By x| (hi(zi — Eq,[2i]) + Hi(%i — Ex, [%i]) +n) (2; — Eq,[2i])] (4.121)
=h;o2, + H;Cx,q,. (4.122)

Hence, the first condition reads as
e/ Cy,, =02 (4.123)

The second condition follows from (4.117) as

H, Fx,[%,]. (4.124)

bi = eflﬂiciixi(ai)ilExi [$Z] - eﬁ
Incorporating (4.118) into (4.124) yields

bi = (1 - e{'h;) By, ;] — e H; Ex,[xi] (4.125)
= Ey,[vi] — e Ey[y]. (4.126)
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Together with (4.114), (4.123) and (4.126), the BMSE cost function Ey, x[|#; — z;]%] can
be simplified as

J(ei) = Byx[lef'y +b; — zil?] (4.127)

= By xllef' (y — Eyly)) — (v — By, [z:])|?] (4.128)

= e/'Cyye; — e/'Cy,, — Cy ye; +02, (4.129)
1

=e['Cyye; - U?ci- (4.130)

Finally, the optimization problem is summarized as

ecr; = argmin (el Cyye; —02) st el'Cy,, =02 (4.131)
ez 7 T

Most interestingly, this optimization problem equals the one for jointly Gaussian x and
y in (4.85). Solving it will formally lead to the same expression for the CWCU LMMSE
estimator. However, a significant difference is obtained. By making the assumption
about an underlying linear model, the jointly Gaussian assumption of x and y can be
significantly relaxed. In fact, only the parameter vector x is required to be Gaussian for
resulting in (4.131), while the PDF of the noise n can be arbitrary. The only requirements
on the noise vector are Ey[n] = 0, and n and x have to be independent.

Solution for Mutually Independent Parameters

We now investigate case 2 from above and therefore assume that the elements z; of x
are mutually independent. For mutually independent parameters, it holds that

By, |z, [Xi|7:] = Ex, [%i]. (4.132)
Inserting (4.132) into (4.115) yields

By, [2i7i] = e/ 'hx; + e/ H, Ex, [%;] + b (4.133)
The CWCU constraints are fulfilled if
ellh; =1 (4.134)

(3

and
bi = — effl:LE,—cl [)_(Z'], (4135)

and no further assumptions on the PDF of x are required [59]. We will now demonstrate
that formally the same optimization problem as in (4.85) and (4.131) can be obtained.
Adapting (4.122) for mutually independent parameters yields

Cy., = hjo?.. (4.136)

95



4 Component-Wise Conditionally Unbiased LMMSE and WLMMSE Estimation

Multiplying (4.134) with Ugi and incorporating (4.136) produces

e/ Cy,, =02 (4.137)
The second constraint in (4.135) can be rewritten as
by = — e} (BEy[y] — hiEy, [2]) (4.138)
= e/'h; By, [v)] — e[ Ey[y] (4.139)
— B, [w] - e/ Byly]. (4.140)
]

As in (4.127)—(4.130), one can easily show that the BMSE cost function Ey x[|#; — z;|*
for mutually independent parameters yields

J(e;)) = el’Cyye; — aii. (4.141)

Hence, the same cost function in (4.141) and the same constraints in (4.137) as for the
jointly Gaussian case are obtained. Thus, the CWCU LMMSE estimator for mutually
independent parameters formally also equals the CWCU LMMSE estimator for jointly
Gaussian x and y.

In [59] we showed that for mutually independent parameters ecr, ; is independent of 0925“
which can be shown by utilizing (4.91) and (4.136)

2

H Oz, 2 1 H—1
eqr = L o> h'C 4.142
CL,i O_%ZhZHC;;hZO_%Z T vy ( )
1
— e 4.143
hACygh; * Y (4.143)

Another fact shown in [59] is that e . for mutually independent parameters can also
be brought in the form

1
H HM~—1
o — nic, 4.144
CL,i hZHC;lhl i g ( )
where B B

Ci = H;Cx,x, HY + Cpn. (4.145)

The proof can be found in Appendix L. Furthermore, we showed that
Dl = (ef’;hy) 7", (4.146)
where eﬂ ; is the it" row of the LMMSE estimator matrix. This can be easily shown by

inserting (4.136) into (4.97), producing

0_2

Dlii = ——"~— (4.147)
Cxiycy}}cyxi
1
= G Colhy (4.148)
T,y Yy
1
- (4.149)
ef{ihi
= (el n;)~ L. 4.150
L,i

It therefore holds that diag{EcrH} = 1.
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Summary

Overall, the investigations of Section 4.2 so far can be summarized in

Result 4.1 (CWCU LMMSE Estimator)

If xeC" and y € C™ are

1. jointly complex proper Gaussian, or

2. connected via the linear model in (4.1) and x is complex proper Gaussian with
PDF CN (Ex[x],Cxx) (the PDF of n is otherwise arbitrary), or

3. connected via the linear model in (4.1) and x has mean Ex[x], mutually inde-
pendent elements and covariance matrix Cxx = diag{agl,aiy e ,agn (the
joint PDF of x and n is otherwise arbitrary),

then the CWCU LMMSE estimator minimizing the BMSEs Ey [|#; — x;|?] under
the constraints Ey,, [#;|2i] = x; for i = 1,2,---, Ny is given by (4.94), where the
estimator matrix Ecy, is defined in (4.95)-(4.97). The mean of the error e = Xc, —x
(in the Bayesian sense) is zero, and the error covariance matrix Cee cr,, which is also
the minimum BMSE matrix Mg, , is provided in (4.108) with M defined in (4.107).
The minimum BMSEs are Bmse(Zcr,;) = [Mxg, Jiji-

If none of the three cases is fulfilled, then in the linear model setup a CWCU esti-

mator is available in form of the BLUE, which not necessarily has to correspond to
the CWCU LMMSE estimator.

A similar expression for the CWCU LMMSE estimator can be found in [13-15], where
the assumption of additive white Gaussian noise (AWGN) has been made.

In the following, some properties of the CWCU LMMSE estimator are detailed.
4.2.3 Discussion of the CWCU LMMSE Estimator
Commonalities between the Three Cases in Result 4.1

We were able to find a CWCU LMMSE estimator deviating from the BLUE for three
cases listed in Result 4.1. For the first case it is obvious that

Eyjg,[ylai] = Byly] + Cya,(03,) ™ (2i — Eq,[21]) (4.151)
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utilized in (4.76) holds. However, it can be shown that this relation also holds for
the other two cases (see Appendix M for proof). Consequently, for all three cases the
conditional mean Ey,, [y|z;] is linear in z; (which was actually a requirement for finding
a linear CWCU estimator).

Similarly, it holds for all three cases that the conditional covariance matrix C
given by

yylz; 18

C = ny - nyi (0'2)71(]%_},‘ (4.152)

yylz; x;

The proof is presented in Appendix N.

Conditional Properties

In Section 4.1, we demonstrated the dependency of the MSE on x for the LMMSE and
WLMMSE estimators by deriving their conditional MSEs mse(Zr, ;|x) and mse(&wr, ;|x).
There, we made the condition on the whole parameter vector x. Since the CWCU
constraints contain a condition on x; only, we analyze several estimators in terms of their
conditional mean Ey,, [#;|7i], conditional bias b(%;|x;), conditional variance var(i;|z;)
and conditional MSE mse(Z;|x;).

We begin with the BLUE, which will be analyzed from a Bayesian perspective. This is
valid since we showed in Appendix J that the BLUE can also be derived by minimizing
the BMSE cost function subject to the global unbiased constraint. Consider the BLUE
for x; in (3.47), then we obtain the following conditional properties:

The derivation of (4.153)—(4.156) can be found in Appendix O. Note that var(Zp|z;) =
var(Zg;) and mse(Zp;|z;) = mse(Zp,;) holds for the BLUE.

For the derivation of the equivalent properties for the LMMSE estimator we assume
that at least one of the three cases mentioned in Result 4.1 holds. Then, the following
conditional properties are obtained

Ey|yovlzi] = D] @i + (1= [DI;}) Ea [ai], (4.157)
b(arilz) = (DI = 1) (2 — By, o), (4.158)
var(irilzi) = o2, DI} (1 - DI}, (4.159)
mse(iyifeg) = o2, DI (1= D12) + (1= D) i~ Bl (4.160)
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For the derivations we refer to Appendix P.

These properties of the BLUE and the LMMSE estimator are now compared with those
for the CWCU LMMSE estimator (derived in Appendix Q):

BEyjz,[ZcvLilzi] = x4, (4.161)

b(cr, Z\:cz) =0, (4.162)
var(Zcr|2i) = o2 .([D]i; — 1), (4.163)
mse(Zcr, | w;) = ai([D]m- —1). (4.164)

Note the interesting connections and similarities between these conditional properties.
First of all, the conditional mean and the conditional bias of the CWCU LMMSE esti-
mator of course correspond to those of the BLUE. The LMMSE estimator on the other
hand is conditionally biased as it can be seen in (4.158). This bias origins from (4.157),
which reveals that the LMMSE estimates are shifted towards the prior mean E,,[z;]
since [D];; > 1. For the special case of a zero mean parameter Eg,[z;] = 0, it holds that

Ey\mi [CECL,i |£CZ] = [D]Z’ZEkal [i'L,i |:El] . (4165)

Considering the conditional variance, we observe that var(Zcr, ;|z;) is closely related to
var(Zy, ;|z;) according to

V&I‘(i‘CLJ"%Z‘) = [D]?,ivar(i:m\:ci). (4.166)

Consequently, it holds that var(Zcr,i|z;) > var(2y,;|z;) [59]. A similar relation between
the conditional MSEs of the CWCU LMMSE estimator and the LMMSE estimator
cannot be found since, in contrast to mse(Zcr, |z;), mse(Zr, ;|x;) clearly depends on the
actual realization of z;. However, for the BMSEs again a simple relation can be found
[59]:

Bmse(dL,i) = Eq,[mse(di|;)] (4.167)
=2 D]} (1- D)+ (1- [D];}fggi (4.168)
=02 (1-DJ;}) (D)} +1- D]} (4.169)
o2 (1- D)) (4.170)

For the CWCU LMMSE estimator we trivially obtain
Bmse(dcr,;) = mse(Zcr;|z;) = o2, ([D]i; — 1). (4.171)
Comparing (4.170) with (4.171) reveals the following relation
Bmse(Zcr, ;) = [D]; Bmse(Zr,), (4.172)

consequently Bmse(Zcr, ;) > Bmse(2r,;) holds. Hence, the loss in BMSE performance
compared to the LMMSE estimator directly follows from the diagonal matrix D. We
emphasize again that for the derivation of the previous results, we assumed that at least
one of the three cases mentioned in Result 4.1 holds.

Similar investigations for the BLUE directly lead to mse(Zp;|z;) = var(Zp;|z;) =
Bmse(Zg,;)-
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Relation to the BLUE and to the LMMSE Estimator

In the previous section it turned out that the CWCU LMMSE estimator is closely
related to the LMMSE estimator. Actually, this relation has already been indicated
in Section 4.2 (particularly in (4.95)), where it was shown that the CWCU LMMSE
estimator matrix can be derived by multiplying the LMMSE estimator matrix with a
real-valued diagonal matrix. For the special case of zero mean parameters Ex[x| = 0,

the CWCU LMMSE estimates are scaled LMMSE estimates as
xcL, = EcLy = DELy = Dx1.. (4.173)

For the case where the linear model in (4.1) holds and where the parameters are mutually
independent, the diagonal elements of D directly follow from the LMMSE estimator
matrix according to (4.146).

The relation between the CWCU LMMSE estimator and the BLUE is not that obvious.
However, in some special cases, these two estimators are actually equivalent. For exam-
ple, this is the case when there is only one parameter to be estimated, i.e., Nx = 1. Then,
the CWCU constraints correspond to the global conditional unbiasedness Fy[X[x] = x
in (4.68), which is also fulfilled by the BLUE. Another case is when Cxx, Cpn and H are
all diagonal matrices, which is proven in Appendix R. And as already said in Result 4.1,
if non of the three mentioned cases is fulfilled, then in the linear model setup a CWCU
estimator is available in form of the BLUE, which not necessarily has to correspond to
the CWCU LMMSE estimator.

Transformation Analysis

The CWCU LMMSE estimator will in general not commute over affine transformations
of the form [59]

a=Bx+c. (4.174)

This is shown in the following way. Let the i row of the transformation matrix B be
denoted by bf{ such that

b{!
by! Ne x N,
B=| 7 | eCNexMx, (4.175)
by
and let a; and ¢; be the i*™® elements of a and ¢, respectively. We now assume that one

of the three cases in Result 4.1 holds for o instead of x such that the CWCU LMMSE
estimator for «; follows as

0_2

acni = By Joi] + ———% — CovCol(y — E . 4.176
CL, il CoyColCyn 0¥ vy (¥ — Eylyl) ( )
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From (4.174), the following relations can be derived

4.177
4.178

4.179
4.180

o = b{{x + ¢,
Eo,[os] = b{{EX[X] + ¢,
o2 = bl Cxxb;,
Cya; = Ey.ail(y = Ey[y)(ei — Eo;[cil)"];
= By |(y = Byly]) (bl (x = Ex[x])).
= Cyxb;.

4.181

(
(
(
(
(
(4.182

)
)
)
)
)
)

Inserting (4.178)—(4.182) into the CWCU LMMSE estimator in (4.176) produces

doni = b By[x] + ¢ + by’ Crxbi b/ CyyCyy (y — Eyly]) (4.183)
CL,; = 0O; Lx % bHnyCy}}nyb Xy Yy — .
b Cyxb;
= b Ex[x] + L Cyy Cy, E >+ 4.184
PP+ g ooy OOy - Bl ) +e (418

As it can be easily verified, the expression in the brackets in (4.184) does not correspond
to the CWCU LMMSE estimator for x. Hence, the CWCU LMMSE estimator in general
does not commute over affine transformations.

However, there exists at least one exception. Consider the case of diagonal transforma-
tion matrices

B =diag{[ti b ... by|}eCVN (4.185)

with non-zero diagonal elements. This requirement ensures invertability of B. By con-
straining the transformation matrix to be diagonal, the expressions in (4.177)-(4.182)
read as

o = bizi + ¢
Eq; i) = biEy, 2] + ¢
o2 = |b|*c?
Cya, = By.o,[(y — Eyly])(ai — Eq,[0i])7]
= By, [(y — Eyly])(bi(zi — Eg, [2:]))"]
= Cyy, bl

Now, inserting (4.187)—(4.191) into the CWCU LMMSE estimator in (4.176) and utiliz-
ing the fact that the diagonal elements are non-zero results in

‘bi 20’%
acLs = 0B, i) + ¢ + f b,C,yCl(y — E 4,192
cri = BELfo] ot o T hCL Yy~ Bl (19
0.2
=b;| By [2;] + —2——C, C E. + ¢ 4.193
o1+ g Gl — B ) v (o
= bijCL,i +¢c;. (4194)

101



4 Component-Wise Conditionally Unbiased LMMSE and WLMMSE Estimation

In conclusion, the CWCU LMMSE estimator commutes over affine transformations with
diagonal and invertible transformation matrices.

After these theoretical investigations of the CWCU LMMSE estimator, we demonstrate
some practical examples in the following. We begin with an extension of Example 4.1.

Example 4.2 (QPSK Data Estimation (Part 2))

For the exact same setup as in Example 4.1, the CWCU LMMSE estimator is com-
pared with the BLUE and the LMMSE estimator. Note that the linear model in (4.1)
holds and the elements of the parameter vector are statistically independent. Fig-
ure 4.2 shows the relative frequencies of the corresponding estimates in the complex
plane.

. CWCU LMMSE estimator . LMMSE estimator

ﬁ
®

00
e

1 2

-1

1 2 -2 -1

0 0
Refic} Refz,}

Figure 4.2: Visualization of the relative frequencies of the BLUE, the CWCU LMMSE estimator and
the LMMSE estimator. The black crosses mark the ideal QPSK constellation points.

The BLUE and the CWCU LMMSE estimator have their estimates centered around
the true constellation points since these estimators fulfill the CWCU constraints.
Note that the BMSE of the CWCU LMMSE estimator is clearly below the one of the
BLUE. The LMMSE estimator is conditionally biased towards the prior mean, which
is 0 for each element of the parameter vector. The CWCU constraints prevent this bias
introduced by the LMMSE estimator, while prior knowledge about the data can still
be incorporated. This prior knowledge effectively reduces the BMSE compared to the
BLUE. Hence, Figure 4.2 nicely demonstrates the effects of the CWCU constraints as
a trade-off between classical and Bayesian LMMSE estimation. Although the BMSEs
of the CWCU LMMSE estimator and the LMMSE estimator differ, it will turn out
in the next example that their corresponding log-likelihood ratio (LLR) values and
consequently the bit error ratio (BER) coincide [58].

Example 4.3 (Log-Likelihood Ratio Evaluation of a CWCU LMMSE QAM
Data Estimator)

In wireless communications, channel coding is applied that introduces redundancy in
order to improve the BER behaviour [62]. Consequently, a decoder at the receiver
side is required for decoding the bit stream. In soft decoding, the decoder requires
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the LLR of every bit based on the estimated data symbols [63]. In Example 4.2
we showed that these estimated data symbols strongly depend on whether using an
LMMSE estimator or a CWCU LMMSE estimator. However, it will turn out that
both estimators yield identical LLRs, resulting also in identical BER performance [58].

After estimating the data symbols as it was done exemplarily in Example 4.2, the
LLR values need to be evaluated as a measure of confidence in the decoded bit. For
a general estimator, the LLRs of any symbol constellation with equiprobable symbols
can be written as [64]

p(Z; ’S(q))

R Pr(b;“ = 1‘:2’1) geS(bgi=1)
Alblds) =1 ) , 4.195
(bikds) =log s 3 07 =18 s paas@) (4.195)
geS(bg;=0)

where #; is the i*" estimated symbol, by; is the k** bit of the i*" estimated symbol,
S(bgi = 1) and S(bg; = 0) are the sets of symbol indices corresponding to by; = 1
and by; = 0, respectively, and s(@ is the ¢*" symbol of such a set. Further, these
symbols usually have zero mean. In (4.195), p(i;]s?) denotes the conditional PDF
of the estimate Z; given that the actual transmitted symbol was s(?. Due to central
limit theorem arguments, p(£i|5(‘”) can be well approximated as Gaussian for long
enough data vectors. Its complex proper Gaussian approximation is determined by
the conditional mean and the conditional variance according to

1
mvar(2;]s(@)

|&i— El2:]s@]|*

1
e var(&; \5(q>)

p(#ils'?) = (4.196)

Together with (4.195), the LLRs of any linear estimator can be evaluated by inserting
the conditional mean and the conditional variance of the specific estimator. This is
now executed for the CWCU LMMSE estimator for which we obtain

1
mvar(Zcr,; |s(a))

Utilizing (4.165) and (4.166), we obtain

|2cL,i—Elicw,i| s |2

R S—
e var(iCL’i\S((Z)) . (4197)

p(icLils@) =

1 D) (bL—D) @) |
p(CECL "S(q)) = L e [D]zz,ivar(iL,i\S(Q)) |[D]m (xL’Z [D]; ;s )‘
! 7[DIF var(@,:|s@)
1 ey [P Bl s @)
= e I
7[DIF var(@,|s@)
= [D]; 2p(@,ils'?). (4.198)

This holds for any symbol s(@. The constant scaling factor [D]Z_ i2 does not depend
on the symbol 59 and it appears in the numerator and the denominator of (4.195).
Thus, it cancels out, and the LLRs of the CWCU LMMSE estimates and the LLRs
of the LMMSE estimates are equal for proper constellation diagrams. Therefore, also
the resulting BERs of the LMMSE and the CWCU LMMSE estimators are the same,
even though the BMSE of the LMMSE estimator is in general lower than that of the
CWCU LMMSE estimator.
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Another simulation example, taken again from the field of wireless communications, is
presented in the following.

Example 4.4 (Channel Impulse Response Estimation)

As an application to demonstrate the properties of the CWCU LMMSE estimator
we choose the well-known channel estimation problem for IEEE 802.11a/g/n wireless
local area network (WLAN) standards [65]. The standards are based on the orthog-
onal frequency division multiplexing (OFDM) technology. In practice the channel
frequency response estimation is of essential importance in this application. In ad-
dition, we will also discuss the channel impulse response (CIR) estimation in this
example. This will particularly demonstrate the nice properties of the investigated
CWCU LMMSE estimator.

a)

Xp(32,.63) | xp(0,...63) %p(0,..,63)

b)

¥p(0....63) ¥p(0....63)

Figure 4.3: Schematic visualization of parts of the time-domain transmit and receive vectors in OFDM
communications. a) Preamble including two long training symbols and a long guard
interval for channel estimation; b) received long training symbols.

Model

The regarded OFDM scheme uses an inverse fast Fourier transform (IFFT) of size
N = 64. In total, 52 subcarriers are occupied for data or pilot transmission, and the
remaining 12 subcarriers are unused (or loaded with zeros). The IEEE standard also
defines a preamble, cf. Figure 4.3a. We consider the two so-called long training sym-
bols since those are designed for channel estimation. Here x, € C% is a known pilot
vector, which is designed such that its frequency domain version x,, = F yx,, shows £1
at the 52 occupied subcarriers (at indices out of the set S; = {1, ..., 26, 38, ...63}), and
zeros at the unused subcarriers (at indices out of the set Sy = {0,27,...,37}). Here,
Fy is the DFT matrix of length N = 64, and () denotes a vector in the frequency
domain. Together with the 64 x 52 carrier selection matrix

01%26 01%26
12626 02626
B = 0l1x26 011%26 |’ (4.199)

026 x26 126 x26

the vector of used (non-zero) subcarrier pilot symbols can be written as X,, =
BTF NXp. BT basically deletes the elements of the frequency domain vector Xp that
correspond to the unused subcarriers. We furthermore introduce the diagonal matrix
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D, = diag{%,, }, which fulfills DII){DP = I because of X,,, € {—1,1}°2. This identity
will be required for deriving the estimators below.

The CIR is modeled as h ~ CN (0, Cpp), with
Chn = diag{cg, 07, ... 0%, 1}, (4.200)

and an exponentially decaying power delay profile according to

o2 = (1 - eXp(—TZ:ZS))eXp(—%) i=0,1,.., Ny — 1. (4.201)
Here, Ny, is the length of the CIR in time domain. Further, T and 7,,,s are the
sampling time and the channel delay spread, respectively. These two parameters are
chosen as Ty = 50 ns and 7,,,s = 100 ns in our setup. Note that the channel length Ny,
can be assumed to be considerably smaller than the FFT length N. In the following
we assume Ny, = 16.

Let y]gl) and yz(f) be the two received, channel distorted time domain preamble sym-

bols, cf. Figure 4.3b, j'r,(,z = BTFNyI(,i) fori=1,2, and y = %(",(,2 + 5’1(3&) Then y
can be modeled as

y =D,h, + (4.202)
—D,B'h+n (4.203)
=D,B'M;h+d (4.204)

———
H
— Hh + n. (4.205)

Here h, € C52 is the frequency response at the used subcarriers, h € C% is the
full-length frequency response including the unused frequency bins, and n is a zero
mean complex proper Gaussian noise vector with covariance matrix Cpz = (No2/2)1,
where o2 is the time domain noise variance. M; € C%*16 consists of the first Ny,
columns of Fy.

With (4.205) , the problem at hand has been expressed in a way such that the BLUE
[45], the LMMSE estimator and the CWCU LMMSE estimator can be applied. The
results are discussed in the following.

Performance Discussion

Figure 4.4 shows the BMSEs of the estimated CIR coefficients for the different es-
timators for the particular choice of 02 = 0.01. It is seen that the BLUE performs
miserable, while the CWCU LMMSE estimator and the LMMSE estimator show a
significantly better performance. The poor performance of the BLUE mainly origi-
nates from the fact that measurements are only available at the 52 frequency positions
with indices out of S7. We considered the knowledge of the impulse response duration
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4 Component-Wise Conditionally Unbiased LMMSE and WLMMSE Estimation

when deriving the BLUE, however, the lack of information at the subcarriers with
indices out of Sy does not allow to reconstruct the impulse response with low MSEs.
The CWCU LMMSE estimator and the LMMSE estimator use the additional prior
knowledge from (4.200). As a consequence the CWCU LMMSE estimator significantly
outperforms the BLUE. Furthermore, it is not far behind the LMMSE estimator, and

in contrast to the LMMSE estimator it additionally shows the beneficial property of
conditional unbiasedness.

W 0.4 I BLUE
0 CWCU LMMSE
= I L MMSE
8 0.2} =
(7]
(5]
g i i
g ol ‘ i
0 5 ) 10 15
Zoom in
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Figure 4.4: Bayesian MSEs of the estimated CIR coefficients.
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Carriers in the frequency domain

Figure 4.5: Bayesian MSE for the elements of HB, }~1L, and BCL, respectively.

In order to analyze the estimates in more detail, and in particular to explain the
poor performance of the BLUE, the corresponding frequency response estimators are

reviewed in the following. The LMMSE estimator hy, is simply obtained by com-
. T
puting the DFT of [h{ OT} (since it commutes over linear transformations). The

BLUE hg can be derived correspondingly since Result 3.1 can be applied. Differently,

the CWCU LMMSE estimator hcy, cannot be derived in this way since it does not
commute over general linear transformations. Also note that the vector of frequency
response coefficients h € C% (which corresponds to the DFT of the zero-padded im-

T
pulse response [hT OT] ) consists of complex proper Gaussian elements. Still, the

PDF of h cannot be written in the form of a multivariate complex proper Gaussian
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4.3 Widely Linear CWCU Estimation

PDF. However, although h is not a complex proper Gaussian vector, Efl‘il[fll|ilz]

(with h; being the i element of h and with 1’:11 being h without iLZ) is linear in h;
(for all ¢ = 0,1,--- , N —1),. Therewith, one can easily show that (4.94)-(4.97) can
be applied to determine the CWCU LMMSE estimator.

Figure 4.5 shows the Bayesian MSEs of le, flL, and ECL, respectively. le is out-
performed by hy, and hep, at all frequencies, but the performance loss is significant
at the large gap from subcarrier 27 to 37, where no training information is avail-
able. In contrast, hy, and hey, show excellent interpolation properties along this gap.
Large estimation errors of hp in this spectral region are spread over all time domain
samples, which explains the poor performance of hg. Note that in practice this is
only critical if hy is incorporated in the receiver processing. Anyhow, pure frequency
domain receivers only require estimates at the occupied 52 subcarrier positions.

4.3 Widely Linear CWCU Estimation

The intent of this section is to extend the theoretical framework of CWCU linear esti-
mation to CWCU widely linear estimators. These investigations will lead to the CWCU
WLMMSE estimator [61]. The CWCU WLMMSE estimator will be compared with
the BWLUE and the WLMMSE estimator. From the previous investigations it is clear
that for the LMMSE and WLMMSE estimators the particular form of the joint PDF
p(y,x) does not play a role. In fact, these estimators are unambiguously defined by
their first and second order statistics. As for linear CWCU estimators, this is not the
case for widely linear CWCU estimators. Thus, we investigate model assumptions that
allow finding a linear or widely linear CWCU estimator that is able to outperform the
BLUE or the BWLUE, respectively. In particular, we will derive the CWCU WLMMSE
estimator under the following prerequisites, namely

1. under the assumption of jointly generalized complex Gaussian x and vy,

2. under the linear model assumption with generalized complex Gaussian x and zero
mean noise with known second order statistics,

3. under the linear model assumption with mutually independent complex (and oth-
erwise arbitrarily distributed) parameters and zero mean noise with known second
order statistics,

4. under the assumption of real x, complex y, and jointly Gaussian x, Re{y}, and
Im{y},

5. under the linear model assumption with real Gaussian x and zero mean complex
noise with known second order statistics, and

6. under the linear model assumption with mutually independent real (and other-
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4 Component-Wise Conditionally Unbiased LMMSE and WLMMSE Estimation

wise arbitrarily distributed) parameters and zero mean complex noise with known
second order statistics.

We distinguish real and complex-valued parameters for reasons that will become clear
soon.

4.3.1 Complex Parameter Vectors

We begin with the assumption that complex y and complex x are generalized jointly
Gaussian. Let the widely linear estimator for z; to be of the form

i =fHy +gfly* +b;, fori=1,2,...n, (4.206)
which can also be written as

#=elly+b;, fori=1,2,...n (4.207)

when using
efl = [fH gZH}. (4.208)

)

The conditional mean of the estimator in (4.207) becomes
By [&i|zi] = el By, lyla] + bi (4.209)

Because of the generalized jointly Gaussian assumption on y and x, Ey,, [y|z;] is linear
inx; =[x af 1T, specifically

This leads to

By, [&i|2:] =e]' (Eyly] + Cy,,Cib, (X, — Ea,[x,])) + bi.

(4.211)
By setting (4.211) equal to x; = [1 0} x; we find that the CWCU constraint
Ey\xi [.@I‘SUZ] = T; is fulfilled if
ef'Cy, C2k, = |1 0] (4.212)
bi = B[z —elEyly). (4.213)

These are the two conditions the widely linear estimator in (4.207) has to fulfill in order
to become a CWCU estimator. For the derivation of the CWCU WLMMSE estimator
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we consider the BMSE cost function, which becomes

J(ei) =Ey x| — zi|*) (4.214)
=By x[lefy + b; — x| (4.215)
=By x[lef' (y — Eyly]) — (xi — Ep,[z:]) ) (4.216)
=Byllef!(y - Byly)) — [1 0](xi — Exfx])P? (4.217)
=ellC e, —ellC —
i yy©i i Zyei |
1 0|C,yei+ |1 0]C,y, (1)] . (4.218)

o2
This result can be simplified by using (4.212), leading to the final optimization problem
ecwr,; = arg min (e{lgyyei — ai) s.t. e{fgymig;jmi = [1 0}, (4.219)
e

where the subscript CWL indicates the CWCU WLMMSE estimator, which will now be
solved using the Lagrange multiplier method. The Lagrangian cost function is given by

L(e;) = eflgyyei — 09261, + (eﬁgm - [1 0} C ))\

—ZiTq

+ (eiTQ;*,zi - [1 0} Q;xi)x“. (4.220)
Setting the Wirtinger derivative of (4.220) w.r.t. e; equal to zero allows

OL(e;) H H !
Tei =e; ny + A Qxiy =0 (4.221)

egWL,i = —Angin;;_ (4.222)

Inserting this result into the constraint in (4.219) yields

-AC, ,CyCy. = [1 0} C,., (4.223)

AT = [10|Cys,(C.y Cyy Gy (4.224)

— Ty =YY —YZi

Finally, combining (4.222) and (4.224) produces

_ ~1 _
egWLﬂ' = [1 0:|sz551 (gxlygyylgyzL) gxlygy; (4'225)
We now denote
D, =C,, (C,,C;iCy,) " €C? (4.226)
such that (4.225) reads as
elwri= |1 0|DiC,,Cyy. (4.227)
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The full expression for Zcwr,; can be found by combining (4.207), (4.213) and (4.227),
which yields

Tewr,i = Eg, [z:] + egWL,i (Z — Ey [X])~ (4.228)
Using
egWL,l
elwr Ny x 2N
Ecwr = . e C™ Y (4.229)
elctlle,Nx

immediately leads to the vector notation of the CWCU WLMMSE estimator

xewr = Ex[x] + Ecwr (y — Eyly])- (4.230)

Note the similarities between the CWCU WLMMSE estimator in (4.230) and the
WLMMSE estimator in (4.52). According to (4.227), the CWCU WLMMSE estimator
matrix Ecwr, can be derived from the augmented WLMMSE estimator matrix Eyyy, =

Qxy Q;,; according to

Ecwr = [Dl D2]EWL7 (4.231)

where the elements of the two diagonal matrices D and Dy are given by
[D1]ii = [Dsly 15 (4.232)
[Da]ii = [Dl; 5 (4.233)

In the following, we denote D = [Dl D5 | such that (4.231) reads as

[ I

Ecwi = DEyy. (4.234)

Having derived the CWCU WLMMSE estimator, we now discuss its performance mea-
sures. We begin with the mean of the error

Ey x[XcwL — x| = By x[Ex[x] + EcwL(y — Eyly]) — x| (4.235)
= — Ex[x — Ex[x]] + EcwLEy [y — Eyly]] (4.236)
= 0. (4.237)
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With that, the error covariance matrix Cee cwi, follows as

Cee,cwL, = By x[ee] (4.238)
[ x] + Eow, (y — Fyly]) = %) (Bx] + Bown(y — Byly)) —x)"
(4.239)
= [ x]) + Eowr (y — Ey[y]))
X (—(x — Ex[x]) + Ecwr(y — Ey[y]))H] (4.240)
= Cxx — EcwLCyx — CuyBlyr, + EcwrCy, By, (4.241)

INx X Nx

= Cxx - ECWLny ONX X Ny

] _ [INxxNx ONXXNX]QxyEIC_}IWL

+EcwLCy, Efwr. (4.242)
By defining the augmented matrix M as

1
M = C,,C,/C,,. (4.243)

(4.242) simplifies to

]:Nx><Nx

Cee7CWL = Cxx — ]SM[ ] — [INXXNx ONxXNx MﬁH 4 ]SM]SH (4244)

ONxXNx

The BMSE values of the i*" estimate Zcwr,i corresponds to the ith diagonal element of
the error covariance matrix Cee cwrL-
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The findings of this section so far lead to case 1 of

Result 4.2 (CWCU WLMMSE Estimator for Complex-Valued Parameter
Vectors)

If x € C™ is a complex-valued parameter vector and

1. x and y € C™ are generalized jointly Gaussian, or

2. x and y € C™ are connected via the linear model in (4.1) and x is generalized
complex Gaussian with mean vector Fx[x] and augmented covariance matrix
C, (the PDF of n is otherwise arbitrary), or

3. x and y € C™ are connected via the linear model in (4.1) and x has mean Fx[x]

and mutually independent elements such that Cxx = diag{o2,,02,, -+ 02, }
and Cyx = diag{c2 ,02 - 75:%Nx} (the joint PDF of x and n is otherwise
arbitrary),

then the CWCU WLMMSE estimator minimizing the BMSEs Ey, x[|#; — #;]?] under
the constraints Ey,, [#]z;] = z; for i = 1,2, , Nx is given by (4.230), where the
estimator matrix Ecwr, is defined in (4.231)-(4.233) and (4.226). The mean of the
error e = XcwL — X (in the Bayesian sense) is zero, and the error covariance matrix
Cee,cwrL, which is also the minimum BMSE matrix Mg, , is provided in (4.244)
with M defined in (4.243). The minimum BMSEs are Bmse(Zcwr,i) = Mgy )iji-
If none of the three cases is fulfilled, then in the linear model setup a widely linear
CWCU estimator is available in form of the BWLUE, which not necessarily has to
correspond to the CWCU WLMMSE estimator.

Case 2 and 3 in Result 4.2 (derived in Appendix S) originate from similar considerations
as for case 2 and 3 in Result 4.1. Again, a significant relaxation of the jointly Gaussian
assumption for x and y can be achieved by incorporating the linear model assumption
already earlier in the derivation of the estimator. Note that in a linear model setup the
required statistics become

C,,=C,.H" (4.245)
Cy.,, =HC,,, (4.246)
c,,=HC H"+C,, (4.247)
C,y =C, H". (4.248)

Having derived the CWCU WLMMSE estimator, some further details are investigated.
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4.3.2 Discussion of the CWCU WLMMSE Estimator for Complex-Valued
Parameters

Commonalities between the Three Cases in Result 4.2

For all three cases in Result 4.2 it holds that

[ylzi] = Eyly] + Cy,, Co (x; — B [x,])- (4.249)

EY|17~L

This is obvious for the first case where y and x are jointly Gaussian. The proof for the
other two cases is provided in Appendix T.

Similarly, it holds for all three cases that the augmented conditional covariance matrix
nylccz' is given by

—1

The proof is presented in Appendix U.

Conditional Properties

In the following, the BWLUE, the WLMMSE estimator and the CWCU WLMMSE
estimator are analyzed in terms of their conditional mean Ey,, [#;]|z;], conditional bias
b(Z;|x;), conditional variance var(Z;|x;) and conditional MSE mse(Z;|z;).

We begin with the BWLUE, which will be analyzed from a Bayesian perspective. This is
valid since one can show that the BWLUE can also be derived by minimizing the BMSE
cost function subject to an unbiased constraint in a similar manner as it was done for
the BLUE in Appendix J. Consider the BWLUE for x; in (3.62) for which we obtain
the conditional properties

Eyjz [ZBW il 7i] = (4.251)
b(Zpw,i|Ti) = (4.252)
var(Zpw ;|zi) = (HHC SH) lui, (4.253)
mse(Zpw i) = var(Epw.ilz:) = u (HY ColH) . (4.254)

The derivation of (4.251)—(4.254) can be found in Appendix V. Note that
var(Zpw ;|z;) = var(Zew ;) and mse(Zpw ;|z;) = mse(Zpw ;) hold for the BWLUE.

For the derivation of the corresponding properties for the WLMMSE estimator we as-
sume that at least one of the three cases mentioned in Result 4.2 holds. Then, the
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following conditional properties are obtained

Eyp,liwvalei] = {1 0] (Dy'x; + (I — Dy 1) By, [x,]), (4.255)

b@wrale:) = [1 0 (Dy! —12%%) (x; — By, [x,)). (4.256)
] 1

var(fwrilz;) = |1 0 Dz‘_l(IQXZ - Di_l)g:rizi 0]’ (4.257)
] 1
mse(dwr|z:) = |1 0|D; ' (I**? - D; ")C, .. o]

* ‘ [1 0} (D" = T2%) (x; — B, [&])’2 (4.258)

For the derivations we refer to Appendix W.

The conditional properties in (4.251)—(4.254) for the BWLUE and in (4.255)—(4.258)
for the WLMMSE estimator are now compared with those for the CWCU WLMMSE
estimator, which according to Appendix X are given by

By o, [EowrilT] = @5, (4.259)
b(Zeww,ilzi) =0, (4.260)

1
var(Zewr,i| i 1 0] D,C,.., [0] — o2, (4.261)

)= | C
mse(owrilas) = [1 O]Q,-gmi [0 e (4.262)

This comparison leads to following statements, which are very similar to the correspond-
ing statements for the linear estimators in Section 4.2.3: The conditional mean and the
conditional bias of the CWCU WLMMSE estimator correspond to those of the BWLUE.
The WLMMSE estimator is conditionally biased as it can be seen in (4.256). For the
special case of a zero mean parameter E,,[z;] = 0, the augmented conditional means of

i

the WLMMSE and CWCU WLMMSE estimators read as
By, [Xwr ] = Dy 'x; (4.263)
and
Eyje, Rewrilzi] = %, (4.264)
respectively. This directly leads to
Eyja, [Xowr %] = D, By, [Xwr, | 7] (4.265)
Note that for this special case
Xewr,i = DiXwr, (4.266)

holds.
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From (4.257) the augmented conditional covariance matrix of Zwr,; conditioned on z;
directly follows as

Ciafwwr, = D (1P =D C, (4.267)

The corresponding expression for the CWCU WLMMSE estimator follows from (X.10)
in Appendix X to be

Combining (4.267) and (4.268) allows to identify the relation
Ciotilwsowr, = D7Ch sy Wi (4.269)
Another notation of (4.269) that turns out to be useful later is
Ciies.owt, = DiCh so0, wiDi (4.270)

which can be proven the following way

My =1

= gﬂczxleH - Dz_lgmezH (4.272)
:gxix-(c C,yC )_IC

I\ LY =YY —Y T —TiTq

D,C; ;1. wiDif’ = D,D;H(I*** - D; 1) C, , DI (4.271)

-1 -1 —1 —1
- gfiygyygyzigﬂcﬂigwﬂi (gwiygyygyxi) Q-Tz-rz (4'273)
=D,C,.., — Coi, (4.274)
= Cj 4la;, CWL- (4.275)

As for the linear case, mse(Zwr, ;|2;) clearly depends on the actual realization of x;, while
mse(Zcewr,i|zi) does not. However, by averaging the conditional MSE over the PDF of
x;, the BMSE for the WLMMSE estimator follows as

Bmse(zwr, ;) = Eg, [mse(Twri|z;)] (4.276)
- [1 o}ggl(lm -D;"C,,,, (1)]
- [1 o} (D;! - 1?%)C, . (D - 1) H (4.277)

= [1 0} (Dz_lgzlzl _ (2;1)22%361 +Di_lgxixi (2:1)H

(4.278)

_ _\H 1
- D@ 1Q$i27i B ng&?z (Dz 1) +Q$z$z) [0

B [1 0} (wafgzizi(ﬂf 1)H) H (4.279)

= Gﬂ2€i - [1 0} gl"zyg;;gyxz

1
0] . (4.280)
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Interestingly, the terms —(D; 1)22%':% and D 1gxm (D; l)H in (4.278) cancel each
other since

_ _1\H _ _ _ _ H
Di 12967;%' (DZ 1) = gﬁﬂz}’g}’;gynglengrﬂz (gszQY;nyBzg%lﬂﬂz) (4'281)
- Qxiyg;;gyxiggiiriQxiyg;;gyxi (4.282)
= (D;")’°Cy.- (4.284)
For the CWCU WLMMSE estimator we trivially obtain
. . 1 2
Bmse(Zcowr,i) = mse(Zowri|zi) = [1 O} D,C,... ol ~ Oy, (4.285)

For the BWLUE we directly obtain mse(Zwg ;|zi) = var(Zwg ;|z;) = Bmse(Zwg,;).

Relation to the BWLUE, WLMMSE Estimator and CWCU LMMSE
Estimator

Similar to their linear equivalents, the CWCU WLMMSE estimator turns out to be
closely related to the WLMMSE estimator. According to (4.234), the CWCU WLMMSE
estimator matrix Ecwr, can be derived by multiplying Ev, with a matrix containing two
diagonal blocks. This can be interpreted as the widely linear extension of the connection
between the CWCU LMMSE estimator and the LMMSE estimator. For the special case
of zero mean parameters (Ex[x] = 0), the CWCU WLMMSE estimates are widely linear
transformed WLMMSE estimates as

%cwr, = Ecwry = DEywy = DXy (4.286)

Note that the WLMMSE estimator corresponds to the LMMSE estimator when x and n
are both proper. If this is the case, C, . and Qwin;; C, ., are both diagonal matrices
of size 2 x 2. As a consequence, D; in (4.226) is also a diagonal matrix and the CWCU

WLMMSE estimator corresponds to the CWCU LMMSE estimator.

The relation between the CWCU WLMMSE estimator and the BWLUE is similar to
the relation between the CWCU LMMSE estimator and the BLUE discussed in Sec-
tion 4.2.3. Hence, the CWCU WLMMSE coincides with the BWLUE when there is only
one parameter to be estimated, i.e., Ny = 1. Another case is when Cyx, Cxx, Cnn, Cun
and H are all diagonal matrices. The proof is provided in Appendix Y. And as already
said in Result 4.2, if non of the 3 mentioned cases is fulfilled, then in the linear model
setup a widely linear CWCU estimator is available in form of the BWLUE, which not
necessarily has to correspond to the CWCU WLMMSE estimator.
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Transformation Analysis

The CWCU WLMMSE estimator will in general not commute over affine transformations
of the form

a=Bx+c (4.287)

as shown in the following. Let the i*® row of the transformation matrix B be denoted
by b such that

by’

bé{ Na X N,
B=| | eCNaxNx, (4.288)

H
bNa

and let o; and ¢; be the i*" elements of o and c, respectively, such that o; = bfl X + ¢;.
The augmented versions of «; shall be given as

a; =Bx+c¢;, (4.289)
where
bH OIXNx]
B. = t ) (4.290)
1 [01 X Ny b’zT

We now assume that one of the three cases in Result 4.2 holds for a instead of x, such
that the CWCU WLMMSE estimator for «a; follows as

Gowi = Fafod] + [1 0]Coa, (CayCyiCra) ' Cany Cot(y — Byly)).  (4:201)

From (4.289), we can readily derive that

Eo,la;] = BiEx[x] + ¢;, (4.292)
Boiloi] = [1 0] BiBxlx] + e, (4.203)
C,.., = B,C, B, (4.294)
Cya, = Bya | (v~ Byly)) (@i — Bala))"]: (4.295)
= Byx| (v — Byly)) (Bi(x — Ex[x]))"], (4:296)

= C,,B/. (4.297)

Inserting (4.293)—(4.297) into the CWCU WLMMSE estimator in (4.291) directly leads
to the insight that the CWCU WLMMSE estimator in general does not commute over
affine transformations.

An exception can be found for diagonal transformation matrices such as

B-— diag{ [b1 by ... bNx]} € CNxx N (4.208)
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with non-zero diagonal elements. The latter requirement corresponds to B being in-
vertible. By constraining the transformation matrix to be diagonal and utilizing the
notation

B, = diag{ [bz- bﬂ} € C2x2, (4.299)

the expressions in (4.293)—(4.297) read as

a; = bjx; + ¢, (4.300)
a;=Bx; +c, (4.301)
Eai [Oéz] = b'Ezi [ZL‘l] + ¢4, (4.302)
Coo, =B,C,.B;, (4.303)
ani = By, [(z — Eyly])(a; — Ea,la))"” } : (4.304)
~ H
= Ly, {(y — Eyly]) (Bi (x; — B, [zi])) ] , (4.305)
=C,,B B, . (4.306)

Now, inserting (4.302)-(4.306) into the CWCU WLMMSE estimator in (4.291) and
utilizing the fact that b; is non-zero results in

dowri = biEy,[zi] + ¢

+[1 O}Bigxixigi (BiC,yCyic B) B,C, ,Cyl(y — Byly)

Ty 2yy 2y ~ay=yy
(4.307)
=[1 o|BiB.x]+e
+[10]BiC,.. (C.yCiyCy) T Cay Cr (v — Byly) (4.308)
= |1 0|Bikew, + e (4.300)
= b;ZowL, + ¢ (4.310)

One can conclude that the CWCU WLMMSE estimator commutes over affine transfor-
mations with diagonal and invertible transformation matrices.

Example 4.5 (Log-Likelihood Ratio Evaluation of the CWCU WLMMSE
Estimator)

In Example 4.3, we showed that the LLR evaluated from the estimates of the
CWCU LMMSE and LMMSE estimators coincide. This was done by assuming the
constellation diagram to be proper (as it is the case for QPSK symbols). We now turn
to improper constellation diagrams such as quadrature amplitude modulation (QAM)
with 8 symbols (8-QAM). In such scenarios it is advantageous to use widely linear
estimators, which can incorporate information about the improperness of the data.
Interestingly, it will turn out that also the LLRs evaluated from the estimates of the
CWCU WLMMSE and WLMMSE estimators coincide [58].
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Recall the definition of the LLR in (4.195), where p(Z;|s(?) denotes the conditional
PDF of the estimate #; given that the actual symbol was s(2. Due to central limit
theorem arguments, p(aﬁi\s(q)) can be well approximated as Gaussian for long enough
data vectors. Its general complex Gaussian approximation is determined by the aug-
mented conditional mean and the augmented conditional covariance matrix according
to

1 —1(%;—Elx,|s0) et

oot (BB 5 @))
\/ﬂzdet(goﬁm 1s@)

p(&:|s'?) = (4.311)

In analogy to the linear case in (4.198) it will now be shown that p(Zwri|s(?)) of
the WLMMSE estimator and p(ﬁUCWL,As(q)) of the CWCU WLMMSE estimator only
differ by a constant factor. By utilizing (4.286) and (4.270) the exponent of (4.311)
for the CWCU WLMMSE estimator can be rearranged to

1/, . H ) )
2 (XCWLJ N EBCWL’”S((])]) Qﬁcilﬁﬁs(q),ch <XCWL,i - E[XCWLJ»IS(Q)]) (4.312)
1/. R H 1
=75 <§WL,Z' - E[KWL,i\S(q)D D{ (Digf;iji\smw\;LDlH)
x D; (ﬁwm - E[XWL,i\S(q)D (4.313)
1/ . A H ) )
= _5 ( XWL,Z' - E[XWL,i‘S(q)]> Qi‘iliti\s(‘1)7WL (KWLJ' - E[XWLJ"S(q)]) . (4314)

This result shows that the exponent of (4.311) is identical for the CWCU WLMMSE
estimator and the WLMMSE estimator for a given y. The prefactor of (4.311) for
the CWCU WLMMSE estimator becomes

1 1
_ (4.315)
2
\/71' det(gjiji‘s(‘z)7CWL) \/ﬂ2det (Diggﬁiws(q),WLQzH)
1
_ (4.316)
\/WQdet(gjijAS(rI)’WL)’det<Di)|2
det(D;
[det (D; 1) | (4.317)

\/W2det (Ciiai)s@) WL

Like in the linear case in (4.198), the prefactors of the CWCU WLMMSE estimator
and the WLMMSE estimator only differ by a constant real factor. This factor does
not depend on the symbol s(@ and it appears in the numerator and the denominator
of (4.195), thus cancelling out in the determination of the LLRs. This leads to the
insight that the LLRs evaluated from the CWCU WLMMSE estimates in Result 4.2
and the WLMMSE estimates in (4.52) according to (4.195) and (4.311) are identical.
As a consequence of this, the corresponding BER performance of the WLMMSE and
the CWCU WLMMSE estimator coincide.
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The insights of this example are beneficially applied in the following example.

Example 4.6 (Estimation of 8-QAM Symbols in a Unique Word OFDM
Framework)

An example where employing the CWCU WLMMSE estimator allows reducing the
computational complexity of a follow-up processing step is presented in this section.
In digital communications, data symbols have to be estimated based on the received
signal. In this data estimation / channel equalization example we choose 8-QAM
data symbols from the alphabet S = {-3+j, -1+ 4,1+ 5,3+ j}, which results in
improper symbols since the variance of the real part is larger than that of the imag-
inary part. The following investigations and simulations are carried out within the
framework of unique-word orthogonal frequency division multiplexing (UW-OFDM)
described in [45,66]. Like classical OFDM, UW-OFDM is a block based transmission
scheme where at the receive side a data vector d is estimated based on a received
block ¥ of frequency domain samples, which are disturbed by a dispersive channel
and additive noise. We choose UW-OFDM since the estimator matrices are in gen-
eral full matrices instead of diagonal matrices as in classical OFDM, such that the
problem can be considered a more demanding and general one compared to the data
estimation problem in classical OFDM systems. Hence, this framework is well suited
for studying general effects of CWCU estimators.

The system model for the transmission of one data block is given by
y=HGd+7, (4.318)

where H is the diagonal channel matrix with the frequency response coefficients of
the channel on its main diagonal. G is a so-called generator matrix (for details cf.
[45,66]), d is a vector of improper 8-Q AM symbols, and V is a frequency domain noise
vector.

A block diagram of the simulation setup is shown in Figure 4.6. The first block is
implemented as a convolutional encoder with the industry standard rate 1/2, and
constraint length 7 code with generator polynomials (133, 171) as defined in [65].
The interleaver re-sorts the bits appropriately, which are then mapped onto improper
8-QAM symbols. These symbols are arranged in blocks, each block is converted
into an UW-OFDM time domain symbol, and a burst of UW-OFDM symbols is
transmitted over the channel. The channel is assumed to be quasi-static, meaning
that it stays constant during the transmission of one burst. Furthermore, we assumed
perfect channel knowledge at the receiver in these simulations. The widely linear
estimators are then applied on each individual received frequency-domain vector y in
order to equalize the channel and estimate the data symbols. The 8-QAM demapper
determines the LLRs of the corresponding bits and feeds them into the deinterleaver.
Finally, a soft decision Viterbi algorithm is applied for decoding.
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Figure 4.6: Block diagram of the investigated UW-OFDM communication system [58].
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Figure 4.7: Relative frequencies of the CWCU WLMMSE estimates in (a), and the WLMMSE esti-
mates in (b). The black crosses mark the original 8-QAM constellation points [58].

In our simulation setup the dimensions of the vectors and matrices are as follows:
d € C3x1 G e C52%36 H e C%2%%2 § ¢ C%%!. The particular generator matrix
G’ introduced and described in [45,66] has been used. Due to central limit theorem
arguments (note that the data vector length is 36 in our example), p(Z;|s(?) can
be well approximated as Gaussian distribution in both cases. If the estimates are
improper, the generalized complex Gaussian density function [3,23-25]

1 — (%, E[x,|s@ Ho-1 %, E[x,|s(@
p(afs) = o RIS )
\/WQdet(gjij”S(q))
has to be used. Otherwise the simpler complex proper Gaussian density
1 — b |#— Elails@]]®
p(#]s@) = —5——e @l (4.320)
TO5.1s@

can be employed, where U§-|s(4) denotes the conditional variance of the estimate Z;

given the transmitted symbol s(9. Note that in contrast to (4.319), (4.320) does
not require the augmented form. Consequently, no evaluations of determinants and
also no matrix inversions are required. It has been shown in [58] that for the esti-
mated 8-QAM symbols transmitted over an AWGN channel (i.e. H = I), p(i;|s(9)
is proper for the CWCU WLMMSE estimator and improper for the WLMMSE esti-
mator. This result is also suggested by Figure 4.7, which is taken from [58]. For the
CWCU WLMMSE estimator the estimates are centered around the true constellation
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points since it fulfills the CWCU constraints. Furthermore, the estimates conditioned
on a specific transmit symbol s(9 are properly distributed. In contrast to the CWCU
WLMMSE estimates, the WLMMSE estimates conditioned on a specific transmit
symbol are neither centered around the true constellation points nor properly dis-
tributed, cf. Figure 4.7b. As a consequence, the CWCU WLMMSE estimator allows
utilizing (4.320), while the WLMMSE estimator requires (4.319) to derive the LLRs
for further processing. Furthermore, it has been shown in Example 4.5 that the LLRs
and consequently the BERs of the CWCU WLMMSE estimator and the WLMMSE
estimator coincide [58]. Hence, one can conclude that applying the CWCU WLMMSE
estimator in this system setup has the advantage of a reduced complexity of the LLR
determination compared to the WLMMSE estimator without any loss in the BER.
We notice, that (e.g. in WLAN scenarios) the data estimator only has to be derived
once per burst, such that the slightly increased complexity of deriving the CWCU
WLMMSE estimator matrix is negligible. On the other hand, the LLRs have to be
calculated for every single data bit.

As further difficulty we now consider multipath channels instead of the AWGN channel
used so far. The channel impulse responses (CIRs) are modeled as tapped delay
lines, each tap with uniformly distributed phase and Rayleigh distributed magnitude.
Further, we assume the power to decay exponentially as defined in [67]. The model
allows the choice of the channel delay spread, for a more detailed description the
reader may refer to [67]. In total 10 000 CIR realizations featuring a channel delay
spread of Trs = 100ns have been generated and stored, and the BER simulation
results are obtained by averaging over these 10 000 realizations.

The data estimation is performed with the WLMMSE estimator, the CWCU
WLMMSE estimator, as well as the BWLUE (note that the BLUE would have the
same BER performance as the BWLUE since these estimators cannot utilize the
improperness of the data). It turns out that the CWCU WLMMSE estimates, con-
ditioned on a given transmit symbol s(9, are practically proper again for all channel
realizations. The off-diagonal elements of C; #i|s(@) are smaller than the main diagonal
elements by at least a factor of 1073 in all cases. We therefore again apply (4.320)
for the LLR calculation in case the CWCU WLMMSE estimator is used. The effects
on the BER performance in dependence of the mean energy per bit to noise power
spectral density ratio Ej,/Ny is visualized in Figure 4.8. This figure shows that the
loss in performance of the CWCU WLMMSE estimator using the simplified PDF in
(4.320) for LLR calculation is definitely insignificant. Note that in practice usually
approximation formulas are used to derive LLRs. In our application this means that
(4.320) instead of (4.319) can be used as a starting point to derive LLR approxima-
tions [68-70].
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Figure 4.8: Bit error ratio of different widely linear estimators for the described digital communication
system setup in a multipath scenario. For the WLMMSE estimator, (4.319) was used for
the LLR determination, while for the CWCU WLMMSE estimator the simpler expression
in (4.320) was applied.

4.3.3 Real Parameter Vectors

In this subsection we assume x to be a real-valued vector, while y shall still be complex-
valued. In that case y and x are no longer generalized jointly Gaussian since the joint
augmented covariance matrix is no longer invertible. Also C, . is not invertible since

2 2
C,. = [“gi Uﬂ;] . (4.321)
Oz, T;

Note that this was required in the derivation for all three cases of Result 4.2. Anyhow,
we now assume the real composite vector

Vi = IYR € RNy, (4.322)

Y1

and the real vector x to be jointly Gaussian. Hence, the conditional mean vector
Ey. e, [yr|7i] is given by
1
Eyole; [Yr|Zi] = Eyy [yr] + Cywig(mi — B, [x:]). (4.323)

T

By multiplying (4.323) with the real-to-complex transformation matrix Ty, in (2.3)
from the left we obtain an expression for By, [y|z:] as

Eyz,lylzi] = Eyly] + Cy., H U%(xi — Eq,[z:]). (4.324)
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With (4.324) the conditional mean of the estimator in (4.207) becomes

Byjo, [#ilx:] = Eyjg,lef'y + bilxi] (4.325)
= ef By, lylai] + bi (4.326)

1] 1
=eff (Ey [y] + Cy., H o (@i — B, [m])) + b;. (4.327)

By setting (4.327) equal to x; we learn that the CWCU constraint Ey,, [#]z;] = z; is
fulfilled if

1] 1
ol _
€ Cy,, o] 2 1 (4.328)
and
Ey,[xi] — e[ Eyly] = bi. (4.329)

In order to simplify the BMSE cost function, (4.328) and (4.329) can be used such that

J(e;) = By x[|#; — zi’] (4.330)
= Eyxlle'y + b — a;[’] (4.331)
= Eyx[lef'(y — Eyly]) — (zi — Ex,[2:])]?] (4.332)
= Byxllef’(y — Byly]) - [1 0](x; — Ewx))P (4.333)
= el'Cyyei —el'Cy, | ~ |1 o]Coyei+ 1 0|C,,, . (4.334)
S
o2
=e/'C, e — 02 . (4.335)
Hence, we end up with the optimization problem
;= in (ef’C, e; — o2 . oeley, | =1 4.336
€CWL,i = argnélin (ei Lyy€i — O-.Ii) St € Ly, 0 073:, = 1. ( . )
The optimization is started with the Lagrangian cost function, which is
L(e;) = ef'Cye; — o2 +A<% [1 o]c >+>\ <% [1 o]cgcy el 1).
(4.337)
The partial derivative of (4.337) w.r.t. e; yields
0L(e;
i) _otig,, 1AL [1 0C.y (4.338)
861' Iz
By setting (4.338) equal to zero, egWL’i can be derived as
1
H 1
=2 |1 0|C., Gy 4.339
eCWL,z o2 10 T,y =2yy ( )

T
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This result reinserted into the constraint in (4.336) leads to an expression for A according
to

A= — (4.340)

nE

1 0]C.y GGy |,

Finally, reinserting (4.340) into (4.339) leads to the solution of the optimization problem
in the form of

2

o
efwr; = 2 1 1 0/C.yCoy (4.341)
[1 O}szyg;;gy% 0]
o2 1
=% C,,Cl 4.342
Cmizg;;czxi iY=yy ( )

The full expression for Zcwr,; can be found by combining (4.74), (4.329) and (4.342),
which yields
FowLi = Eu, ] + efwr, (y — Eyly])- (4.343)

Using

H
€cwL,1

H
e
Eowrp = | 07| e cNex2Ny (4.344)

H
€CWL, Ny

immediately leads us to the vector notation of the CWCU WLMMSE estimator
XcwL = Ex[x] + EcwL(y — Ey[y])- (4.345)

According to (4.341), the CWCU WLMMSE estimator matrix Ecwr, can be derived

from the augmented WLMMSE estimator matrix E, = Qny;; by

Eows = D 0% By, (4.346)

where the elements of the diagonal matrix D are given by

o2

[D];;; = = : (4.347)
[1 o} c, .Cilc 1]
0

—Ti Yy =YY —YZT:;
Ecwr, = DEy. (4.348)

Denoting D = [D ONXXNX], (4.348) reads as
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We now derive some performance measures for the CWCU WLMMSE estimator. Start-
ing with the mean of the error we have

By x[Xcwr — x] = By x[Ex[x] + EcwL(y — Eyly]) — x| (4.349)
= — BEx[x — Ex[x]] + EcwLEy [y — Ey[y]] (4.350)
=0. (4.351)

With that, the error covariance matrix Cee cwi, follows as

Cee CWL — [ H (4352)
[ By~ i) ) (B + By~ Bls) )"
(4.353)
= [ x]) + Ecwi(y — Eyly]))
X (—(x = Ex[x]) + EcwL(y — Eyly ]))H] (4.354)
= Cxx — Ecwr.Cyx — Cxy Bl + Ecwr.Cyy Efy (4.355)
nxXn

= Cyxx — EcwrLCyy O"X"] _ [INxxNx ONxXNx:|nyECWL

+EcwLCyy Edw1. (4.356)

By utilizing M as defined in (4.243), (4.356) simplifies to

INx><Nx

Cee,CWL = Cxx - ﬁM[ ] - |:In><n Onxn] M]SH + ﬁM]:N)H (4357)

ONxXNx

The BMSE values of the i*" estimate Zowr,; corresponds to the ith diagonal element of
the error covariance matrix Cee,cwr.-
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The findings of this section so far are summarized in case 1 of

Result 4.3 (CWCU WLMMSE Estimator for Real-Valued Parameter Vec-
tors)

Let y € CMv. If x € R is a real-valued parameter vector and

1. x and yg € R*™ are jointly Gaussian, or

2. x and y are connected via the linear model in (2.6) and x is Gaussian with
PDF N (FEx[x], Cxx) (the PDF of n is otherwise arbitrary), or

3. x and y are connected via the linear model in (2.6) and x has mean
Ex[x], mutually independent elements and covariance matrix Cxx =
diag{c2 ,02,,- ,O’%Nx} (the joint PDF of x and n is otherwise arbitrary),

then the CWCU WLMMSE estimator minimizing the BMSEs Ey, x[|#; — 7;]?] under

the constraints By, [#i|z;] = z; for i = 1,2, , Nx is given by (4.345), where the
estimator matrix Ecwr, is defined in (4.346) and (4.347). The mean of the error

e = Xcwr — X (in the Bayesian sense) is zero, and the error covariance matrix

Cee,cwL, Which is also the minimum BMSE matrix Mg, , is provided in (4.357)

with M defined in (4.243). The minimum BMSEs are Bmse(Zcwr,i) = Mgy )iji-

If none of the three cases is fulfilled, then in the linear model setup a widely linear

CWCU estimator is available in form of the BWLUE for real-valued parameter vec-

tors in Result 3.6, which not necessarily has to correspond to the CWCU WLMMSE

estimator.

Case 2 and 3 in Result 4.3 origin from similar considerations as for case 2 and 3 in
Result 4.1 and Result 4.2. The derivation of these cases can be found in Appendix Z.

4.3.4 Discussion of the CWCU WLMMSE Estimator for Real-Valued
Parameters

Commonalities between the Three Cases in Result 4.3

For all three cases in Result 4.3 it holds that
1
Eysle:lyr|ei] = Eygyr] + Cyga, —5 (21 — Ea,[xi]). (4.358)

T

The validity of this equation for the first case is clear and has already been utilized in
(4.323). The proof for the other two cases is provided in Appendix AA. Multiplying
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(4.358) with the real-to-complex transformation matrix Ty, defined in (2.3) from the

left produces
1
Ey|a:i [X‘xz] = Ey [Z] + sziaT(xi — By, [i]), (4.359)

T

which also holds for all three cases.

Similarly, it holds for all three cases that the conditional covariance matrix C
given by

yryR|z; 18

1
YRYR|Z: — Cyays — CYR%UTC%YR' (4-360)
;
The proof is presented in Appendix AB. Multiplying (4.360) with T, from the left and
with T%y from the right results in

C

1
o2

T

g C - Cxxi

vyle: = Cyy Coy- (4.361)

Conditional Properties

The conditional properties of the ordinary BWLUE do not change compared to (4.251)—
(4.254) since this classical estimator does not incorporate any statistics of the parameter
vector. However, since the parameters are real-valued, it is beneficial to consider the
BWLUE for real-valued parameter vectors from Result 3.6 instead. The derivation of
its conditional properties is a straightforward extension of Appendix V when replacing
H with H defined in (3.300). It leads to

Ey\e [ZBW il 7i] = 24, (4.362)
b(apw.ila) = 0, (4.363)
- N1
var(ipw ilzi) = ull (HHQ;rllH) u;, (4.364)
He-157)
mse(Zpw ;|z;) = var(Zpw ;|z;) = u; (H C, H) u;. (4.365)

Again, var(Zpw ;|z;) = var(Zpw,) and mse(Zpw ;|z;) = mse(Zpw,) hold for the
BWLUE.

Note that the WLMMSE estimator remains unaltered for real-valued parameter vectors.
Only the utilized second order statistics change. However, the conditional properties
provided in (4.255)—(4.258) do not hold any more since D; is singular for real-valued x;.
The modified conditional properties are

By, [#wrilzi] = [D]; 2 + (1 = [D];}) By, [, (4.366)
bdwrili) = ([Dr-l 1) (i — Ex i), (4:367)
var(#wr|z:) = [D];} <1 ) ; (4.368)
mse(iwr, i) = D} (1 - DI )02, + (1 - [D]m.l>2|(mi C B ) (4369)
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The according derivations can be found in Appendix AC. For deriving (4.366)—(4.369) we
assumed that one of the three cases mentioned in Result 4.3 holds. Note the similarities
between (4.366)—(4.369) and the conditional properties for the LMMSE estimator in
(4.157)—(4.160). Interestingly, also the conditional properties of the CWCU WLMMSE
estimator for real-valued parameters formally correspond to those of the CWCU LMMSE
estimator and are given by

vl [TewL.i|zi] = i, (4.370)

b(Zcwri|wi) =0, (4.371)
var(Zowr,i|zi) = o2, ([Di; — 1), (4.372)
mse(Zowr,i|zi) = Ugi([D]i,i -1) (4.373)

The corresponding derivations can be found in Appendix AD. Due to these similarities,
the expressions in (4.165)—(4.172) for the case of a zero mean parameter E,[z;] = 0
transformed to the case considered in this section directly follow as

Eyje,[Zewrilzi] = [Dlii By, [Ewri|2i], (4.374)
var(Zowr,i|zi) = [D]? var(Twrilwi), (4.375)

Bmse(fwr,;) = ( D] ;}) : (4.376)
Bmse(&cwr;) = mse(Zowr,i|z;) = o2, ([D]i; — 1), (4.377)
Bmse(Zcwr,i) = [ )i iBmse(Zwr,,i), (4.378)

and Bmse(Zcwr, ;) > Bmse(Zwr,,;). However, note the different definition of [D];; uti-
lized in Section 4.2.3.

Transformation Analysis

The CWCU WLMMSE estimator for real-valued parameters will in general not commute
over affine transformations of the form

a=Bx+c. (4.379)

The proof is a straightforward extension of the investigations in (4.288)—(4.297).

Again, an exception can be found. Let ¢ be a zero vector and
B— diag{ [bl by ... bNx” € RN=xNx (4.380)

with non-zero diagonal elements. Then, x = B~ '« holds. Furthermore, it holds that if
one of the cases in Result 4.3 is fulfilled for x, it is also fulfilled for ac. Hence, Result 4.3
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can be applied and leads to

2
O-Oé' —
qowr,i = Eooq] + : . [1 0} CoyCyy (y — Eylyl)  (4.381)
-1

1 0]CayCryCye, 0]

0'2 1
= By, [ai] + =2 +—Ca,yCyy (v — Eyly])- (4.382)

Caizgy; Czai y=yy (f pADS )

The statistics therein are given by

o; = bixi + ¢, ( )
E.,[ai] = bEy,[x] + ¢, ( )
o2, =blo2, (4.385)
Cya; = By a; [(Z — BEy| ])(042‘ — Eq, [@i])*L ( )
= Eya, [(Z — Ly [X])(bl(% — B, [%]))*]7 ( )

= Cya,b;. (4.388)

<

Inserting (4.384)—(4.388) into the CWCU WLMMSE estimator in (4.382) and utilizing
the fact that b; is non-zero results in

A 612‘79201- -1
dewL,i = biEy, (@] + ¢ + hCoyColConh biCa,yCyy (y — Eyly]) (4.389)
Ui -1
=b; (EgcZ [z:] + mcngyy (X — By [y])) + ¢ (4.390)
= b;ZcwL, + ¢i- (4.391)

This proves that the CWCU WLMMSE estimator for real-valued parameters commutes
over affine transformations with real-valued diagonal transformation matrices.

4.3.5 PWCU WLMMSE Estimation

We now reconsider the case of a complex parameter vector x € CNx. Another way to
estimate x is to rewrite the linear model y = Hx + n according to

. XR
y= [H zH} +n, (4.392)
N—— X1
H'cCNy x2Nx x;;@x

and estimate the real and imaginary parts of the parameter vector separately. With
(4.392), the parameter vector is real-valued which enables us to use the CWCU WLMMSE
estimator for real-valued parameter vectors given in Result 4.3. The estimated real and
imaginary parts can then be combined to a complex estimator for the parameter vector
x. It is important to note that this estimator is in general not a CWCU estimator for the
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complex parameters x; = TR ; + jz1,, but it is a CWCU estimator for zr ; and 1, since
we forced E[Zr;|rr;i] = @r,; and E[Z1;|z1;]) = a1; for i = 1,2,--- , Nyx. That is why
this estimator will be denoted as part-wise conditionally unbiased (PWCU) WLMMSE
estimator. Generally, this estimator features a lower BMSE compared to its CWCU
counterpart, since conditioning separately on the real and on the imaginary parts leads
to weaker constraints as when conditioning on the complex parameters.

The derived estimators are compared with the classical BLUE and BWLUE as well as
with the Bayesian LMMSE and WLMMSE estimators in the following example.

Example 4.7 (DC Level and Complex Exponential in Uncorrelated Gaus-
sian Noise)

In this example we apply the CWCU WLMMSE estimator and the PWCU WLMMSE
estimator to a particular signal parameter estimation problem, and compare their
performance to that of the BLUE, the LMMSE estimator, the CWCU LMMSE es-
timator, the BWLUE, and the WLMMSE estimator. We do this by estimating a
complex constant and the complex amplitude of a complex exponential in the pres-
ence of noise [59]. The signal model is y[k] = x1 + 1.522¢7%% 4 n[k] for k =0,1,--- 5,
which can easily be brought to the form of a linear model y = Hx + n. We assume
the noise vector n to be zero mean complex proper Gaussian with covariance matrix

Chn = diag{0.1, 0.06, 0.3, 0.2, 0.15, 0.1}. (4.393)

Furthermore, in our experiment we let the covariance matrices of the real and imagi-
nary parts of x and the cross-covariance matrix be

Cypxy = diag{l, 0.6}, (4.394)
Cxx; = kdiag{l, 0.6}, (4.395)
Cxpi = 072, (4.396)

where the scalar k in Cyx, can vary between 10~* and 102. According to this setup
the parameter vector x is improper for k # 1 and proper for & = 1. We start with
k = 10~* (such that the parameter vector is almost purely real-valued), and test
all the estimators listed in Table 4.2. Then we increase k stepwise, such that the
imaginary part of x becomes more and more significant, and repeat the estimation
procedures accordingly. The result is a BMSE curve for each estimator in dependence
of k.
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132

Estimator Section | Equation/Result
BLUE 3.1 (3.48)
LMMSE 4.1 (4.14)
CWCU LMMSE 4.2 Result 4.1
BWLUE 3.1 (3.63)
WLMMSE 4.1 (4.52)
complSXglgeY;li\fise?efoiectors 4.3.1 Result 4.2
CWCU WLMMSE for real-valued 43.3 Result 4.3
parameter vectors
PWCU WLMMSE 4.3.5 Result 4.3

BMSE

Table 4.2: Estimators used for the described estimation problem.

CWCU LMMSE

CWCU WLMMSE for
real-valued parameter vectors

-x- BWLUE
--- WLMMSE

CWCU WLMMSE for
complex-valued parameter vectors

------ PWCU WLMMSE
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Figure 4.9: BMSE values plotted over the scaling factor k, which defines the variances of the imaginary

parts. The variances of the real parts have been kept constant.

With this setup we can observe how the estimators perform for highly improper and
also proper data within the scope of this example.
WLMMSE estimator for real parameter vectors. Clearly this estimator only perfectly
fulfills the CWCU constraints once the parameter vector is in fact real. However, for

Still, we also test the CWCU



4.3 Widely Linear CWCU Estimation

k = 10~* it makes sense to apply this estimator since in that case the imaginary parts
of the parameters are negligible compared to the real parts. Of course for increasing
k the application of this estimator does not make sense.

Figure 4.9 shows the resulting BMSE curves plotted over the scaling factor k. Clearly,
the WLMMSE estimator features the best BMSE performance for all k£ since this
estimator minimizes the BMSE cost function without any constraints. The BLUE
and the BWLUE show the worst performance. They perform equal, which is clear
since the BWLUE is only able to outperform the BLUE in case of improper noise.
Both estimators show the same performance for all k, because they do not incorporate
statistical knowledge on the parameters.

Especially for small k, which corresponds to highly improper data, the LMMSE es-
timator’s performance is far below the one of the WLMMSE estimator. Clearly,
for £ = 1 (the proper case) they perform equal. This impressively shows that the
LMMSE estimator is not able to exploit information about the improperness of x.
Further, the CWCU WLMMSE estimator derived in this work also significantly out-
performs the LMMSE estimator for small values of k, and it is also better for large
k > 10. For k = 10~*, where we approximately have a real-valued parameter vector,
the CWCU WLMMSE estimator for real parameter vectors comes quite close to the
WLMMSE estimator. However, it is interesting to note that the CWCU WLMMSE
estimator for complex parameter vectors does not converge to the CWCU WLMMSE
estimator for real parameter vectors when k£ — —oo. Consequently, once we know
from the application that the parameter vector is real one shall definitely apply the
CWCU WLMMSE estimator for real parameter vectors. In this example it can also
be seen that the PWCU WLMMSE estimator particularly outperforms the CWCU
WLMMSE estimator for complex-valued parameters for small k.

We already noted that for k = 1 (the proper case), the LMMSE and the WLMMSE
estimators perform equal. The same holds true for the CWCU LMMSE and the
CWCU WLMMSE estimators.

For k > 1, the variances of the imaginary parts of the parameters are way bigger
than the noise variances. Hence, the prior knowledge about Cy,x, become less impor-
tant. What’s left is the prior knowledge about Cyyxy. Linear estimators are not able
to incorporate this particular knowledge, and they all converge towards the BLUE’s
performance for large k. The WLMMSE estimator and the CWCU WLMMSE esti-
mator for complex-valued parameters still keep a little performance gain compared
to the linear estimators due to the incorporation of the prior knowledge about the
improperness of x.

To conclude this example we can state that the CWCU WLMMSE estimators sig-
nificantly outperform their globally unbiased counterparts BLUE and BWLUE, and
compared to the WLMMSE estimator the CWCU WLMMSE estimator features the
favorable property of component-wise conditionally unbiasedness.
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Estimator Constraints
BLUE FH=1,G=0
LMMSE G=0
CWCU LMMSE diag{FH} =1, G =0
BWLUE FH=1I GH*=0
WLMMSE -

CWCU WLMMSE for

complex-valued parameter vector

CWCU WLMMSE for real-valued

parameter vectors

diag{FH} =1, diag{GH*} =0

diag{FH} + diag{ GH*} =1

Table 4.3: Linear and widely linear estimators and their constraints

4.4 Estimator Comparison

In Section 3.1, the classical BLUE was derived by minimizing the estimators variance
subject to the unbiased constraint Ey[Z;] = ;. This unbiased constraint led to estima-
tor matrices fulfilling EH = I. In Appendix J, we showed that the BLUE can also be
derived in a Bayesian framework by minimizing the BMSE cost function Ey x[|2; — 2;|?]
subject to the same unbiased constraint. Similar arguments also hold for the BWLUE.
Hence, every estimator regarded in Chapter 4 can be derived by minimizing the BMSE
cost function subject to particular constraints (except the WLMMSE estimator, which
minimizes the BMSE cost function without any constraint but the widely linear restric-
tion). In the following we concentrate on the linear model case with a parameter vector
having mutually independent parameters. Furthermore we assume the parameter vector
and the measurement vector to have zero mean. These assumptions are made since
then also the constraints for the CWCU estimators take on quite simple forms (while
the constraints on BLUE, BWLUE, LMMSE estimator and WLMMSE estimator do not
change by making particular assumptions on the PDF of x). Let the general widely
linear estimator for this setup be of the form

% =Fy + Gy* = [F G} y. (4.397)

Table 4.3 lists the main estimators regarded in Chapter 4 together with the constraints
that have to be fulfilled for this particular setup when minimizing the BMSE cost func-
tion. The estimator with the most stringent constraint, which is the BLUE, will generally
perform worst in a BMSE sense. On the other hand, the BLUE produces unbiased es-
timates in the classical sense. The LMMSE estimator and the WLMMSE estimator
perform better in a BMSE sense than the BLUE and the BWLUE, respectively. Yet,
they are conditionally biased, leading to effects demonstrated in Example 4.1. The
CWCU estimators derived in this paper circumvent this property. Thus, in contrast
to the BLUE and the BWLUE, the proposed estimators are generally able to incorpo-
rate prior knowledge about the statistics of the parameter vector. This can lead to a
significant performance gain over classical estimators.
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Knowledge-Aided Concepts in Adaptive
Filtering

Adaptive filters are utilized in many practical applications. Most of these applications
can be divided into the four groups [71,72]

m System identification
m Noise cancellation
m Inverse system identification

m Prediction.

In this chapter well-known complex-valued adaptive filters such as the LMS and RLS
algorithms are shortly recapitulated. Subsequently, we extend these adaptive filters
by incorporating additional sources of knowledge that are available in many practical
scenarios.

Firstly, we consider the case when it is known that the optimum filter coefficients are real-
valued, whereas the input and desired signal are complex-valued. A practical example
where this situation can arise is given by the already mentioned problem of transmit
leakage in modern wireless transceivers. In [16] the leakage signal is extracted and
cancelled by using a so-called auxiliary receiver in parallel to the main receiver. As a
result, typically a fractional delay between the two receivers appears. This fractional
delay is estimated and compensated for with the help of adaptive filters. In this scenario,
the input and desired signal are complex-valued while the optimum filter coeflicients are
real-valued. Standard complex-valued adaptive filters cannot incorporate the additional
model knowledge and produce complex-valued filter coefficients. In this thesis, extensions
of the LMS and RLS algorithms are developed that produce real-valued filter coefficients.
These optimal filters are compared with state-of-the-art filters as well as with trivial
filters that incorporate the additional model knowledge in an intuitive way. For the
LMS-based algorithms it turns out that the utilized intuitive filter corresponds to the
optimal approach derived in this thesis. In case of the RLS-based algorithms, however,
the derived optimal algorithm outperforms an intuitive filter significantly as will be
demonstrated in simulation examples.
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5 Knowledge-Aided Concepts in Adaptive Filtering

Subsequently, the system identification application of adaptive filters is considered.
There, prior statistical knowledge about the impulse response to be estimated is of-
ten available. Hence, adaptive filters are investigated that are able to incorporate this
prior knowledge. An adaptive filter that is able to incorporate prior knowledge is the
sequential LMMSE estimator in a filtering setup. This algorithm is related to the RLS
algorithm. A novel version of the LMS algorithm that also allows to incorporate the
first and second order statistical moments about the impulse response to be estimated
has been derived in the context of this doctoral thesis work. It is shown that the derived
LMS-based algorithm incorporating prior knowledge features a reduced convergence time
in the mean compared to the standard LMS algorithm.

5.1 State-of-the-Art

Figure 5.1 schematically depicts the task of adaptive filter based system identification,
where h € C™ is the unknown impulse response of a LTI system, x;, € C is the known
input of the system at time instance k, y, € C is the measured output of the system at
time instance k, and n; € C is an unknown noise sample. The samples y; are usually
referred to as desired signal. The adaptive filter with time-dependent impulse response
wy, € CNw is fed with the same input samples zj, and produces 9, € C as output samples.
The error ex = yr — Y is used to adapt the filter coefficients wy.

Figure 5.1: System identification example with an adaptive filter.

The following considerations are independent of the particular adaptive filter applications
and are not restricted to the system identification problem.

There exist several notations of deriving the output of a complex-valued filter [72]. The
form
Ok = W xp, (5.1)

is preferred in this work, where x;, € CM% contains the latest N,, samples of the input
signal xj, as

L

Th—
Xp = - (5.2)

Ll—Nw+1
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5.1 State-of-the-Art

Other frequently used notations are g, = wx;, and g, = WTXZ. Note that the obtained
adaptive filter update equations depend on the chosen notation.

Wiener-Hopf Solution

For complex-valued input signals and complex-valued impulse responses, the famous
Wiener-Hopf solution for the particular choice in (5.1) is given by

w = (R_;rxy)*, (5.3)
where the auto-correlation matrix Ryx is defined as
Raxx = By, [xpx}] € CNw*Nw (5.4)
and where the cross-correlation vector between x5 and y; is defined as
Ty = By Xy € CV. (5.5)

Applying the Wiener-Hopf solution requires the knowledge of the statistics in (5.4) and
(5.5). This can be avoided by utilizing adaptive filters. The most commonly used
adaptive filters can be considered to be the LMS [73] and the RLS algorithms [71],
whose derivations are now repeated for the complex-valued case.

LMS Algorithm

We first take a look at the LMS algorithm for real-valued signals and systems. This
algorithm adaptively minimizes a cost function J utilizing the steepest descent method

of the form®
aJ \*
Wi = Wg_1 — ,u( > (5.6)

to derive the next filter coefficient estimate w; based on the old estimate wy_;. The
step-size is denoted by p € R in (5.6). The transpose operator in (5.6) is necessary since
the partial derivative produces a row vector per definition.

We now turn to complex-valued signals and filters. Let wg ; and wy, denote the real and
imaginary part of wy, respectively. Then, we seek for two real-valued LMS algorithms
of the form

aJ \* aJ \"
WR,k = WRk—-1 — M m ) Wik = Wik—1— M m . (5-7)

5 Another usual notation of the gradient term is % wewi
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5 Knowledge-Aided Concepts in Adaptive Filtering

Recombining these two adaptive filters to a single complex-valued adaptive filter pro-
duces

oJ o aJ )T
+ .

5.8
OWR k-1 J OW1 k1 (5:8)

Wi = Wg_1 —M<

Interestingly, by comparing the derivatives in (5.8) with (2.37) and (2.47) reveals that
they correspond to the Wirtinger derivative of J w.r.t. wj_, scaled by a factor of 2.
Hence, for complex-valued adaptive filters (5.6) needs to be adapted according to

a7 \"
Wi = Wg—1 — M<6‘7Vk1*> ) (5.9)

where the scaling factor is moved into the step-size u. The LMS algorithm utilizes the
absolute squared instantaneous error as cost function, which is

J = |ex|? (5.10)
= egey, (5.11)
= (b — ) (Y — )" (5.12)
= (e — wi_1xk) (yk — Wi_1xx)” (5.13)
= YUk — Wh1 XUk — YkWEL1 X5 + Wi XpwilXg (5.14)
= ypyp — Wi Xpyn — Wi Xhye + Wi xixEwy_ . (5.15)
The Wirtinger derivative of (5.15) w.r.t. w;_, is given by
0J

W = —yx +wi_ xpxt! (5.16)
= — iy Oy (5.17)
= —epxt. (5.18)

Inserting (5.18) into (5.9) yields the final result for the LMS algorithm
Wi = Wg_1 + LegpXJ. (5.19)

As initialization, wq is in many cases chosen to be the zero vector. One can show that
for convergence the step-size p must be chosen to be [72]

2
0<pu<—, (5.20)
Amax
where Apax is the largest eigenvalue of the auto-correlation matrix Rxx = Fx, [xkka | €

CNwxNw [72]. Furthermore, one can show that the LMS algorithm in the mean converges
to the Wiener-Hopf solution in (5.3).

A more practical criterion for the choice of p is given by [72]

2 2
O<u< = . 5.21
H NwE||zk|?] E[kaxk] ( )
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5.1 State-of-the-Art
Normalized LMS Algorithm

Approximating F[xx] in(5.21) by the instantaneous value |x||3 motivates the so
called normalized LMS algorithm with its update equation

W = Wg_1 + CkXZ. (5.22)

M
€+ |1xk[3
In practice, py, is typically chosen in the range between 0 and 1. € € R in (5.22) is a small
positive-valued constant to overcome possible instabilities when ||x||3 is very small. This

algorithm is also sometimes referred to as e-normalized least mean squares (NLMS) to
emphasize the incorporation of € [71].

Finally, we emphasize that the LMS as well as the NLMS algorithms are often imple-
mented with a variable step-size pi that depends on the time index k.

RLS Algorithm

We now recapitulate the derivation of the RLS algorithm for the complex-valued case,
for which the following cost function is utilized:

k
T = Niel?. (5.23)
=0

This cost function can be rewritten as

k
J =) Niepe; (5.24)
=0
k
= > Ny — ) (i — )" (5.25)
=0

In (5.25) we use §; = wix; such that the weighted sum of squared errors is calculated
based on the current filter coefficients wy. Hence, we write

k
J = Z )\kﬂ(yi — ngi) (yZ — ngi)* (5.26)
=0
k .
= Z )\k_z(yiy;" — WExy — YW X + Wi x;wh X)) (5.27)
=0
k .
= Z Pt (viyi — wixgyl — wilxly; + wfx;‘xika). (5.28)
=0
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The Wirtinger derivative of (5.28) w.r.t. wj follows as

k
oJ s
i — ;Ak Z(—yixf{ + w;‘gxixf]) (5.29)
k .
= Z hlam (—yi + w;‘gxi)sz (5.30)
i=0
k . k .
=wi Z Me=isexd Z A=ty (5.31)
i=0 i=0

We now introduce the following definitions

k
Ry = Z MNe—ixxH (5.32)
i=0
and
k -
ri =) My (5.33)
i=0

Then, setting (5.31) equal to zero results in
wi =R (5.34)

The next step is to find expressions for rp and Ry in dependence of ry_; and Ry_7 in
order to allow for recursive evaluations. We begin with the first one and rewrite (5.33)
according to

k—1
ri = x4 Z Moy x (5.35)
=0
k—1 '
= yrxl A AT ]! (5.36)
=0
= ypxi + el . (5.37)
For (5.32) it holds that
k—1 '
Rp = xpxpl + > A xix ]! (5.38)
=0
k—1 '
=xpxp + A MNTTxx (5.39)
=0
= xpx + ARy 1. (5.40)

In principle, a recursive algorithm can already be obtained by combining (5.37) and
(5.40) with (5.34). However, the recursion would contain a matrix inversion, which is
avoided by the following reformulations.
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We apply Woodbury’s matrix inversion lemma [54] on (5.40) to yield

(Rp) ™" = (ARj—1) ' — ()\Rk—l)_lxk(l + x1 (ARk_l)_lxk) xH (ARy_1) "' (5.41)
Denoting (Rk;)_1 as P}, produces
Pr=A"Pr s — AN Prxi(1+ A %P ixi) T xRy (5.42)
We now introduce the gain vector as
g = AP ixp (14 A %Py %) (5.43)
such that (5.42) follows as
P =\"'P,_ 1 —gixIA Py (5.44)
= APyt — gixp Pi_1). (5.45)

Since P, = (Ry,) " is a Hermitian matrix according to (5.32), (5.45) can be expressed
as

Pr =\ (Py_1 — Pr_ixg))). (5.46)

Furthermore, a reformulation of (5.43) yields

gk(l + A_lkaPk_lxk) = )\_1Pk_1Xk (547)
gL + gk)\_lkaPk_lxk = )\_1Pk_1Xk (548)
gr — )\_1Pk_1Xk — gkA_lkaPk_lxk (549)
gr = A (Pr_1 — gixp Pr_1)xy. (5.50)
The right hand side of (5.50) can be identified as Pxy according to (5.45) such that
We are now able to find an expression for wy, in (5.34)
wi =1 R, ! (5.52)
=rl’P,. (5.53)
Incorporating (5.37) into (5.53) produces
wi = yxi Py + Al Py, (5.54)
= il Py + yref (5.55)

where we utilized (5.51) and the fact that P, = (Ry) " is a Hermitian matrix according
to (5.32). Combining the recursive definition of Py in (5.46) with (5.55) allows for

wi =ril (Pr1 — P_1xi8r)) + yreh! (5.56)
=wi_ | — Wi xegh + el (5.57)
=wi_ + (yx — Wi_ixp)gl (5.58)
= wi_i +ergr, (5.59)
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with the a-priori error
er = Yk — Wi _|Xp. (5.60)

This is the final form of the recursion of the RLS algorithm. The filter coefficients wyg
are usually initialized as a zero vector. The forgetting factor A is chosen between 0.98
and 1 in most cases. Py will be initialized as a scaled identity matrix §I with a large
value of 4.

Finally, the RLS algorithm is summarized as

Initialization:
Choose A and 9;
Pg = §IMw > Nw,
wo = ON""XI;
for k=1,2,...do
Update xj, according to (5.2);
Derive ey, according to (5.60);
Determine gy, according to (5.43);
Derive Py, according to (5.45);
Evaluate the new filter coefficients wy according to (5.59);
end

The novel adaptive filters introduced in the next sections will be compared in perfor-
mance with the LMS and RLS algorithms described in this section.

5.2 Adaptive Filters for Real-Valued Filter Coefficients in
Complex-Valued Environments

In Section 3.4, we investigated estimators that are designed for estimating real-valued
parameter vectors while the measurement matrix and the measurement noise are both
complex-valued. These estimators offered a significant performance gain compared to
competing well-known and intuitive estimation methods. In this section, similar exten-
sions are investigated for adaptive filters such as the LMS and the RLS algorithms for
scenarios where it is known that the filter coefficients should be real valued, while the
input signal x; and the desired signal y; are complex-valued. Examples and a potential
application are given at the end of the section. At first, the LMS algorithm for real-
valued filter coefficients is derived. After that, a similar extension is investigated for the
RLS algorithm.

Note that the LMS and the RLS algorithms discussed in Section 5.1 do not incorporate
the additional knowledge that the filter coefficients shall be real-valued, while the LMS
and the RLS algorithms derived in the following do so. To not confuse the reader with
varying notations, we refer to the algorithms described in Section 5.1 as the ordinary
LMS algorithm and the ordinary RLS algorithm.
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5.2 Adaptive Filters for Real-Valued Filter Coefficients in Complex-Valued
Environments

The optimal Wiener filter for the described scenario is not given by (5.3) any more.
Instead, the optimal Wiener filter w is derived in the following. The cost function is
given by

J= E[|ek|2} (5.61)
= Elege] (5.62)
= El(yx — 9x) (. — 9x)"] (5.63)
= E[(yk — WTXk) (yk — wak)*} . (5.64)
Incorporating the fact that w shall be real-valued allows for
J = E[yryi — W' xpyi — yexi w + w' xpxi w] (5.65)
= Elyryi] — w sy — 1w + W' Ryoew (5.66)
The partial derivative of (5.66) w.r.t. w is
2 T H T T
S = " Txy T Txy TW (Rxx + Ryy) (5.67)
_ T H T *
= — Iy, — Iy T W (Rxx + Riy) (5.68)
= — 2Re{r},} +2w" Re{Rxx}- (5.69)

Setting (5.69) equal to zero allows to identify the optimal Wiener filter for the case of
real-valued filter coefficients as

w = (Re{Ruxx}) 'Re{rx,}, (5.70)

For the system identification task in Figure 5.1, it holds that ry, = Rxxh. Let the true
impulse response h be real-valued. Then, modifying (5.70) shows that

w = (Re{Rxx}) 'Re{Ryxh} (5.71)
= (Re{Rxx}) 'Re{Ruxx th (5.72)
=h (5.73)

5.2.1 LMS Algorithm for Real-Valued Filter Coefficients

Consider the update equation in (5.6). This update equation, although it is usually
applied for pure real-valued models, remains valid for the described scenario since wy, is
real-valued. We now modify the partial derivative in this update equation in an optimal
way such that only real-valued filter coeflicients wy, are obtained. The LMS cost function
is defined to be the instantaneous absolute squared error

J = lex|” (5.74)
= eey, (5.75)
= (Y& — 90) (Y — n)” (5.76)
= (yk — W£_1Xk) (yk - wZ_1Xk)*. (5.77)
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Assuming that wy_; is real-valued allows to further modify (5.77) as
J =gyl — Wi xeyt — Wi Xiye + Wi xexiw_ . (5.78)

For the update equation in (5.6), the partial derivative of (5.78) is required, which can
be derived as

oJ
oW1

= —yix) —yex +wi (xkka + x’,;xg). (5.79)

Note that no Wirtinger calculus for determining the partial derivative is necessary since
w1 is real-valued. Inserting (5.79) into (5.6) yields

wi, = Wi_1 — p(—Xpyp — Xpye + (XeXE + X5X7 ) Wg_1) (5.80)
= Wi_1 + 1(XeYk + Xhyk — XeXg Wr_1 — X5X[ Wg_1) (5.81)
= Wg—1 + p(XrYk + XpYk — XkJg — X, 0k) (5.82)
= wr_1 + pu(xper + xiex) (5.83)
= Wi_1 + 2uRe{erx; }. (5.84)

The additional factor of 2 will be moved into the step-size u such that the final update
equation is given as

wi = wi_1 + uRe{epx;}. (5.85)

Inspecting this result reveals that it is similar to the ordinary LMS algorithm in (5.19),
except that only the real part of eyx) is used to update the filter coefficients. An
intuitive approach of incorporating the fact that the filter coefficients should be real-
valued might have led to the same result. However, the derivation here shows that
this intuitive approach turns out to be optimal in terms of the instantaneous error cost
function in (5.10).

Although (5.85) is similar to the ordinary LMS algorithm, the convergence solution and

the stability analysis reveal some significant differences.

Convergence Solution

Let’s assume p is chosen such that the algorithm converges in the mean. Bounds for u
such that convergence is reached in the mean are derived in the next subsection. Here,
we ask ourself about which w the algorithm will converge in the mean.

When the algorithm has reached its ”convergence in the mean” state (for large enough
k), it must hold that

E[Re{exx:}] = 0. (5.86)
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Environments
Reformulating (5.86) results in
(1
E[Re{exxi}| =F §(ekxz + e’,gxk)} (5.87)
) ) )
— B i~ i + i~ i) (5.59)
_ 5l s — (wT s — (wl 5.89
Q(ykxk (Wie—1X0) X% + YiXe — (Wj_1 X5 )Xx) (5.89)
:1 * * *
=F 5 (Xkyk, + XYk — XpXEWp_1 — kagwk_l)} (5.90)
:1 * * 1 H *
=F 5( kYL + Xpuk)| — E §(kak + X)X}, ) We_1 (5.91)

Since this analysis is done for sufficiently large k, we rename wj_1 to wo, at this point.
We further assume that Elxpxfwe| = E[xpx|E[woo] = E[xgx}|Woo. Then, (5.91)
reads as

E[Re{exxi}] = i(rxy +ry,) - i(Rxx + Ry )Weo (5.92)
= Re{ryxy} — Re{Rxx}Woo. (5.93)

By setting this result equal to zero, the convergence solution immediately follows as
Woo = (Re{Rxx}) 'Re{rxy}, (5.94)

which corresponds to the optimal Wiener filter in (5.70).

Convergence in the Mean

In this section, we assume wy_7 is independent of the data vector x; such as it is done
in [72]. Furthermore, we assume {yg,xy} is independent of {y;,x;} for k # .

We now introduce vector vi_1 = wi_1 — W as the error vector between the current filter
coefficients and the convergence solution. Consider the update equation given in (5.85).
Subtracting w on both sides yields

v = vi_1 + pRe{erx}} (5.95)
= Vi1 + g(xkez + xjer) (5.96)
=Vg_1+ g(xk (yk - Wgﬂxk)* + X, (ylc - Wgﬂ’ﬁc)) (5.97)
=V + g(xkyz — xpxwy_ + Xy — xegwk,l). (5.98)

The expectation of this expression when utilizing the independence assumptions is given
by

Elvi] = E[vi_1] + %(rxy — R E[wy_1] + 15y — Ri E[wy_1]) (5.99)
= E[vi_1] + n(Re{rxy} — Re{Ryx}E[wj_1]) (5.100)

145



5 Knowledge-Aided Concepts in Adaptive Filtering

Utilizing the optimal Wiener filter in (5.70) allows replacing Re{rx,} with Re{Rxx}w,
yielding

E[vi] = E[vi_1] + (Re{Rxx }W — Re{Rxx } E[Wk_1]) (5.101)
= Elvi_1] — uRe{Rxx}(E[wWi_1] — W) (5.102)
= E[vi-1] — pRe{Rxx} E[vj_1] (5.103)
B
= (= puB)E[vj], (5.104)

where Re{Rxx} = B € R¥w>*Nw ig a symmetric matrix. Assuming B is positive semidef-
inite, it can be diagonalized by an unitary matrix

B = QAQT, (5.105)

where the diagonal matrix A € RM>*Nw contains the real-valued eigenvalues of B and
where QTQ = I. Inserting (5.105) into (5.104) and introducing the vector v/ = QT'v
yields

Elvi] = (I - nQAQT) E[vj_1] (5.106)
Elvi] = (1 - pA)E[v}_y]. (5.107)

Since (I — pA) is a diagonal matrix, the rotated error vectors v decrease on average if
|1 — uX,| < 1 holds for 1 < n < Ny, where A, € R denotes the nth eigenvalue of B.
This inequality directly leads to

O<pu<

.108
-~ (5.108)

where Apnax € R is the largest eigenvalue of B.

Finally, all results from this section are summarized in

146



5.2 Adaptive Filters for Real-Valued Filter Coefficients in Complex-Valued
Environments

Result 5.1 (LMS Algorithm for Real-Valued Filter Coefficients)

If the adaptive filter is embedded in a complex-valued environment
(complex-valued xy, y), but it is known that the optimal filter coefficients
shall be real-valued, then the LMS algorithm that produces real-valued

estimates wy, € RVY is given by:
Initialization:
Initialize wo = 0Nw>1;

for k=1,2,... do

Update xj, according to (5.2);

Choose step-size p in accordance with (5.108);

Derive er = yp — W%ﬁlxk;

Evaluate the filter coefficients according to wj = wy_1 + pRe{erx; };
end

The algorithm converges towards w = (Re{Ruxx}) 'Re{ry,} in the mean
when g is chosen accordingly, and it is of linear complexity O(Ny,). A
detailed complexity analysis can be found in Appendix AE.

5.2.2 RLS Algorithm for Real-Valued Filter Coefficients

A similar extension as it was derived for the LMS algorithm in the previous section is
now investigated for the RLS algorithm. We derive an RLS algorithm that incorporates
the fact that the coefficients shall be real-valued while the input samples x; and the
desired signal y; shall be complex-valued.

We start by noticing that the RLS cost function in (5.26) is real-valued even for complex-
valued 1; and x;. Hence, for real-valued wy, it can be rewritten as

k
1 * *
J = Z )\k_zi [(yz — w}fxi) (yi — Wng’) + (yi — W%Xi) (yi — w,{xi)} (5.109)
=0

k
1
k— T T T, H
= Z A ’5 [yzyl* — WL XY, — YiWE X; + Wi XX W,
=0

Yty — WhxEy — yiwlx + wi x| (5.110)
k 1
= Z )\k_zi {ley: — 2Wixiy; — 2WEL X[y + Wi (XiXiH + X:X?)Wk} . (5.111)
1=0
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The partial derivative of (5.111) w.r.t. wy, follows as

8wk Z/\k H—yrx! —yix + wi (xix +xix])) (5.112)
k
:w{ZA’H xix 4+ xixt Z)\k Hyx +yrx?). (5.113)
=0

Using the definitions in (5.32) and (5.33) allows for

oJ

Twr =wl(Ry +R}) — (rff +1f). (5.114)

Setting (5.114) equal to zero results in
wi = (e + el Ry +R)) (5.115)

In order to find a recursive solution, we insert the recursive definitions of r; and Ry in
(5.37) and (5.40), respectively, into (5.115), such that

-1

wi = (gexi + Aoy yixh + A (xexf + ARg1 + xjxE + AR;_;) . (5.116)
By utilizing the notations
y, = [yk] (5.117)
Yk
X, = [xk x;} (5.118)
Ty =T+ 1] (5.119)
R, = R; + R}, (5.120)
(5.116) can be reformulated as
~ -1
wl = (zf XH 4 )\FkH_1> (ka,fj + )\Rk_1> . (5.121)
Note that by comparing (5.115) with (5.121) it immediately follows that
I'il = I‘k + I‘k = }’]€ Xk =+ )\I‘k 1 (5122)
and
R, = X, X7 + AR;_;. (5.123)

Applying Woodbury’s matrix inversion lemma [54] to derive the inverse of f{k produces

R = () (R (00 xE () x) X (R
(5.124)
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By introducing the notation

P, =R’ (5.125)
Eq. (5.124) follows as

~ ~ ~ ~ —1 ~
P, = )\_lPk_l — A‘lPk_le (IQXQ + )\_IX?Pk_lxk) XkH)\_lPk_l. (5.126)

We now introduce the gain matriz as

G = V1P X,, (IM + A*lxﬁﬁk_lxk) B (5.127)

such that (5.126) becomes more compact
P, =)\"'"Pj_1 — G, X\ 'Py_y (5.128)
— )\ (ﬁk_l - GkaHf’k_1>. (5.129)

Since Pj, = ﬁ;l is a Hermitian matrix according to (5.120), (5.129) can be expressed as
Pp="1 (ﬁk_l - f’k_lkaf). (5.130)

Furthermore, a reformulation of (5.127) yields

Gk(IQXZ + A—lkaf’k_lxk) — APy X, (5.131)
Gi+ G A XTI P, X, = AP Xy, (5.132)

G = A 'Pi_i1 Xy — G X P X, (5.133)

G =\ (ﬁk,l —qxH ﬁk,l)xk. (5.134)

The right hand side of (5.134) can be identified as P X}, according to (5.129) such that
G = P;X,. (5.135)

We are now able to find an expression for wy in (5.115)
wi = (v +rf) (R +Rj) ™ (5.136)
=P, (5.137)

Incorporating (5.122) and (5.135) into (5.137) produces
wi =yl X{Py, + ) Py (5.138)
=\ Py +yl Gf. (5.139)

Combining the recursive definition of Py, in (5.130) with (5.139) allows to express

Wi, =T (f)k—l - f’k—1XkaH) +y,G{ (5.140)
=wi_ — Wi XiGl +yl GYf (5.141)
= Wi + (z;‘f - wkale)GkH. (5.142)
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The term w{le;C can be identified as the augmented output Xz of the filter such that
Yy —wiaXi =y, - ¥] (5.143)

=ef, (5.144)
where e;, represents the augmented a-priori error. Reinserting (5.144) into (5.142) yields
wi =wi_; +el GE. (5.145)

This result represents the update equation from the old filter coefficients in wi_; to
the new ones in wi. We propose to use the same initialization as for the ordinary RLS
algorithm, which leads to

Result 5.2 (RLS Algorithm for Real-Valued Filter Coefficients)

If the adaptive filter is embedded in a complex-valued environment
(complex-valued xg, yx), but it is known that the optimal filter coefficients
shall be real-valued, then the RLS algorithm that produces real-valued

estimates wy, € RVY is given by:

Initialization:

Choose A and ¢;

f’o = 5IN‘"XN‘";

wo = ONWX:[;
for k=1,2,...do
Update x; € C™ according to (5.2);
Construct X € CNw*2 according to (5.118);
Construct y, € C? according to (5.117);
Derive Gy, € CM*2 according to (5.127);
Derive e, € R? according to (5.144);
Update Py, € RV>*Nw according to (5.129);
Evaluate the new filter coefficients wy, € RV according to (5.145);
end

The algorithm is of quadratic complexity O(N2). A detailed complexity
analysis can be found in Appendix AF.

Note that the final algorithm contains a matrix inversion in (5.127). However, this
matrix is only of size 2 x 2, which is trivial to invert.

For the LMS algorithm for real-valued filter coefficients, it turned out that the optimal
update equation of wy corresponds to the intuitive approach of taking only the real
values of epx} to update wy. In contrast to that, the derived RLS algorithm for real-
valued filter coefficients utilizes a different update equation than the intuitive approach
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based on the ordinary RLS algorithm discussed in Exampe 5.1. The performance gain
achievable with these derived algorithms is presented in the next simulation example.

Example 5.1 (Estimation of a Real-Valued Impulse Response With Adap-
tive Filters)

The example considers the task of system identification according to Figure 5.1 with
the additional knowledge that the impulse response of the unknown system is real-
valued. The true real-valued impulse responses h € RV with length Ny, = 5 were
randomly drawn from a zero mean Gaussian distribution with covariance matrix
Chnh = I?*5. The complex-valued input and noise samples were drawn from zero
mean complex proper Gaussian distributions with variances 1 and 10, respectively.
All considered adaptive filters utilize Ny, = N, and are listed in the following:

1. The ordinary LMS algorithm derived in Section 5.1.
The LMS algorithm for real-valued filter coefficients from Result 5.1.

The ordinary RLS algorithm derived in Section 5.1.

- 0N

The intuitive algorithm resulting from the ordinary RLS algorithm when replac-
ing the update equation in (5.59) by

wi =wi_ |+ Re{ekg,?} (5.146)
resulting in real-valued vectors wy.

5. The RLS algorithm for real-valued filter coefficients from Result 5.2.

The LMS based algorithms utilize ¢ = 0.05 and the RLS based algorithms utilize
A = 0.99 and § = 100. The convergence curves in terms of En zn[|/|wr — h|[?] are
presented in Figure 5.2.
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—— ordinary LMS
LMS for real-valued filter coefficients
—— ordinary RLS - -- intuitive RLS
RLS for real-valued filter coefficients
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Figure 5.2: Convergence curves of various adaptive filters. The complex-valued input and noise sam-
ples were drawn from zero mean complex proper Gaussian distributions with variances
1 and 107*, respectively. The true real-valued impulse responses were randomly drawn
from a zero mean Gaussian distribution with covariance matrix Chn = I°*5.

The discussion starts with the LMS based filters. The LMS algorithm for real-valued
filter coefficients yields a slightly faster convergence speed and an increased steady
state performance compared to the ordinary LMS algorithm. Similar to that, the
RLS algorithm for real-valued filter coefficients also outperforms the ordinary RLS
algorithm. Moreover, it significantly beats the intuitive RLS algorithm in terms of
the convergence speed.

A second example from a real-world application in the context of wireless transceivers
is presented in the following.

Example 5.2 (Transmitter Leakage Cancellation)

Modern wireless transceivers employ frequency division duplex operation where both,
the transmit path (TX) as well as the receive path (RX), are active at the same time.
Due to a limited TX-RX isolation of the duplexer, the TX signal leaks into the RX
path. This leakage signal, although being at a different frequency than the RX signal,
can lead to a baseband interference in the receiver due to the downconversion by an
unwanted spur [16,74,75]. Therefore, the extraction and cancellation of the leakage
signal has to be targeted [16,74,75]. One way to do this is to implement an additional
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so called auziliary receive path, which shall only receive the leakage signal [16]. A
simplified baseband equivalent model is shown in Figure 5.3.

Ty TN

x J\—

E@k

€

\/

Figure 5.3: System model for the adaptive filter application in a modern wireless transceiver. a € R
represents a gain and 7 € R denotes a fractional delay.

The upper path reflects the main receiver containing the leakage signal zp,;, the
wanted receive signal zrx x and noise ni. The lower path, reflecting the auxiliary
receiver, only contains the leakage signal. However, due to non-idealities of the analog
circuits, the two paths typically have different gains and delays. This is incorporated
in the model by introducing a gain « and a fractional delay 7 in the main path. The
task of the adaptive filter is to estimate the delayed and amplified version of zp, .
Finally, ey shall match ny + xrx i since the leakage signal is cancelled.

In the following simulation, the gain « is chosen to be 1 for simplicity. The fractional
delay shall be 14.3 samples. Note that the fractional delay has been implemented in
simulation with the help of an intermediate oversampling stage. It has been shown in
[16,76], that such a fractional delay results in approximately sinc-shaped vectors wy.
For the sake of simplicity, the term xgrx j +nj is approximated as zero mean complex
proper Gaussian with variance 0.1. Furthermore, zp,; is approximated as a zero
mean complex proper Gaussian with variance 1. Since the real and complex-valued
parts of xr,;, are attenuated and delayed equally, the optimal filter coefficients in wy,
are real-valued. This allows to apply the derived adaptive filters in Result 5.1 and
Result 5.2. Moreover, also the ordinary LMS algorithm, the ordinary RLS algorithm
as well as the intuitive adaptive filters introduced in Example 5.1 are implemented
for the described cancellation task. The LMS based algorithms utilize 4 = 0.005 and
the RLS based algorithms utilize A = 0.999 and § = 100.

The overall goal is that the samples e; in Figure 5.3 match zrx i + ni. Hence,
Ellex — wrx .k — nk|?] serves as performance measure. These mean square values
(averaged over many simulation runs) are shown in Figure 5.4. The performance
curves are very similar to that in Example 5.1. Again, the LMS algorithm for real-
valued filter coefficients yields a slightly faster convergence speed and an increased
steady state performance compared to the ordinary LMS algorithm. Also the RLS
algorithm for real-valued filter coefficients clearly outperforms the ordinary RLS as
well as the intuitive RLS algorithm.
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—— ordinary LMS
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Figure 5.4: Convergence curves of various adaptive filters.

5.3 Adaptive Filters incorporating Prior Knowledge

In many system identification applications, statistics about the impulse response of the
unknown system that shall be estimated are available. These statistics are usually termed
prior knowledge, especially in the context of Bayesian estimation (cf. Chapter 4). In
this context, the impulse response h is a random variable whose particular realization
has to be estimated.

Now, we assume statistics about the impulse response h are available in form of the
mean vector Eylh] and the positive definite covariance matrix Cpp. The goal is to
estimate the particular realization of h with the help of adaptive filters that incorporate
the knowledge about Ey[h] and Cpp.

An algorithm that is related to the RLS algorithm and that uses Eyn[h] and Cyy is

the sequential LMMSE estimator. Its implementation in the context of the discussed
adaptive filter scenario is given by
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Initialization:
Py = Chn;
W = Eh [hL

for k=1,2,... do
Update xj, according to (5.2);
Derive e according to: e = yp — w{_lxk;
Determine gy, according to: gy = Pr_1x; (U?L + ngk,le)_l;
Derive P} according to: P = Py_q1 — gkngk_l;
Evaluate the new filter coefficients wy according to (5.59);
end

The main differences to the RLS algorithm are that prior knowledge is utilized in the
filter initialization, that the forgetting factor A is dismissed, and that the noise variance

2 is incorporated. Note that the noise variance can be time-variant.

On

This adaptive filter formulation of the sequential LMMSE estimator incorporates prior
knowledge about h. Hence, an RLS-type adaptive filter incorporating prior knowledge
about h already exists. However, to the best of our knowledge, a similar extension for
the LMS algorithm has not been existing in literature. We provided such an extension in
[77], whose derivation is repeated in the following. These investigations can be considered
to be relevant for many applications since the LMS algorithm is more widespread than
the RLS algorithm.

Bayesian LMS Algorithm

In the derivation of the so called Bayesian LMS algorithm we assume that m measure-
ments are conducted (typically during a training phase). Let the measurements be put
together in the vector

!
Y
y=|"|ecm (5.147)

Ym

The derivation is based on the posterior PDF denoted as p(h|y). This PDF describes the
probability density of the unknown impulse response h given all the measurements. For
now m shall be finite, later we consider a potentially infinite number of measurements.
According to Bayes’ rule [78], the posterior PDF can be rewritten as

p(hly) = p(y|h)p(h)/p(y) (5.148)
x p(y[h)p(h), (5.149)

where p(y|h) and p(h) are denoted as the likelihood PDF and the prior PDF, respec-
tively. Note that the MAP estimator for h is the vector maximizing the posterior PDF,
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i.e.
hyap = arg m}zlmx p(y|h)p(h) (5.150)
= arg max log (p(y[h)p(h)), (5.151)

where ’log’ denotes the natural logarithm. However, we are more interested in an itera-
tive solution for the MAP estimator. For this, we make further modifications of (5.151).
The connection between the vector of measurements y and the impulse response h is
given by

y = Hh +n, (5.152)

where the rows of H € C™*™ are provided by the input samples x; in (5.2), such that

x{
X5

H=|"]. (5.153)
Xy,

Assuming the noise n in (5.152) to be complex proper Gaussian distributed with zero
mean and with known covariance matrix Cpy, the likelihood PDF directly follows as

1 H~—1
h)= o (y-Hh)"Caa(y—Hh)_ 5.154
p(y’ ) ﬂ_mdet<cnn)e ( )

The next assumption is, that the prior PDF is also complex proper Gaussian according
to

1 H~—1
e L (B O (h-Fah) 1
p(h) ﬂ'NWdet(Chh)e " 7 (5.155)

where Ey[h] and Cpy, are the known mean vector and covariance matrix of h. Inserting
(5.154) and (5.155) into (5.151) produces

Byiap = arg max (—(y — Hh)" Col(y — Hh) — (b — By [h]) Cyh (h — i)

(5.156)

~ arg min (v~ H)"Cplly — Hh) + (h = Bufh)" Cylh — Buln]) (5.157)
J(h)

= arg m&n J(h). (5.158)

To obtain an iterative solution of the MAP estimator in (5.158) a gradient-based ap-
proach is used. The derivative of J(h) w.r.t. h* is
dJ(h)
Oh*

— —yT (. B +wTHT (C) "B + W7 (C;l)! - Enh)T(Cl) "

nn

(5.159)
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Replacing h with the estimate wy_; and inserting (5.159) into the update equation in
(5.9) produces

Wi = Wh_1 — ,u,(HHCr_Hll(Hwk,l —-y)+ Cl_llll(wk,l — Eh[h])) (5.160)

This update equation (with appropriately chosen p) converges to the MAP estimator
for the case of complex proper Gaussian likelihood and prior PDFs. In the following
reformulations and simplifications, we assume the noise covariance matrix to be a scaled
identity matrix® Cp, = 02I. Recall that the i*" row of H is given by xiT according to
(5.153). With that, the update equation can be reformulated as

m
1, _
Wi = Wg_1 — [ Z (0_2)(2- (Xika_l —yi) + a;iCrp(Wg—1 — Eh[h])> (5.161)
=1 N
The scalars a; € R in (5.161) for ¢ = 1,...,m are arbitrary except for the constraint

m
> ai=1. (5.162)
i=1

Eq. 5.161 allows to use a simplification similar as done for the approximate least squares
(ALS) [79] or the Kaczmarz algorithm [80] by using only one of the m partial gradients
per iteration, which yields

1, B
L (fwi — i) + Gt (Wi — Eh[hn). (5.163)

n

Wi = Wg_1 —M<

Identifying the term x. wj_1 — yx in (5.163) as the negative a-priori error ey, leads to an
LMS-like algorithm of the form [77]

1, _

W = Wg_1 + M(O_kaek - akChﬁ(wk_l — Eh[hD> . (5.164)
n

The Bayesian LMS algorithm in (5.164) is an LMS-based adaptive filter that incorporates

prior knowledge about the unknown impulse response in form of Ey[h] and Cpp. The

term xjey can easily be identified as the update term of the ordinary LMS algorithm

in (5.19). The Bayesian LMS algorithm scales this term by = and adds a term that

UTL
incorporates the prior knowledge. Now, the scalars a; must fulfill

m
> ap=1, (5.165)
i=1

where m is the total number of measurements (1 < k < m). A possible choice for aj is

1
= 5.166
ar = — (5.166)
which requires the knowledge of the total number of measurements m in advance. For

the theoretical case of an infinite number of measurements

1

ag

SA diagonal noise covariance matrix is also possible with a slight modification of the derivation.
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is a possible option. Note that (5.166) can also be employed for the theoretical case of
an infinite number of measurements. Then, m marks a time index where ap = 0 for
k > m. In this case, (5.164) reduces to the ordinary LMS update equation for k& > m
except for a scalar term that can be moved into the step-size. In order to decrease the
computational complexity of the algorithm, only (5.166) is considered in the following.
As initialization, xg = Fn[h] is employed in accordance with the sequential LMMSE.

Prior knowledge helps to speed up the convergence in the mean, but for large k, the
algorithm reaches the same performance as the usual LMS algorithm since then, the
measurements dominate the prior information about h. Hence, the algorithm in (5.164)
converges to the same filter coefficients in the mean as the ordinary LMS algorithm for
k — oo for two reasons:

m the measurements dominate the prior information about h for large k,

m aj is assumed to be zero for large enough k also in the case of an infinite number
of measurements.

The convergence properties are demonstrated in Example 5.3 later on.

Convergence in the Mean

We recently stated that the algorithm in (5.164) converges to the same filter coefficients
in the mean as the ordinary LMS algorithm for k& — oco. However, in order to derive
a normalized version of the Bayesian LMS algorithm, we perform a convergence anal-
ysis. To make the following investigations mathematically tractable, we assume wy, is
independent of the data vector xj such as it is done in [72]. Furthermore, we assume
{yk,xr} is independent of {y;, x;} for k # . The investigations will lead to lower and
upper bounds for the step size u.

The error between y;, and g, is given by

ek = Yk — Yk (5.168)
=hTxy +np — wi_ % (5.169)
= (h" —wi_|)xp +ng (5.170)
D e
Vi,
= vi_ixp +ny, (5.171)

where h — wj_; = vi_; € RN, Inserting (5.171) into the update equation in (5.164)

158



5.3 Adaptive Filters incorporating Prior Knowledge

yields
1 * T 1 * -1
Wi =Wg_1+ 1 ﬁxkvk_lxk + ;ank — akChh(wk,l — Fy [h]) (5.172)
n n
1, 1, _
= w1 + M<J2XkX£Vk—1 + o Xk — akChﬁ(h - Vp_1 — Eh[h])> (5.173)
n n
1, 1, _ _
= Wg_1+ u<02xkx;‘§vk_1 + ﬁxknk + akChﬁvk_l — akChﬁ(h — Fn [h])) (5.174)
n n
1 _ 1 _
= w1+ u(((ﬂx?;xf - akChﬁ> Vi1 X — axCpp(h — Eh[h])>. (5.175)
n n

Subtracting h from both sides results in
1 _ 1 _
Vi = Vi1 — M<<O_2XZX£ + CLkChlll> Vi_1+ ﬁxan — akChlll(h — Eh[h])> (5176)
n n

Applying the expectation operator conditioned on h to both sides of (5.176) and applying
the independence assumptions yields

1 _ _
E[vi|h] = E[v;_i|h] — p <02R;§x + akchﬁ> E[vi_1|h] + parCypl(h — Ey[h]) (5.177)

n

By
= (I— uBy) E[vg_1|h] + pa,Cyp(h — Ep[h)), (5.178)

where U%R;xmkc;ﬁ = Bj, € CVw>*Nw_ Note that By, is hermitian and positive definite
since R:x and Cypp are both hermitian and positive definite. This allows to utilize the
same approach for deriving bounds for the step-size as in (5.104)—(5.108). By doing so,
conditions for the convergence in the mean of the algorithm are given by

2

2
0< g < = , (5.179)
)\max(Bk) Amax (U%Rix =+ akC}_lﬁ)

where A\pax(Bg) denotes the largest eigenvalue of the matrix Bg. Note that the resulting
step-size depends on k since By, depends on k. We now simplify this expression. For two
symmetric p X p matrices E and F it holds that the maximum eigenvalue of the sum of
matrices Apax(E 4+ F) is smaller or equal than the sum of the maximum eigenvalues of
the matrices [81]:

Amax(E 4+ F) < Apax(E) + Anax(F). (5.180)
With that we get
0 << 2 (5.181)
A —. .
é)\max(R;x) + ak)\max (Chlrll)

Approximating R%, with its instantaneous estimate XZX%, and incorporating

Amax (X;x} ) = ||xx||3, allows to approximate the upper bound as éIIXkll%ai/\max(C;ﬁ)'
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The update equation in (5.164) in combination with the boundaries for the step-size in
derived upper bound motivates the Bayesian NLMS of the form

1 1 * —1
Wi = Wi_1 + nk - <Xk€k —apChp(We—1 — Eh[h])>>
et lxull3 + axAmax (Cpn) \ o0 .

(5.182)

where the normalized step-size p,,  is usually chosen between 0 and 1 for all k. € € R in
(5.182) is a small positive-valued constant to overcome possible instabilities when a; = 0
and when [|x;|3 is very small.

This Bayesian NLMS is summarized in

Result 5.3 (Bayesian NLMS Algorithm)

Consider the adaptive filtering task described in Section 5.1, where the
impulse response h € RVY is a random variable whose particular realization
has to be estimated. If prior knowledge about h is available in form of its
mean vector Ey[h] and covariance matrix Cpp, then the Bayesian NLMS
algorithm that incorporates this prior knowledge is given by:

Initialization:

Initialize wo = Ey[h];

Pre-evaluate C;ﬁ;

Pre-evaluate Apax (C;ﬁ) ;

Pre-evaluate é;

Choose € € R and a; € R (e.g., (5.166));
for k=0,1,... do

Update xj, according to (5.2);

Choose step-size i, 1 between 0 and 1;

Derive e =y — wg_lxk;

Evaluate the filter coefficients according to (5.182);
end

The algorithm is of quadratic complexity O(N2) for general covariance
matrices Cpy. However, for the case of diagonal Cyy, it is of linear
complexity O(Nyw ). A detailed complexity analysis for the latter case can be
found in Appendix AG.

Note the differences between the Bayesian NLMS in Result 5.3 and the MAP-LMS
algorithm in [82,83]. The latter one assumes the variable z = h — wy_; follows a
Gaussian distribution with zero mean, while the Bayesian NLMS algorithm assumes
a Gaussian PDF of h with known mean Fy[h] and covariance matrix Cpp. Another
connection might be drawn to [84]. There, prior information is used on the model to
incorporate systems with missing data and not as we do, on the parameter vector itself.
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5.3 Adaptive Filters incorporating Prior Knowledge

Example 5.3 (Estimation of an Impulse Response with the Bayesian NLMS
Algorithm)

The goal in this example is to estimate an impulse response when prior knowledge
is available. As prior knowledge, we choose Ey[h] = 0™ and Cpp = 0.1TVw>*Nw,
where N, = Ny = 5. The number of measurements m is set to be 50 and a; was set
to 1/m for all k. The algorithms utilize ¢ = 1073. In addition, a step-size reduction
method is implemented that linearly decreases the step-size from 1 at k = 1 to 1/m at
k = m. This step-size reduction method is utilized by the ordinary NLMS algorithm
as well as by the Bayesian NLMS algorithm. The input samples z[n| were generated
from a complex proper Gaussian PDF with zero mean and unit variance. The noise
samples were also randomly drawn from a complex proper Gaussian PDF with zero
mean and variance 07%. For the first investigation, 0721 was set to 1. The convergence
curves in terms of Ey, ;. ,[||wi — h||?] are presented in Figure 5.5. These curves reveal
that the Bayesian NLMS algorithm, since it incorporates prior knowledge about h,
outperforms the ordinary NLMS for all values of k.

10° T T T T T T T T T

i —— ordinary NLMS —— Bayesian NLMS 1

Figure 5.5: Convergence curves of the ordinary NLMS algorithm and the Bayesian NLMS algorithm.
The complex-valued input and noise samples were both drawn from zero mean complex
proper Gaussian distributions with unit variance. The true impulse responses were ran-
domly drawn from a zero mean complex proper Gaussian distribution with covariance
matrix Chn = 0.11°%5.

For the next investigation, o2 was varied between 10~2 and 10%. For that, the per-

formance in terms of By ,[||[wx —h|[?] for k = m = 50 is visualized in Figure 5.6. In
addition, the performance of the LS estimator and the LMMSE estimator are shown,
which can be interpreted as the performance bounds for the RLS and sequential
LMMSE algorithms, respectively. Figure 5.6 reveals that the Bayesian NLMS algo-
rithm always performs better or equal to the ordinary NLMS algorithm. Also, the
performance difference between the ordinary NLMS algorithm and the LS estimator
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5 Knowledge-Aided Concepts in Adaptive Filtering

is similar to the performance difference between the Bayesian NLMS algorithm and
the LMMSE estimator.

—— ordinary NLMS —— Bayesian NLMS
------ LS estimator woooo. LMMSE estimator
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Figure 5.6: Convergence curves of the ordinary NLMS algorithm and the Bayesian NLMS algorithm.
The complex-valued input and noise samples were both drawn from zero mean complex
proper Gaussian distributions with unit variance. The true impulse responses were ran-
domly drawn from a zero mean complex proper Gaussian distribution with covariance
matrix Cpp = 0.11°%5.
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Conclusion

This thesis can be separated into three main parts.

The first main part considered classical estimation. There, methods that incorporate
additional model knowledge into the estimation process in an optimal way were investi-
gated. Four cases of additional model knowledge were considered.

The first case was the knowledge that the parameter vector of length n lies in a linear
subspace of C™. It was proven that standard classical estimators such as the BLUE and
the BWLUE can incorporate this additional knowledge in a straightforward manner.
For the LS estimator on the other hand, it turned out that a constrained LS estimator
is applicable, where the corresponding linear constraints were derived.

The second case of additional model knowledge considered in this thesis was the knowl-
edge that the parameter vector fulfills additional linear constraints. In that case, the
constrained LS estimator is available as a standard estimator but no corresponding
extension for the BLUE and the BWLUE exists in the literature to the best of our
knowledge. In this thesis, this gap was closed by proposing the constrained BLUE and
the constrained BWLUE. It was shown that these novel estimators allow to increase the
estimation accuracy compared to the BLUE and the BWLUE for the described scenario.

The third case was the knowledge that the parameter vector is real-valued while the
measurements and the measurement noise are complex-valued. For that scenario, sev-
eral widely linear classical estimators were proposed that incorporate this additional
model knowledge in an optimal way. It was demonstrated that the resulting estimators
outperform standard estimators as well as estimators that incorporate this additional
model knowledge in an intuitive way.

The fourth case was the knowledge that the measurement matrix is subject to an un-
known random error with known first and second order statistics. In this thesis, a novel
algorithm was proposed that outperforms state-of-the-art algorithms significantly.

In the second main part, Bayesian estimators were investigated. Bayesian estimators
consider the parameter vector to be random. This allows to include prior knowledge into
the estimation process, in form of statistics of the parameter vector. Another difference
between the classical and Bayesian approaches is the considered unbiased constraint.
The unbiased constraint utilized by state-of-the-art Bayesian estimators is weaker than
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6 Conclusion

that utilized by unbiased classical estimators. Based on that, we investigated the so
called component-wise conditionally unbiased (CWCU) constraints, which represent a
trade-off between the stringent classical unbiased constraint and the usual weak Bayesian
unbiased constraint. It was shown, that these unbiased constraints preserve the intuitive
view of unbiasedness also in Bayesian scenarios, while allowing the incorporation of
prior knowledge in many applications. Next, we focused on the class of so-called CWCU
Bayesian estimators. We extended previous work on this type of estimator and extended
the concept to widely linear estimators. The effects of these unbiased constraints, the
relation to other Bayesian estimators and the ability to incorporate statistics about the
unknown parameter vector were discussed.

Similar investigations as in the first main part of this thesis were performed in the third
part in the context of adaptive filtering. Novel adaptive filters were derived that incorpo-
rate additional model knowledge that might be available in practice. The first sources of
additional model knowledge incorporated by the derived adaptive filters was the knowl-
edge that the optimal filter coefficients are real-valued whereas the input and desired
signal are complex-valued. Again, the derived optimal adaptive filter algorithms signif-
icantly outperform state-of-the-art algorithms as well as intuitive algorithms in many
applications. The second source of additional model knowledge concerns the task of sys-
tem identification. For this case, a novel adaptive filter was proposed that incorporates
prior knowledge about the impulse response of the unknown system. It was shown that
the resulting algorithm features a reduced convergence time in the mean.
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A

A Commutation of the BWLUE Over Square Transformation

Matrices

Reformulating (3.93) yields
x=B(a-c).

This expression inserted into the augmented linear model in (2.7) produces

For this modified linear model, the BWLUE for « is given by

~H ~\ 1 ~
apy = (H CouH) H Chiy
-1

Il
/

(BB CiHB ™)
(\CLiH) HIC L (y + HB )
Bw T BEilg

I
W [ |

X
XBW + 97

which concludes the proof.

B Commutation of the BWLUE Over Rectangular
Transformation Matrices

D ot
=

e =
AR

Consider the widely linear transformation in (3.93). The i*" row of this equation is given
by a; = bfx + ¢;, where b is the i'" row of B and where ¢; is the i*® element of c.
We seek for a widely affine estimator of the form & = Ey + d. Hence, the scalar &;

is connected with the measurements via &; = efl y + d;, where eZH is the i row of the

estimator matrix E and where d; is the i*! element of d. Combining augmented form of

the linear model in (3.1) with (3.93) leads to
Eyléi] = Eyley + di]
= Enle{Hx +e/'n + d;]
or

ef{ﬂg—kdi L bZH§+ .

(B.1)
(B.2)
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6 Conclusion

To fulfill this for every x the conditions eiHﬂ = blH and d; = ¢; must hold. The cost
function, which is the variance of &;, follows as

J(ei) = By (6 — Bylai)) (@ — Bylai))" | (B.5)
= By[(fy + di— By [ely + ) (elly +di - Bylely +4)"] (B8
= o[ (e/Hx + ef'n — e/'Hx) (e/'Hx + el'n — e/'Hx)"| (B.7)
= En|(ef'n) (e/'n)"] (B.5)
=eflc, e (B.9)

The vector e; that minimizes this cost function and that produces unbiased estimates is
the solution of the constrained optimization problem

epw,; = arg min elC, e st. e’H=0>bl (B.10)
e

where the index BW indicates the BWLUE. Solving this constrained optimization prob-
lem using the Lagrange multiplier method described in Section 2.4 leads to the BWLUE
for «; according to

aBw,; = ey + Ci (B.11)
gy 1 _
=bl (H7C1H) HC Ly +c:. (B.12)

Since bfl and ¢; are the only terms that depend on the index i, the vector estimator
immediately follows as

apw = BH"C,H) H"C 1y +c B.13)
=Bxpw t+¢, (B.14)
which proves the commutation of the BWLUE. U

C Proof that the Intuitive LS Estimator in (3.277) is Optimal if
HPH = ol

Consider the constrained LS estimator in (3.29). For the case of zero mean parameter
vectors we choose A = 17 and b = 0, where 17 is a row vector of length Ny with all
entries being 1. Then, the constrained LS estimator reads as

%15 = (1- (H'H) 1K~17) (H7H) By (C.1)
— (1 - (HHH)‘llK*11T>§<OLS, (C.2)

where
K =17(H"H) 1, (C.3)
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D

and where Xorg denotes the ordinary LS estimator. If the measurement matrix fulfills
HPH = al, the estimator simplifies to

A A — — -1 ~
XS = XOLS — & 1l(lTOz 11) ].TXOLS (C.4)
N -1 A
= XQOLS — 1 (]_T]_) 1TXOLS (05)
————
1/Nyx
N I 7.
X
—_——
mean(XoLs)
= XoLs — mean(Xors)1, (C.7)
which corresponds to the intuitive estimator in (3.277). O

D Proof that (3.284) is Necessary and Sufficient to Make z;
Real-Valued

We now proof that the choice fiH = gZT is necessary and sufficient to make Z; real-valued.
With (3.281), it holds that

i) = 5 (- ) (D.1)
= %(ffyﬂtgf{y* — £y —gly) (D.2)
= %((fiH —gl )y — (£ —gl")y") (D.3)
=Im{(f — g} )y} (D.4)

Since y in (D.4) is a complex-valued random variable, the only way to make (D.4) equal
to zero for every possible realization of y is to enforce

Hence, fiH = g;fr is necessary to make z; real-valued. The prove that fZ-H = gZ-T is also
sufficient to make Z; real-valued is obtained by inserting (D.6) into (D.4). O

E Variance and Pseudo-Variance of y;

In the following, we make the approximation that m,4j has zero mean and variance
0124 g for k. =1,...,Ny — 1. The variance J,% of the k' measurement v, in Cartesian
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6 Conclusion

coordinates can be derived as

or = E[(yx — Elyk)) (yx — Ely])"]

— B [(Akejs%ejmp,k + nA,kejﬁokejnap,k _ ozkAkejSD’“)
x (Ake—j%e—jw,k + ng e IPRe I ek — akAke_]‘Pk):|
= [A% + AknAJC — OzkAieJn“"’k + Ak”A,k + nik . OzkAknA’kejn‘/”k
—apAleTImek — oy A TIek 4 a2 A%
kAL EAEN A KC QpAg
_ A2 2 42 2 2 42 2 42

= A{(1—o3) + U,ch,k-

Similarly, the pseudo-variance 5,% of the k" measurement 1, in Cartesian coordinates

follows as
~2
o, = El(yr — Elyr]) (yr — Elyr])]
= E[(Akej(’pkejn*”k + TLA7kej<pkejn"”k — OzkAkej@k)
% (Akejsokej”%k + nAvkejSDkejnga,k _ akAkejSOk)}
= E[A%ejz“"’“eﬂ"%’C + 2Apn g gl PRI Mok — 20y ALeIHPk Ik
+ Y gl PPk — Doy Ay el PRel ok aiAzeﬂ‘P’“}
— ok Boi?er] 202 AP 4 o7 0% B[] + ol A2k
——
Br
2 2 2 42 42 2 2
= A2B,ef?Pr — a2 A2el?k 4 UA,kﬁke] ®k

= &/ (LA} — 0R AR + 041B%)-
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F

F Derivation of the Conditional MSE of the LMMSE Estimator

Consider the i*! estimate Z1,; in (4.13). For this estimator, the conditional MSE can be
derived as

mse(2r,;|x) =

i

(F
|Ew, [2:] + Caiy Cyy (v — Ey[y]) — zil*[x] (F.
| — (i — By, xi]) + Cxin;}}(Hx +n— HEX[X])|2‘X] (F
| (F

Il
IS
=
|
8
|
&
5
_l_
Q
8
<
Q
<
=
™
2
o
+
Q
8
<
Q
<
< =
=
_w™
Nl

(—(x,- — By, [z:]) + Cxiyc;;H(X — Ex[x]) + Cwiyc;;n)
x (—(2i — Ep[2:]) + Coy CydH(x — Ex[x]) + Cb,yCyim) ' |x]  (F.5)
= Fxn [(ar:Z — By, |zi))(x — Ey,[z])" + Cxin;;nnHC;;Cymi
+ Cuy Cyy H(x — Ex[x])(x — Ex[x])"HY Cyy Cy.,
— (21 — Eq, [1:]) (x — Ex[x]) THYC_j Cy,,

= Cay Cyy Hix — Ex[x]) (i — Bz [:])"[x] (F.6)
= C1,yCyy CnnCyy Cyo,

+ ((xi = Eyla]) — Coy Coy H(x — Ex[x))) (2; — By, [2:])"
— (@i = Er,[:]) = Copy Cyy H(x — Ex[x])) (x — Ex[x])"TH" C Cy.,

(F.7)
= 0y 0, CunCy iy,
+ (27 — By, 1] — Coy Cyy H(x — Ex[x]))
X ((xi — By [zi])* — (x — Ex[x] )HHHC;;CW) (F.8)
= C4,yC;y CnnCyy Cye,
+ (25 — By, [2i] — Coy Cyy H(x — Ex[x]))
% (2; — By, (5] — CayCyyH(x — Ex[x]))” (F.9)
= Cb,yCyt CunCyi Cyu, + |71 — Eyyli] — Cupy CyiH(x — Ex[x])|™.
(F.10)

G Derivation of the Conditional Variance and the Conditional
Bias of the LMMSE Estimator

Consider the i*" estimate Zr,; in (4.13). The proof for the conditional variance starts
with the derivation of the conditional mean

Ey|x[;%L,i|X} = Ex, [xz] + C:rlyc;; (Ey|x[Y|X] - Ey [Y]) (Gl)
= Ep,[#i] + Ca,y Cyy (Hx — HEX[x]). (G.2)
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6 Conclusion

With that result, the conditional variance of z; follows as

N P N 2
var(#,41%) = Eypx| 214 — Eyxlnilx]| \x} (G.3)

= Eylx ’E:L‘l [z:] + Cxiyc}_l; (y — Eylyl)

— B[] — Cuiy Gy (Hx — HE, [x])|2|x} (G.4)
[ _ 2
= Byjx||Caiy Cyp (v — Byly] — Hx + HE[x])|"x| (G.5)
— 2
~ | |Cy Cyym|’| (G.6)
_ _ H
— Bn[(CaiyCyyn) (Cry Cyym) | (G.7)
= C,,yCyy Fn[nn"]C,; Cye, (G.8)
= C4,yCyy CunCyy Cye,. (G.9)
The second proof concerns the conditional bias of Zy, ;, which directly follows from (G.2)
as
b(iL,i‘x) = Ey|x[j3L,i - $1|X] (G.lO)
= Ey|x[i'L,i‘X] — Xy (Gll)
= — @ + By, [i] + Coy Cyy H(x — Ex[x]). (G.12)

H Proof that the LMMSE Estimator Commutes Over Affine
Transformations

In this appendix, we proof that the LMMSE estimator commutes over affine transfor-
mations. Let the transformation of the parameter vector be given by

a=Bx+c, (H.1)
where o € CVe, B € CNa*Nx and ¢ € CVe. The LMMSE estimator for « is given by
a, = Eqla] + CayCyy (y — Eylyl). (H.2)

Therein, Eq[a] and Cqy can be derived as

Eala] = BEx[x] + ¢ (H.3)
and
Cay = Fay|(a = Eala])(y - Eyly)"] (H.4)
= By |(Bx - BE(X))(y - By[y))"] (FL5)
= BExy |(x — Bxlx)(y - Eyly])"'] (1.6)
= BClyy, (H.7)
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respectively. Inserting (H.3) and (H.7) into the expression for a1, in (H.2) leads to

ap, = BEy[x] + ¢ + BCyy Cyy (y — Eyly]) (H.8)
= Bxj, + c, (Hg)
which concludes the proof. O

| Proof that the WLMMSE Estimator Commutes Over Widely
Affine Transformations

In this appendix, we proof that the WLMMSE estimator commutes over widely affine
transformations. Let the transformation of the parameter vector be given by

a=Bix+Byx*+c, (Il)

where a € CNe, By,By € CNaXMx and ¢ € CNe. Eq. (I.1) can be brought into
augmented form as

a=Bx+c, (1.2)
where
B, B
a= %1 B=|! L =" (13)
a B; Bj c*

The WLMMSE estimator for a in augmented notation is given by

Gy, = Eala] + CayCyy (v — Ey[y])- (L.4)

Therein, Eqla] and C,y, can be derived as

Eola] = BEx[x] +c (L5)
and

Cay = Fay (@~ Fala))(y ~ By [y])"] (16)
= By [(Bx -~ BEJ)(y - Fy[y])"] (7)
= BBy [(x — Bulx)(y - By [y))"] (1)
=BC,,, (1.9)

respectively. Inserting (I.5) and (I.9) into the expression for Gy, in (I.4) leads to
doyy, = BEx[x] + ¢+ By Cyy (v — By [y]) (1.10)
= BRyy, +C. (L11)

Considering only the upper half of (I1.11) immediately leads to wi, = Bixwr,+BaXiy, +
c. O
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6 Conclusion

J Proof that the Linear Estimator Minimizing the BMSE Cost
Function Subject to the Constraint in (4.71) Corresponds to
the BLUE for an Underlying Linear Model

We focus on the i estimate Z; of the form

i =ely 4+ b, (J.1)
for this scalar estimator, the constraint in (4.71) reduces to

Eyx[#i|x] = ;. (J.2)
This constraint can be reformulated as

Eyx[2i[x] =Ey|x[ef’y + b|x]

= y|x[eZ-HHx + eiHn + b;|x]

To fulfill this constraint for every x, it must hold that b; = 0 and e{l H = ul-H , where
H

u;’ is a row vector with a 1 at its i*h position and zero elsewhere. Incorporating these

results into the BMSE cost function yields

J(e;) =Ey x| |zi — @ﬂ (J.6)
=Eyx (2 — efly — b)) (2; — efly — bi)H] (J.7)
— | _ el _ . H _H H
=FEy x _(mz e, Hx —e; n) (xz e, Hx —e; n) ] (J.8)
—En |(ef™n) (e/'n)"| (J.9)
—el’Cppe;. (J.10)

Inspecting the cost function in (J.10) as well as the constraint e/ H = uf reveals that

they correspond to the cost function and constraints utilized by the BLUE in Section 3.1.
Hence, the optimization process will formally produce the BLUE, which is a classical
estimator that does not utilize any prior knowledge. O

K Proof that [D];; > 1

The proof that [D];; > 1 is based on (4.152). Multiplying this equation with Cy,, Cyy
from the left and with C;}% Cy ., produces

Cxin;;nym C;ylcyzi = Cxin;ylcyxi - cxin;ylcyxi(agi)*lcxiy(};}}cm. (K.1)
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Dividing this expression by o2 and utilizing the definition of [D];; in (4.97) allows
L €y CilCyy 1 CilCy, = DI — (D1} K.2
UT% Ty Vyy Cyylei Vyy CyTi — [ ]zz - <[ ]”) (K.2)

7 CrirCi3 Coyia O Coe, = D15 (1 - D). (.3)
The left hand side of (K.3) is positive and real-valued. The reason for this is that Cyy/,,
is Hermitian and positive definite. Multiplying such a matrix with an arbitrary row
vector from the left and with the conjugate transpose of this row vector from the right
produces a real-valued scalar that is larger than zero. [D];} is also real-valued and larger
than zero. Consequently, the expression in the brackets in (K.3) must be real-valued
and larger than zero, too. This fact allows

1—-[D];}! >0 (K.4
D]} <1 (K.5)
[Dii > 1, (K.6)
concluding the proof. O
L Proof that (4.144) Corresponds to the CWCU LMMSE
Estimator for Mutually Independent Parameters
For mutually independent parameters, Cyy is given by
Cyy = By | (v — Byly(y — Byly))"] (L-1)
= Fy x [(hz(xz — Eu,[zi]) + Hi (% — Ex,[%]) +n)
x (hi(w; — B [oi]) + Hi(%: — Bx,[%:)) +0)"] (L.2)
= h;o2 h + H;Cg,x,H + Cun (L.3)
=h;o2 h + C;. (L.4)

The inverse of Cy, can be evaluated using Woodbury’s matrix inversion lemma [54] and
follows as

1 -1
Cyy =C' = Ci'h <02 +h! C;lhz) hf’ct. (L.5)

T
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With that, the first term of el , in (4.143) reads as

1 -1
% = | hPC;'h; - hPC; 'h; <12 + h{ICi—lhi) h’C 'h; (L.6)
hﬁcyyhi x
=
= <h{IC;1hi (1 —hfC 'y, ( +hC; 1 h; > )) (L.7)
amz
1\ -1
L (1-nfc'n +th 'h, (L.8)
= 1-— — . .
h/’C;Th;

The second term of egL’i in (4.143) reads as

—1
h{’Cy) =h/’C;' — h{'C; 'h; (+hHC 1h> h/’c;! (L.9)

Z;

-1
(1 —hfc'h; ( +hfC;'h; ) )hf’c;l. (L.10)

%
Inserting (L.8) and (L.10) into egw in (4.143) produces

1

eCLi = hHC.—lh.h{ICf’ (L.11)
) 7 T

concluding the proof. O

M Proof that (4.151) Holds for all Three Cases

The validity of (4.151) for jointly Gaussian x and y is simply given by the properties
of the Gaussian distribution [3]. We will now show that (4.151) also holds for the other
two cases.

For the case when the linear model in (4.1) holds and when x is complex proper Gaussian,
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we have that

Eyip: ly|zi] = Ex, nja, [hizi + Hi Ex, [%;] + nla;] (
=h,z; + I:IZ-E,—(Z.‘% [X;|24] (
= h;x; + H; (E,—q [Xi] + Cx,z; (oii)_l(mi — Eg, [:L’l])) (
= (hi + H;Cx,z, (Ugi)fl)xi + H;Ex, [%i] — H;Cx,s, (Ui)flExi [2]
= (hio}, + HiCx,s,) (03,) @i + Ey[y] — Wi By, [2;] — HiCx,a, (03,) " Ex, 2]

Cyz;
(M.5)
= Cyu,(07,) " i + Eyly] = (hio?, + HiCxy,) (07,) ™ B[] (M.6)
Cya;
= Cyy, (agi)_lm + Eyly] — nyi(aii)_lExi [2] (M.7)
= Ey[y] + Cya,(07,) " (@i — Eg,[a)), (M.8)

where we utilized (4.116) and (4.122).

For the third case of mutually independent but otherwise arbitrary distributed elements
of x, we obtain with (4.136) that

Eym [y|:c,} = Eym [hixi + I:IZE)-(L [}_(Z} + n]azz] (M.9)
=h;x; + I:I,‘E;(i [iz] (M.lO)
= Byly] + by, (02) " (@ — B [w]) (ML12)

——
Cya,
= Eyly] + Cya,(03,) " (5 — Ey,[21]), (M.13)
concluding the proof. O

N Proof that (4.152) Holds for all Three Cases

This appendix begins with the proof for the case of jointly Gaussian x and y.

For arbitrary jointly Gaussian vectors z and w, the conditional covariance matrix is
given by [3,85]
sz\w = sz - Czwc\;%;vcwz- (Nl)

If x and y are jointly Gaussian, x; and y are jointly Gaussian, too. Adapting (N.1) to
this case yields

C = Cyy — Cya, (02 )_lcxiy (N.2)

yylz; T
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6 Conclusion

For the second case where the linear model in (4.1) holds and where x is complex proper
Gaussian, we first rewrite y — Ey,, [y|z;] utilizing (4.122) and (4.151) as

— By, [ylei =y — Eyly] — Cyu,(03,) " (i — By, [2:]) (N.3)
=h;z; + I:Iiii +n— tha:L [«Tz] IjIZ‘E;(i [iz]
- Cymz( 2 )_1(1'2‘ — By, [z:]) (N.4)

=h;z; + Hi%; +n — h B, [v;] — H;Fx,[%;
- hi02i (0—21') l(xi — Ey,[x4]

x 7

With that, the conditional covariance matrix can be derived as

Cyyie: = Byla| (¥ = By [yl (v = By, [ylei]) "o (N.9)
)z |:(I:IZ ()_(i — Egi|xi [il’.ﬂiz]) + l’l) (I:IZ (}_(i - Egﬂxi [)‘(,\ml]) + H)H’.TZ} (N.lO)
= H,;Cyg %, H" + Cun. (N.11)

Incorporating (4.122) and the fact that x is complex proper Gaussian yields

CYY\M = I:I ( XiXi Xﬂ»‘i (0-32:1)710%5(;)1:1'5{ + Cnn (N12)
= H;Cg,x,H/' + hjo2 h!' + H;Cx,,,h!" + h;C, 5, H + Cnp
Cyy
—hio? hf! — H;Cx,p,h! — h,C, 5, HY — H;Cx,p, (02) ' Coix, HYY  (N.13)
= ny - (hiaxi + HlCP_{ﬂﬁ)( xl) ( glhﬁ + CCL‘JQH{{) (N'14)
Cyl‘i Ccviy
= Cyy — Cyuy (Ugi)_lcmiy' (N.15)

For the third case where the linear model in (4.1) holds and where the elements of x are
uncorrelated, we first rewrite y — Ey |, [y|z;] utilizing (4.136) and (4.151) as

Y = Eyjo,[y|2i] =y — Eyly] = Cya,(03,) " (i — Ey,[i]) (N.16)
=h;z; + Hi%; +n — h B, [v;] — H; Ex, [X]

— Cyu,(03,) (@i — By, [a]) (N.17)
=h;r; + HiX; + n — ha[Z] H, Fx, [%i]

— o3 (7)) (xi — By [2]) (N.18)

= I:IZ‘)ZZ' +n— I:LE;(Z [Xl] (ng)

= I:Iz(il — E;(i [Xz]) + n. (NQO)
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With that and (4.136), the conditional covariance matrix can be derived as

H
Cyylei = Lylz; {(y — Eyjo[y|2:i]) (¥ = Eyja, [y]2i]) |5Ui} (N.21)
(< - o _ H
= Eyjz, [(Hi(xz‘ — Fx,[xi]) + n) (H;(x; — Ex,[X;]) + n) |:c,} (N.22)
= H;Cx,x,H + h;jo? h + Cpp —hyo? b (N.24)
ny
= Cyy — hiai (U:%i)_l Ugihf{ (N.25)
——
Cyli Cziy
= ny - CyIBi (Ugi)_lcmiy- (N.26)
O

O Derivation of the Conditional Properties of the BLUE

Consider the BLUE for z; in (3.47). For this estimator, the conditional mean follows as

. _ -1 _
Ey|:]ci [$B,i’xi] = uf (HHCnrllH) HHCnrllEy|zi [Y‘xz] (Ol)
— u(HYC, H) 'HY C HE,, [x|v] (0.2)
= uflExhci [X‘xl] (0.3)
With this result, the conditional bias immediately follows as
The conditional variance is given by
var(ipi|zi) = Eyjy, || — Eyjs: [@B,i’xi]ﬁxi] (0.6)
= By, [, — 2if?ls] (0.7)
I _ 2
= By, | [0/ (B CLlH) ' HICLly — m} (0.8)
_ 2
= By ol ol (1 C) HICln 1] (00)
_ 2
= B | [ul! (1 Cl1) 1 Ol (0.10)
_ 2
= Ey [ u” (HYClH) 1HHC;rlln‘ ] (0.11)
= v/ (H7Cy H) 'HY C; Can CiH(H C H) 'y (0.12)
—uw(HCylH) u,. (0.13)
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6 Conclusion

Finally, the conditional MSE follows to

mse(ip|2:) = Eyp, [\:@B,i - xi\2|xl} (0.14)
= var(Zg;|z;) (0.15)
=/ (HIC, H) 'u;. (0.16)

P Derivation of the Conditional Properties of the LMMSE
Estimator

Consider the LMMSE for z; in (4.13). For this estimator, the conditional mean follows
as

Inserting (4.151) produces

Eyip,ldLila] = By, lzi] + Czin;}}nyi(ai)_l(fvi — B, [z:]) (P.2)
D], !
= Ey,[zi] + [D];, Ny — By, [zi)) (P.3)

= [D]; wi + (1 = D]} ) By, [xi].

Now, the conditional bias can be derived as

bz, i|x;) = By, [Z1,i|@i] — (P.5)
= (DI = 1)z — (D} = 1) B[]
_ ([D];; - 1) (zi — Eg,[as). (P.7)

The conditional variance follows with (P.1) as

. M. . 2
var(Zr, i|x;) = By, ’xL,i — By, [:ULZ|331H |1:Z} (P.8)

= Eym ‘Eﬁtz [l’l] + Cwiyc;;(y - Eyb’]) - Eaci [xz]

~ CayCyy (B, yli] — By Iy]) ] (P.9)
= Ey|z, _‘Cwin;; (y — Eyla, [y]a:z]) ﬁmz} (P.10)
= Cxin;;nylriC;;Cyl‘r (P.11)
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Q

Assuming that one of the cases in Result 4.1 holds allows utilizing (4.152), resulting in

var(#L,i|7;) = Ce,yCyy (Cyy — Cya,(02,)~ 1czly)c—1cyxz (P.12)
= Cu,yCyy Cya, — CaiyCyy Cya, (02.) ' Cay Cyy Cya, (P.13)
2
Ca,yCyy Cya, Ca,yCyy Cya,
2 iy YZi Ty YZi
— o2 DI} (1~ D)) (P.15)

With the conditional variance, the conditional bias and (4.98), the conditional MSE can
be derived as

mse(&r,4la:) = Ey, [mw - xi\le,} (P.16)
= var(Z1,z) + |b(apilzi)? (P.17)
= o2 D) (1 ;) + (D))~ 1) s = B o) : (P.18)
=2} (1- D]} ) + (1- D]} ) i — By [z (P.19)

Q Derivation of the Conditional Properties of the CWCU
LMMSE Estimator

The CWCU LMMSE as given in (4.92) has the conditional mean
Eyjz,[Ecr,ilwi] = i (Q.1)
and the conditional bias
b(ZcL,ilvi) = Byjy,[TcLlzi] — i =0, (Q.2)
since it fulfills the CWCU constraints. The conditional variance follows with (4.92) as
var(&coL,i|vi) = Byla, [\fcm — Bya, [£CL,i‘$iH2’xz} (Q-3)

By | Bl + ety = Byly)

- Bufod — ela(Bylrinl - BD[1e] @4

ylwi [

2
ol — e By ylwi]*|o:] (@)

o |ei (v = Bypoylaid) i) (Q.6)
= egL,iny|Ii eCL,i. (Q?)
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6 Conclusion

Utilizing (4.91), (4.152) and (4.97), (Q.7) reads as

var(ow,i|7i) = el i (Cyy — Cya, (02,) 'Cayy)ecLy (Q-8)

2
o2 ) )
= <l> Cxiycy; (ny_cywl(a ) 10371)’)0}')}0)’3%’ (Q9)

Cu,yCyyCya,
2 \2
__ ) (Q10)
Cziycyycyzi
= 0, ([Dii — 1) (Q.11)

Finally, the conditional MSE can be derived as

mse(ﬁvcw\xi) = Ey\xi ‘i'CL,i — $1|2‘ZL'11| (Q.12>
= var(Zcr,i|zi) (Q.13)
=02, ([Dii — 1). (Q.14)

R Proof that the CWCU LMMSE Estimator Coincides with
the BLUE for diagonal C,,, C,, and H

In this appendix, we prove that the CWCU LMMSE estimator coincides with the BLUE
for the special case when Cxx, Cnn and H are all diagonal matrices, which implies that
Ny = Ny = N. In this case, also Cyy = HCyH" + C,, is a diagonal matrix. We use
the notation

H:diag{[hl,hg,...,h]\/]}, (Rl)
Cxx = diag{[ail,ai, e UQ%N}}, (R.2)
Cun = diag{[o7,,02,,..., 05, ]} (R.3)
Then, C,,, becomes
Cuy = hio2 ], (R.4)
where u! is a length N row vector with a ’1” at its i*® element and all zeros elsewhere.

With that, we simplify the expression for the CWCU LMMSE estimator in (4.92) as

2
o
toni = By v + ——2——C,.,C E. R.5
bovs = Bulnl + 2o —Cuy Oyl = By ) (R.5)
1 T ~— -1 x 2 T
:Exi[a?i]—i-axihiai(ui nyui) hio wlhzoxlulC (y Eyly]) (R.6)
1
= B[] + 5 (] Cyyus) " ul Gy — Eyly)). (R.7)

Consider the term (ulTC;,;ui)_l in (R.7). uiTC;,;ui sorts out the i*" diagonal element
of the diagonal matrix C;; The inverse of this scalar corresponds to the ™" diagonal
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element of Cyy. Hence, we can state that (uiTC;;ui)_l = uiTnyui. This allows to
modify (R.7) according to

. 1 _
Zor; = By, lxi] + EuzTnyuiuzTCy; (y — Eyly]). (R.8)

The term u;u; in (R.8) corresponds to a diagonal matrix (with only one diagonal element

. . . WTO-1 — T -1 _
being non-zero). Diagonal matrices commute, hence, Cyyu;u; Cyy = wu; CyyCoy =
w;ul. Consequently, (R.8) corresponds to

A 1
tovi = Bulwi] + o wi wui (y - By[y)) (R.9)
' 1
1 T
= g o] + -ui (y — Eyly]) (R.10)
1 1
= By, o] + uly — — uj H Ex[x] (R.11)
h; h; =~
hill;r
1 . 1. .
= By, (] + —ujy — —hi v Ex[x] (R.12)
h; h;y ~———
1 T
=-u;y. (R.13)

h;

This is the final result for the CWCU LMMSE estimator for the special case of diagonal
Cxx, Cun and H. We will now show that the BLUE formally yields the same expression
since

g, = ul (HIC, H) 'HY Cly (R.14)
= u/H'Cp (HY) 'H Cly (R.15)
=u/H'y (R.16)

N——
h;luf
= h; 'y, (R.17)

which corresponds to the expression of the CWCU LMMSE estimator in (R.13). O

S Derivation of Case 2 and 3 of Result 4.2

We start with case 2, assume a generalized complex Gaussian parameter vector x, and
begin the derivation of the i** component Z; of the estimator. Recall the formulation of
y in (4.113). We will now formulate a similar expression for y. With the notation

X; = [xi S (C2 X,L = [)_(i € (C2Nx72

X, X

’ B (S.1)
gt Oleome g o[ 0] commans

0 h 0 H
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6 Conclusion

the augmented form of (4.113) becomes
y=Hx; + Eigi + n.
Incorporating (S.2) into the conditional mean of the estimator in (4.207) yields

Eyjg,[#i|z:i] = Eyj,lef'y + bilzi]
= En x|z e/ (H;x; + H;X; + n) + bj|x;]
= e/l (H;x,; + EiEf(il&?i (X, |z:]) + b;.

Because of the Gaussian assumption we have

—X T —T3Tq

By i) = eff (Hx; + H, (Fx, %] + Cr, ok, (%, — Bui[xi])) ) + b

By setting (S.4) equal to z; = [1 0} x; one can see that the CWCU constraint

Ey|y,[i|7:] = 2; is fulfilled if two conditions are fulfilled. The first condition is
X; T4

ef'H, +e'H,Cy , C 1, = |1 0]

(S.2)

(S.5)
(S.6)

The expression in the brackets in (S.6) corresponds to Cy,.. This can be shown by

Cyuy = By x [(Z — Byly]) (x; — Ex, [&DH}
= By | (HL(x; = Bu,[xi]) + Hi(%; — Bx,[%)) + 0) (x; — By, [x])”

XL "

Hence, the first condition reads as

e/Cy,. = [1 o}c

The second condition follows from (S.4) as

bi = — e H;(Ex,[%;] — Cx,s,Corir, B [xy])
= —el/H,Bx[x] +ell HCi, C.L E,lx]
~———

1 ==1 7 ~z;x; T

C.

yzi_ﬂigmizi

= —e//H;Fx [%,] — e/ HE, [x)] + ef Cy., C, b B xi))
———
1 oe.,

— — el HE[x] + [1 0] By [x]

= E-Ti [xl] - eHEy [X]?

)
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where (S.9) and (S.10) were utilized. Eq. (S.10) and (S.15) allow to simplify the BMSE
cost function Fy x[|#; — x;]?] according to

J(ei) = Ey,X[‘ezHX + b — xi|?] (S.16)
= Byxllef (y = Bylyl) = [1 0](x — Eufx)) ) (8.17)
_ H H 2
=elCyyei—el'Cy, | | - [1 o} C, e +02 (S.18)
=e/ C,ye;— o) — 02 +02, (S.19)
= eflgyyei - Ji. (S.20)

Combining the cost function in (S.20) and the constraint in (S.10) leads to the optimiza-
tion problem

ecwL, = arg n(lein (eflgyyei - ai) s.t. e{fgyzig;jzi = [1 0}. (S.21)
Note that this optimization problem equals the one for jointly Gaussian x and y in
(4.219) and solving it will lead to formally the same expression for the CWCU WLMMSE
estimator. However, a significant difference is obtained. By making the assumption
about an underlying linear model, the jointly Gaussian assumption of x and y can be
significantly relaxed. In fact, only the parameter vector x is required to be Gaussian for
obtaining (4.219). The PDF of the noise n can be arbitrary. The only requirements on
the noise vector are Ey[n] = 0 while n and x need to be uncorrelated.

For mutually independent parameters (case 3 of Result 4.2) it is possible to further relax
the prerequisites on x. In this case (S.3) becomes
Ey\xi ['f:l‘x%] = eiHEiKi + ezHEiEii [Xz] + bi, (8'22)

since Fg,|,,[X;|7;] is no longer dependent on x;. By setting (S.22) equal to z; = [1 0} X;
we see that the CWCU constraint Ey,, [#;]2;] = z; is fulfilled if

e/ H; = [1 0} (.23)
and
b= — e?EiEii ;] (S.24)
= - e{{ (Ey ly] - HiEs, [Kz]) (S.25)
= By, [i] — e?Ey lyl. (5.26)

Adapting (S.9) for the case of mutually independent parameters shows that in this case
holds. This result incorporated into (S.23) yields

—YTi—TiT;

eflc,, CoL = [1 o}, (S.28)
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6 Conclusion

which equals (S.10). Inserting in the BMSE cost function leads to the optimization
problem

~yx; —ocx

ccwr = argmin (ef'Cyye;—02) st ef'Cy, ol =[1 0] (S.29)

which again equals the one for jointly Gaussian x and y in (4.219). As a consequence,
the expressions for the CWCU WLMMSE estimator are formally the same.

T Proof that (4.249) Holds for all Three Cases

For the case when the linear model in (4.1) holds and when x is Gaussian, it holds that

Eyy,[y|zi] = Eyjp, [H;x; + H;X; + nla;] (T.1)
= H,;x; + H; Eg |, [X;|:] (T.2)
= H;x; + H; (Ex,[%;] + Cx,,,Cot, (%, — Eu[x1])) (T.3)
= (H; + H;Cy,,Cop, )% + HiEx [x;] - HiCy , Co b Enx)]  (T4)
= (Hicmia:i + ﬁéciix )Qz X T E [ ] - HE, |x x;]

Cy..

—HC“Q;lmE [xi] (T.5)
= Cy,CovXi + Byly) — (B,C,, + HCx ) Coi, B, X)) (T.6)
c,..
= C,, L x, + Byly] - C,.. C; L B, [x] (T.7)
~ Byly] + Con O (s — B ). (15)

where we utilized (S.2) and (S.9).

For the third case of mutually independent but otherwise arbitrary distributed elements
of x, we obtain with (S.27)

Eyzilylzi] = Eyjp, [Hix; + H; Ex,[X;] + nla;] (T.9)
=H;x; + EiEfq (%] (T.10)
= Hx; + Eyly| — H,E,[x;] (T.11)
=E [ ]+H C Cxlm (Xz_Exi[X’iD (T‘12)
\_v_/
..
concluding the proof. O
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U Proof that (4.250) Holds for all Three Cases

This appendix begins with the proof for the case of jointly Gaussian x and y.

For arbitrary jointly Gaussian vectors z and w, the conditional covariance matrix is
given by [3]
C

Xzz|w

=C,,— C,.C.lC (U.1)

—ZW —WW—=WZ"
If x and y are jointly Gaussian, z; and y are jointly Gaussian too. Adapting (U.1) to
this case yields

C -Cc,-C,,C,.cC (U.2)

yyle; T Xyy T Eyziair~=2ay”

For the second case where the linear model in (4.1) holds and where x is generalized
complex Gaussian, we first rewrite y — Ey ;. [y|z;] utilizing (S.9) and (4.249) as

Y = Eyjo,ly|@il = ¥ = Byly] = Cys, Coi, (% — Ei[x)]) (U.3)
- Ezzz + Hzgi +n-— HzEl‘ [Xz] I:IiEfz [Xz]
1
B gyivvzgxﬂ?i (Ki - Exz‘ [Kz]) (U.4)
= Hizi + Hzgz +n— HzEﬂfz [Xz] I:IzEXz [Xz]
- Hzgxlxlgazzlzl (Ki - Eﬂiz [Xz]) - Hzcxlxlggllx (Xz Eﬂﬁz [xz]) ( 5)

=H;x; +n - HFx,[x] - H,Cy, . C..L. (x; — Ex,[x]) (U.6)

= H;x, +n— H, (Bx,[%;] — Cx,.,,C. . (x; — Eu[x)])) (U.7)

=H,(x, - Esile; [X;|zi]) + n. (U.8)

With that, the conditional covariance matrix can be derived as
H
Cyyle = Eype,| (¥ ~ By [yl (v — By lylei)) o] (V.9)
T (< < (= _ H
= Ly|a; [(Ez (% — Bg, e, [Xil7i]) + ) (H; (X; — B[, [%;]2:]) +n) ]a:,} (U.10)

Incorporating (S.9) and the fact that x is generalized complex Gaussian yields

Cyyle; = Hi(Cxix, — Qiixiggilxigxiii)ﬂf +Cin (U.12)

= HC, B +HC,, H + B,C,, B + HC, (B + C,,

Cyy
N HZQMCH%H o Eigiixiﬂf{ - ﬂigxiiiﬂiH - Eigiixigzzivigxiiiﬂf
(U.13)
=Cyy — (H,C,,, +HCs,,) Co, (meﬂzH + Qm@ﬂf{) (U.14)
Cy., o

= Cyy — nyiga?ilmigxiy' (U.15)
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6 Conclusion

For the third case where the linear model in (4.1) holds and where the elements of x are
uncorrelated, we first rewrite y — Ey,. [y|z;] utilizing (S.27) and (4.249) as

Y = By, lylzi] =y — Eyly] = Cyo, Co, (7 — By [x1]) (U.16)
=Hx,+Hx,+n-HFE,[x;] - HFx [X]
- gya:igg;li(& — E;[x;]) (U.17)
= H;x; + X, + n - H;E, [x;] - H;Fx,[X)]
-H,C,,.C.., (x; — Eu[x;]) (U.18)
= H;x; +n — H,Fx, [x}] (U.19)
_H(%, - By %) + (U.20)

With this result and (S.27), the conditional covariance matrix can be derived as

H
T (% - s _ H
= By, [(HL(%; — Bx[%) +0) (Bi(%; — B, [%]) +0) o] (U22)
= Hzgizilﬂf{ + an (U.23)
Cyy
Qyﬂcq‘, gaciy
-1

= Cyy = C30.Ca2,Cary- (U.26)

U

V Derivation of the Conditional Properties of the BWLUE

Consider the BWLUE for z; in (3.62). For this estimator, the conditional mean follows
as

~ _ —1 _
Eyjg,[EBw,ilzi] = uf (HYCuH) "HY C By, [y 7]
_ —1 _
= ufExM:i [Xlwl]

= Zj.
With this result, the conditional bias becomes

b(2Bw i|i) = By, [TBW,i|7i] — 2i = 0. (V.5)
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The conditional variance is given by
N [ N 2
var(&pw,ili) = By, ||28w,i — Eyjo,[TBw,i|2i]] \ﬂfz}
= Ey|a, ||#BW,i — $i|2‘$z}

uf (HIC,'H) 'HYCly — o

]

vz
= Loy n|z; |: u;, X + u; (HHC IH) HHQ;[llg —x :|
_ 2
= B, [ uff (HYCoiH) "H Coin ]

= uf (B ClH) B ClC,, CLIH(HTCIH) ',
_ -1
=u/(H'C H) u,
Finally, the conditional MSE can be derived as
mse(ZBw,i|Ti) = Ey|a, {\@Bw,i - @“z‘mwz}

= var(Zpwi| i)

=u/(HCZH) u;.

(V.13)
(V.14)
(V.15)

W Derivation of the Conditional Properties of the WLMMSE

Estimator

Consider the WLMMSE for z; in (4.49). For this estimator, the conditional mean follows

as
By o, [EwrilTi] = By, [:] + [1 0] Co.yCyy (Byja, [y|2i] — Ey[y]).
Inserting (4.249) produces

Eypalowrile] = B fa] + [1 0] €, G5y Cy0 €L, (x; — Eu[x)

Ty =YY —YZTi

D!

=1

%[Hbo@ (i — Ba[x])

10|l + 1 0]D7 g — B lxi)

[
[1 0} (D; %, + (P2 = D7V E,, [x)]).

(W.1)
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6 Conclusion

Now, the conditional bias can be derived as
b(EwL|Ti) = Eyje, [TwLilz] — 2 (W.6)
=[1 o]Balx)+[1 oD i - Ealxd) - [1 0x (W)
_ [1 o} (D' — 122)x, — [1 o} (D! —122) B, [x,] (W.8)
=[1 0] (D"~ %) (x; - By, [x)). (W.9)
The conditional variance follows with (W.1) as
var(dwi,i|7:) = Eyja, :y@WL,i — Eypp, [Bwrali] \2|xz} (W.10)

= Lyla; ‘Exz (] + [1 0} meg;)} (X - Ey[X]) — By, [zi]

- [1 0} C..yCoy (Eyjz;lyla] — Ey[z})ﬁwl} (W.11)
[ 2
— Tyl Hl O}Qwiyg;;(X_Eylwi[Xm]) |l‘z] (W.12)
1
= [1 O}ng;ylgyymggylgyxi 0]. (W.13)

Utilizing (4.250) allows

N 1 . .
Var(-TWL,’L'LTi) = |:1 O]Qwiygyy (ny 7gyzigzimigziy)gyygywi 0 (W14)
1 1
_ [1 O]Qxiygyygyxi .
1
-1 _1 1

1
= [1 O] gziygyygymigxﬂi Qxlxl [0

-1
=i

— LY =YY —YTi—TiT; —Tiy—YY—YTi—TiT; —TiT;

1
—[1 o}c c;lc,, c;l ¢, cilc,, CoL C H (W.16)

D D;! "
-1 o|p;ic,,, H -1 o/p'DC,,, (1)] (W.17)
_ [1 O]Qi—l(pxz_gi—l)gxixi H (W.18)
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X

With the conditional variance and the conditional bias, the conditional MSE can be
derived as

mse(ﬁrww\xi) = Ey\xi |:‘£’WL,7; — x1]2|x,} (W.19)
= var(Zwri|z:) + [b(Zwr.|zi)]? (W.20)
1
=1 o] -DY)C,,, O]
2
+[1 o] (@7 - 1) (x, — B, x)) (W.21)
X Derivation of the Conditional Properties of the CWCU
WLMMSE Estimator
The CWCU WLMMSE estimator from (4.228) has the conditional mean
By [Zowrilz] = @i (X.1)
and the conditional bias
b(Zcwr,i| i) = Eyje,[TowL,ilTi] — 2 =0 (X.2)

since it fulfills the CWCU constraints. The conditional variance follows with (4.228) as
N N X 2
var(fowr,i| i) = Eyq, [‘$CWL,i — By, [Bowr,ilzd| |96i] (X.3)

= Ely|:(:Z |:’El'z [xl] + egWL,i (X - Ey [X])

2
- Bulo] - eliwni(Byalyled - B 1| (x4
2
= Ly|z; [ egWL,iX - egWL,z’Eym [X’fﬂi” |=’17z} (X.5)
2
= Byja, |[efhwr,i(y — By lylai]) 'lo:] (X.6)
= eIC{WL,igyy\gcieCWL,i- (X.7)
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6 Conclusion

Utilizing (4.226), (4.227) and (4.250), (X.7) reads as

Var(iCWL,”xi) = egWL,i (ny - gyxig";}pigxiy)ecwhi (X8)
1
1
1 -1 -1 H
-1 0|DiC,, €6, C: L Coy Oy €y D H (X.9)
1 1
- [1 O}Qigm_ - [1 o]cm_[ (X.10)
2k 2 0 k2 0
1 2
-1 opc,,, o ok (X.11)
Finally, the conditional MSE can be derived as
mse(Fow|7:) = Byja, [|fcwm- - xi|2|xl} (X.12)
= Var(-i'CWL,i‘xi) (X.IS)
1
= {1 o} D,C, ., 0] — o2 (X.14)

Y Proof that the CWCU WLMMSNE Estimatgr Coincides with
the BWLUE for Diagonal C,, Cyy, Cun, Cun and H

In this appendix, we prove that the CWCU WLMMSE estimator coincides with the
BWLUE for the special case when Cxx, Cxx, Cnn, Cnn and H are all diagonal matrices.
In addition to the notation in (R.1)-(R.3), we utilize

Cux = diag{[52,,52,,...,52,]} (Y.1)
and
Cun = diag{[07,, 55, -, Tnp ]} (Y.2)
With h; denoting the i*" column of H and h; denoting the i*" diagonal element of H,
we define
hi ON u; ON hi 0
H = = Y.3
m= )=l Wl .
e — ——
v, f,

where u; is a column vector with a 1’ at its i element and all zeros elsewhere. Now,
C,,y becomes

C,,=C,.H=cC, H

=x;y =T, T;==1

Uy (Y.5)
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With that, we simplify the expression for the CWCU WLMMSE estimator in (4.228) as

Tewr,i = Eg, 2] + {1 O}C (CoiyCyyCyu,) ‘c,, vCyy (¥ — Eyly]) (Y.6)
= Ey,[xi]

+[1 oC (LB U CluRC,, ) ¢, BUIC(y - By

(Y.7)
= Ey, [z

+1 o}ﬂjl(UTc—lU.)‘l(ﬂf)_ H, UTC;(y — Byly)) (Y.8)

= By loi]+ 1 0|H; (UF'Cyiu,) 'UTCL (v — Eyly)). (Y.9)

Similar to Appendix R, one can show that for the considered special case it holds that
-1

(UfC,,U;)  =U/C,,U;, and that C,,U,U/C;} = U,U/C, C,! = U,U]. This
allows to modify (Y.9) according to
R r 1~—1
TCWL,: = Emi [.I'Z] +11 0 Ez HZTQZ HZT (Z — Ey [X]) (Y.lO)
L J ~——
12x2
r 1~-1
=B, [z]+ |1 0|H; U!(y - Eyly]) (Y.11)
r 1~—1 r T~—1
=E[z]+ |1 0/H, Uly— |1 0/H, U/H Ex[X] (Y.12)
L 4 - L d \-v-/
HY
i 1 ""71 T [ T ""71 T
= E[z;]+ (1 0|H; Uly— |1 0|H, H]Ex[x] (Y.13)
r T~—1 r Te—1 ~T
= FE, [z + |1 0/H, Ul'y— |1 0|H, H, U Ex] (Y.14)
- - - - - N N—
H, Bolx)
N o
= Ey,[zi] + |1 0|H; Uly— |1 0|Ey[x] (Y.15)
~ 1
= |1 o|E; Uy, (Y.16)

This is the final result for the CWCU WLMMSE estimator for the special case of diagonal
Cxx, Cxx, Cun, Cun and H. We will now show that the BWLUE formally yields the
same expression. This can be shown as

iws, = |1 o|UT(HCLiH)"HICly (Y.17)
=1 o|uTH"'C,,(H") 'H C;ly (Y.18)
=1 o] U'H!' Yy (Y.19)
L _ —_——
~(ur)efur
=1 o|m; Uy, (Y.20)

which corresponds to the expression of the CWCU WLMMSE estimator in (Y.16). O
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6 Conclusion

Z Derivation of Case 2 and 3 of Result 4.3

We start with case 2, which assumes a real-valued Gaussian parameter vector x, and
begin the derivation of the i** component Z; of the estimator. Recall the formulation of
y in (4.113). We will now formulate a similar expression for y. With the notation

b= Y| ¢ CcHy H, = || o2Vex(em) (Z.1)
7 h;k I, Hf:
the augmented form of (4.113) yields
y =hz; + H;x; +n. (2.2)

Note that H, is in fact not an augmented matrix. However, for the sake of simplicity
and uniformity, we utilize the notation in (Z.1). Incorporating (Z.2) into (4.325) yields

Eylxi [ﬁcz\xl] = Ey\mi [eflz + bz‘ﬂﬁz] (2.3)
= Bnxijo, 6] (hyz; + HX; + 1) + b |2;] (2.4)
= of (yr + H, By, [Kili]) + i (2.5)

Because of the Gaussian assumption we have

-1

Eylzi [£l|xl] = efl (hle + Hz (Ef(i [i{l] + Ciifﬂi (O’il) (xl - EfBi [xl]))> + bi. (Z'G)

By setting (Z.6) equal to x;, one can see that the CWCU constraint Fy,, [T;]2;] = z; is
fulfilled if two conditions are fulfilled. The first condition is

] -1
o'+ e/ HiCxw, (0z,) =1 (2.7)
el (hﬂii +H,Cx.,) = o2 .

1
The expression in the brackets in (Z.8) corresponds to C,,,. ol’ which can be shown by

Qy:ri (1) = Ey7x :(X - Ey [X])(Ez - Eitz [Xz])H] [(1)] (Zg)
= By |y~ By ([1 0] (i = Eulx)”)] (2.10)
= Eyx -(hi(xi — By, [2i]) + Hi(%; — Bx,[%]) + 1) (v — By, [w)"|  (2.11)

=h;02 + H,Cx,s,. (Z.12)

=Yz,

Hence, the first condition reads as

H
€; gyxi

1] =02 (Z.13)
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The second condition follows from (Z.6) as

b= — e H, (Fx,[%i] — Cxor, (02) 7 B[] (Z.14)
= —el'H;Ex [x)] +el! H,Cxu (02) ' Eylei (2.15)
~——
1 2
Qyzi O _hio—zi
_ 1 _
= — ol BB ] — el [o] +el'C, 0]@%) ‘Bule]) (236)
2

where (Z.12) and (Z.13) were utilized. Eq. (Z.13) and (Z.17) allow to simplify the BMSE
cost function Ey y[|Z; — 7;|?] according to

J(ei) = By x[lef'y +bi — zi|’] (Z.18)
= Byxllef (y - Byly]) - (@i — B, zi]) (2.19)
= Byxllef’ (y = Bylyl) = |1 0](x; — Eu[x)P] (2.20)
1
H H
=el'Cyyei—el'Cy, | | - 1 o]C et 1 0|C,,, 0] (2.21)
= eflgyyei - ‘79231- - ‘792% +03, (2.22)
= eflgyyei - agi. (2.23)

Combining the cost function in (Z.23) and the constraint in (Z.13) leads to the opti-
mization problem

(2) " =1 (2.24)

eCcwL,; = argmin (eZHnyei —02) st elC
) e; i

Note that this optimization problem equals the one for jointly Gaussian x and ygr in
(4.336). Solving it will formally lead to the same expression for the CWCU WLMMSE
estimator. However, a significant difference has been obtained. By making the assump-
tion about an underlying linear model, the jointly Gaussian assumption of x and yr can
be significantly relaxed. In fact, only the parameter vector x is required to be Gaussian
for obtaining (4.336). The PDF of the noise n can be arbitrary. The only requirements
on the noise vector are Ey[n] = 0, while n and x need to be uncorrelated.

For mutually independent parameters (case 3 of Result 4.3) it is possible to further relax
the prerequisites on x. In this case (Z.5) becomes

since Fg,|,, [X;|2;] is no longer dependent on ;. By setting (Z.25) equal to z; we see that
the CWCU constraint Ey,, [#;|z;] = z; is fulfilled if

ellh, =1 (7.26)
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6 Conclusion

and
b = — ef'H,Fx, [%;] (Z.27)
= —efl(Byly] - h; By, [a:]) (2.28)
— B[] - e By ly). (2.29)

Adapting (Z.12) for the case of mutually independent parameters shows that in this case

1

holds. This result incorporated into (Z.26) yields

(02)7 =1, (Z.31)

which equals (Z.13). Inserting in the BMSE cost function leads to the optimization
problem

. -1
eCWL,i = argmin (eflgyyei — aii) st. eflC (agi) =1 (2.32)

This again equals the same optimization problem as for jointly Gaussian x and ygr in
(4.336). As a consequence, the expressions for the CWCU WLMMSE estimator are
formally the same.

AA Proof that (4.358) Holds for all Three Cases

We consider the real composite model for real-valued parameters

_— yr| _ |Hr
yi H;
Let hr; denote the ith column of Hg, I:IRJ denote the matrix resulting from Hpg after

deleting hg ;, x; denote the i element of x, and X; the vector resulting from x after
deleting x;. Then, the model in (AA.1) can be rewritten as

nr
np

x + = Hgx + ng. (AA.D)

yr = hg;z; + HgX; 4+ ng. (AA.2)

Furthermore, it holds that
Cyrai = Eyp x[(Yr — By, [yr]) (2 — By, [2:])7] (AA.3)
= By x[(hri(zi — Ey,[2i]) + He (X — Ex,[%i]) + ng) (2 — By, [2:])"]  (AA4)
= hg 07, + Hp ;Cx,a,- (AA.5)
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For the case of Gaussian and real-valued x, it holds that

By |z, [y|Ti] = By, [hei7i + He i Ex, [Xi] + ngla;] (AA.6)
= hgz; + Hp i Ex,[%i]2:] (AA.7)
= hp;z; + Hp; (Ex, [Xi] + Cx.0,(02.) H(zi — Ey, [2i])) (AA.8)
— (hp; + Hg ;Cx,s, (02,) ") wi + Hr 1 Fx, [%;] — HpiCro, (02,) " By, 4]

(AA.9)
= (hR,z‘U;%i + I:I]R,icfcizi) (Ugi)_lxi + By, [yr] — hg By, (4]
C:'n;l‘i

— Hg ;Cx,0,(07,) " By, 1) (AA.10)

= Cy,u;(02,) "' + Eye[yr] — (he 07, + HriCxua,) (07,) " By, 2]
(AA.11)
= Cypa;(03,) "' @i + By, [yr] — Cypa, (03,) " B, [wi] (AA.12)
= By, [yr] + Cypa, (07,) " (s — B, [xi]). (AA.13)

For the third case we assumed mutually independent but otherwise arbitrary distributed
real-valued elements of x. Then it holds that

By e [YRI %] = Eygja, [br 7 + He i By, [Xi] + nrla;) (AA.14)
= hg ;z; + Hg ; Ex, [Xi] (AA.15)
= hp2; + By [yr] — hriEq, 2] (AA.16)

~——
Cyge;
- EY]R [Y]R] + CYRQJi(O—C%i)_l(xi - Ezi [.%'Z]), (AA-IS)
concluding the proof. O

AB Proof that (4.360) Holds for all Three Cases

The proof of (4.360) for jointly Gaussian x and yg is a straightforward extension of the
consideration in Appendix N.

For the second case with real-valued and Gaussian x, we first rewrite yr — Ey_ |, [yr|7i]
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6 Conclusion

utilizing (AA.2) and (4.358) as

YR — EYRW [YR|5L‘1'] =YRrR — EYIR [YR} - C}’in (Jgi)_l(xi - Ewi [1'2]) (AB'l)
= hg;z; + I:IR7’£}_(7; +ng — hg; Ey, (2] — I:IR,iE:‘cZ— [X]
- CYin(Ugi)_l(xi - E.Ti [xz]) (AB.Q)

= hgz; + HpiX; + ng — hg ;B [2;] — Hp i Ex,[X;]
—hg;07,(02) " (% — By, [2i]) — HriCxyo, (02,) ' (s — Ex,[wi])

T; T

(AB.3)
= Hp;X; + ng — Hg; Fx, [%;] — Hr ;Cx,a, (Ugi)_l(xi — By, [z:])
(AB.4)
= Hp;%; + ng — Hg; (Bx, [%i] — Cxa,(02) ' (2; — Ey,[2:]))
B |e; [Xil7i]
(AB.5
=Hg,(xi — Ezi |z [Xi|zi]) + ng. (AB.6)
With that, the conditional covariance matrix can be derived as
Cyryrlz: = Eygla: [(YR — Eypla; [YR|%]) (YR — Byl [YR\%])HM} (AB.7)
= Eyple; |:(I:I]R,z’ (Xi — Ex,jz;[Xilzi]) + nr) (Hri (X — By, o, [Xil2]) + nR)H!a:z}
(AB.8)
= Hp ;Cx,x;|z, Hit ; + Cngng- (AB.9)
Incorporating (AA.5) and the fact that x is real-valued and Gaussian yields
Cyayale: = I:IR:i(Ciiii — Cx,a (Ugi)_lcxiii)ﬂfii + Crgng (AB.10)
= Hp;Cx,x, HY; + hr ;02 hf; + He;Cx,s,hf; + hr ;Co i, HE ; + Criny
C;er
—hg;o} hif; — HeiCx,s b,
- hR,icmiiiﬁﬂgi - ﬂR,iCiixi(Ugi)ilcxiiiﬁﬂgi (AB.11)
= Cyays — (hzi07, + HpiCx.s ) (07) 7" (070, + Cox Hi,)  (AB.12)
C;n;vi C;;'R
= Cyayz — Cya; (O-gji)_lcfl‘iy]}g' (AB.13)

For the third case where the elements of x are uncorrelated, ygr — Ey, |, [yr|zi] follows
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as

YR = Bygla,[yrle:] = Y& — Eyy[yr] — Cyga, (03,) 7' (21 — By, la4]) (AB.14)
= hg;z; + He iX; + ng — hg i By, [2;] — Hg ; Ex, [X;]

— Cyau (03,) (@i — By [a]) (AB.15)
= hg j2; + Hr iX; + ng — b i By, [2;] — Hr i Fx, [Xi]

— hg 07, (07,) " (@i — By, [xi]) (AB.16)

= Hg,iX; + ng — Hg ;i Fx,[X/] (AB.17)

= Hp;(X; — Bx,[Xi]) + ng. (AB.18)

Incorporating (AA.5) allows deriving the conditional covariance matrix as

H
Cyayplz: = Eygla, [(YR — By 0, lyrlzi]) (YR — Eygjo, [yr|2i]) \:cz} (AB.19)
= Lyrle [(I:IR,i(ii — Ex, [%i]) + nR) (I:IR,z'(ii — Fx,[xi]) + DR)HMZ} (AB.20)
= Hg ;Cx,x; HE; + Cnans (AB.21)
= Hz,Cxx, Hz; + hz,07 hg + Cnang —hzi07 by (AB.22)
Cyryr
= CY]RyR - hRyiO—QQCi (O-C%i)_l O—gl h]llg,z (AB23)
S~—— N——
CY]R%' CINR

= CYRYR - C}’RI«; (Jii)_lcxiyg' (AB.24)
O

AC Derivation of the Conditional Properties of the WLMMSE
Estimator for Real-Valued Parameters

Consider the WLMMSE for z; in (4.49). For this estimator, the conditional mean follows
as

EypeJownileid = Ex ] + [10]C,y O3l (Bypn [yl - Eyly)). (AC.1)

Inserting (4.359) produces

. _ 1
Ey|a, [EwL,il7i] = Ex[zi] + Cmizgy;CXIiUT(xi — By, [2:]) (AC.2)
DI
= B[] + D] (@i — By, [xi]) (AC.3)
= [D];}zi + (1 = [D];;) Ex, [wi]. (AC.4)
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6 Conclusion

Now, the conditional bias can be derived as

b(EwL|wi) = Ey|y, [EwLilzi] — 2 (AC.5)
= (DI = 1)ai = (D! = 1) B[] (AC.6)
= (DI} = 1) (@ — Eu ). (AC.7)

The conditional variance follows with (AC.1) as

. P . 2
var(iwil2:) = Byja, ||owii — Byje, [ il m} (AC.8)

= Lyl ’E [$2]+szyc (y Eyly ]) Eg, 2]

- CuyCyy (Byjolylai] - Eyly]) *le:] (AC.9)
[ 2
= Lyla; \CwQ;yl (¥ = By, [zlxi])) |$i] (AC.10)
= Cu,yCyyCyyi2,Cyy Cyu,- (AC.11)
Utilizing (4.361) allows
1

var(fwri|@i) = CWQ;; <ny = Cyuy— 2 Cxiy)C Inyz (AC.12)
= Cu,yCyyCya, — CuiyCyiCyu,— -z L ¢ 2yCyyCya, (AC.13)

1 1,

C zyC Cyzz 2 O-.Z‘I C zyc Cyzz 2 C zyC Cy$1 2 Uaci
(AC.14)
= [D]i_ilagi - [D]i_il [D]i_,ilagi (AC.15)
- D}, (1 . [D]J)aﬁi. (AC.16)

With the conditional variance, the conditional bias, and the fact that [D];; > 1 is real-
valued, the conditional MSE can be derived as

mse(Zwr, ;|Ti) = By, [\fcww — xZIQ\xZ} (AC.17)
= var(&wri|7;) + [b(Zwr|zi)[? (AC.18)
=1 (1 - D)2 + (D) - 1) @i - Bof))| (A1)
= o) (1 - 1 )o2 + (1 - 1) I - Bo ). (AC20)
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AD Derivation of the Conditional Properties of the CWCU
WLMMSE Estimator for Real-Valued Parameters

The conditional mean and the conditional bias of the CWCU WLMMSE given in (4.92)

has the conditional mean
Eyje [Towrlwi] = =i (AD.1)
and the conditional bias
b(Zcwr,i| i) = Eyje, [TowL,ilT] — 2 =0 (AD.2)
since it fulfills the CWCU constraints. The conditional variance follows with (4.343) as

. . . 2
var(TowL,i|Ti) = By, DSUCWL,i — Eyjp [#cwLilzi | |$i:| (AD.3)

“Ez T +egWL,i(X— Eyly])

2
- Bufo] - i Byalylo] - B[] (aDa
2
ylzi [ egWL,z‘X - egWL,z’Ey\xi [X|56iH |l‘i] (AD.5)
2
= egWL,iny\xieCWL,i- (AD.7)

Utilizing (4.361), (4.341) and (4.347), (AD.7) reads as

Var(icww\xi) = egWL,i (ny — szi(agi)_lcmiz> €CWL,i (AD.8)
2
_ %,
1 1
1 0]C.yCiiCy, .

1

% [10]Cy Gy (Cyy = Cyai(62) ' Cuy ) Cyy O, o| (AD9)

21\2
_ (0z.) — o2 (AD.10)

1
~1
1 olesesden )
= o2 ([Dl;; — 1). (AD.11)
Finally, the conditional MSE can be derived as

mse(ZewL,i|Ti) = Eyq, “i“CWL,z‘ — 2| (AD.12)
= var(Zcwr,i|zi) (AD.13)
=02 ([Di; — 1). (AD.14)
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6 Conclusion

AE Complexity Analysis of the LMS Algorithm for Real-Valued
Filter Coefficients

We analyze the computational complexity in terms of the required multiplications and
additions for the update step in Result 5.1.

e Derive ¢, € C
T
€k = Yk — Wj_1Xk

wi_xz €C 2Ny 2Ny, — 2
Y — wi_1x €C 0 2
e, summary 2Nw 2N

e Derive wy, € RVw
wi, = wWi_1 + uRe{x}es}

Re{xje;} € RMw 2Ny Ny
pRe{xter} € RMw Nw 0

w1 + pRe{xjer} € RNw 0 Ny
Wi summary 3Nw 2N

e Total

Real-Valued Multiplications 5Ny
Real-Valued Additions 4Ny
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AF Complexity Analysis of the RLS Algorithm for Real-Valued
Filter Coefficients

Here, we analyze the computational complexity in terms of the required multiplications
and additions for the update step in Result 5.2.

e Derive G, € CNwx2

~ ~ —1
Gr = \1P,_ X, (IM n A—lkaPk,lxk)

olo|loclo|l~|o| ol —~
N
2|«
2
EI B Z,
| BON—«ZO§
NB% A e
— 2
= 2,
<
o
_|_
2
3 3 Z
N32©om2££
< | L S F
xR
2,
<
[a\}
s
=2
e
2 w
7 ©r
& Y=
g Xy~
= O | 2 |
& Ewbil«znf
= QH .@mvé&
é '/—\m-.M
C |~ w&m&j‘
S ﬁ%%«
NQHIT +
X | ] <
Sl | V] = | Ty
BQQZQ"E&‘FN
WK T Mo [ o
W T < [N | B
| Llme| T || L] B
~ha [ M Ty | e | B
.LL:I:-&ETXCL 'LLT <
W W < | = | < || O
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6 Conclusion

e Derive e;, € C?
Is the augmented version of e, = yi — W{_lxk eC

wi x; €C 2Ny 2(Nw — 1)
Yk — W%_lxk eC 0 2
€, summary 2Nw 2N

e Derive Py, € RNwxNw
f’k =1 (f)k—l — GkaHf’k_1>

Xff’k,l € C2*Nw results from the 0 0
update step for Gg

HD Nw X Nw .
GrkX!~C P, 1eR (symmetric AN AN
matrix)
f)k—l — GkaHiSk_l € RNwxNw 0 N‘%
AL <1~)k—1 — kagf)k—l) S RNw X Nw Ny 0
P}, summary 5N2 5N2

e Derive wy, € CNw
T _ T TH
wy, =W +¢, Gy

el GIf € R 2Ny 2Ny

wl | +elGH e RNV 0 Ny

W), summary 2Ny 3Nw
e Total
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Real-Valued 9
Multiplications NGy + 40Nw +9
Real-Valued Additions IN2Z + 29Ny, — 4
Real-Valued Divisions 1

AG Complexity Analysis of the Bayesian NLMS Algorithm

An analysis of the computational complexity in terms of the required multiplications,
divisions and additions for the update step in Result 5.3 is presented in this appendix.

e Derive ¢, € C
T
ek = Yk — Wi_1Xk

wl x, €C 4Ny, 2Ny — 2
Yk — Wf_lxk eC 0 2
el summary 4Ny, 2Ny

e Derive normalizing term L eR

e+ [[xkl|3+arA (Crp)

xkll3 € R 2Ny, 2Ny, — 1 0
1
R
o+ Ll (O © 2 2 1
W summary 2Ny + 2 2Ny +1 1

e Derive wy, € CNw
W = Wg—1 + Unk

g (e~ il - )

1
5"'%”’%”%"‘%)\1 hh
9n
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U%x,:ek € CNw 6Nw 2Nw
w1 — Fnlh] € CNw 0 2Ny
axCrp(Wi—1 — En[h]) € CMw 6Ny 2Ny
srxjer — apCpy(wi_y — Bp[h]) € CM 0 2Ny
1

W1+ Mn’ke-i-éﬂxkﬂg-i-ak)\l(cﬁﬁ)

X (;%x%ek - akC}_ﬂll(Wk—l - Eh[h])> S 4Nw 2Nw
CNw

Wi summary 16 Ny 10Ny

e Total

Real-Valued Multiplications 22Ny + 2
Real-Valued Additions 14Ny, +1
Real-Valued Divisions 1
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PWCU  part-wise conditionally unbiased
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QPSK quadrature phase-shift keying

RLS recursive least squares

STLN structured total least norm

STLS structured total least squares

TLS total least squares

UW-0OFDM unique-word orthogonal frequency division multiplexing
WLAN  wireless local area network

WLLS widely linear least squares

WLMMSE widely linear minimum mean square error
WLS weighted least squares

WWLLS weighted widely linear least squares
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