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Notations

We regroup here the principal notations used in the different chapters of the thesis. As far

as possible we tried to conserve the same notations from one chapter to another.

x Scalar variable

X Vector

{z,} Set of the variables .,

a7 Transpose of vector

z* Complex conjugate of variable z

| z | Magnitude of complex variable z

2H Hermitian, i.e., transpose conjugate, of complex vector z
AL Inverse of matrix A

I Identity matrix

0 All zero vector

1 All one vector

diag(xg,...,xy—1) Diagonal matrix with diagonal elements {z,, }
IL, zn Product of the N elements {x,, }

Yonn Summation of the N elements {z,, }

E{z} Expected value of random variable z
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NOTATIONS

var{z}
Pr{A}

Pz

PrA| B

X

©O)
argmin(f(z))
argmaz(f(z))
(), 0y
exp(r)

Q(z)

J() (ZE)

T(t)

Variance of random variable z

Probability of event A to occur

Probability density function of random variable x
Probability of event A conditioned on event B
Proportional to

Approximately equal to

Convolutional product

Compound function, f () g(z) = f(g(x))
Value of x that minimizes the function f(x)
Value of x that maximizes the function f(x)
Dirac and Kronecker delta functions
Exponential function

Complementary error function

Zero-order Bessel function of the first kind rect

Rectangular function
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Acronyms

Here are the main acronyms used in this document. The meaning of an acronym is usually

indicated once, when it first occurs in the text. The english acronyms are also used for the

french summary.

AWGN
BAF
BQUE
CDF
DB
DFT
DS
EM
EMSE
EKF
FIR
FF

IR

iff
i.id.
ISI
LSTBC
MIMO
MISO
ML
MMSE

Additive White Gaussian Noise
Bayesian Adaptive Filtering

Best Quadratic Unbiased Estimator
Cumulative Distribution Function
Doppler Bandwidth

Discrete Fourier Transform
Direct-Spread

Expectation Maximization

Excess Mean Square Error
Extended Kalman Filter

Finite Impulse Response
Forgetting Factor

Infinite Impulse Response

if and only if

independent and identically distributed
Inter-Symbol Interference

Linear Space-Time Block Code
Multiple-Input Multiple-Output
Multiple-Input Single-Output
Maximum Likelihood

Minimum Mean Square Error
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MSE Mean Square Error

NLMS Normalized Least Mean Square

LMS Least Mean Square

OFDM  Orthogonal Frequency Division Multiplexing
RLS Recursive least square

PDP Power Delay Profile

RPEM  Recursive Prediction-Error Method

I.V. Random Variable
Rx Receiver
KF Kalman Filter

SAF Standard Adaptive Filtering

SBEM  Subspace-Based Estimation Method
SOS Second-Order Statistics

SIMO  Single-Input Multiple-Output

SIR Signal-to-Interference Ratio

SISO Single-Input Single-Output

SNR Signal-to-Noise Ratio

S/P Serial-to-Parallel Conversion
S.t. such that
SS Step-size

STC Space-Time Code
VSS Variable Step-size
TV Time-Varying
WF Wiener Filter
W.I.L. with respect to

WSS Wide-sense Stationary
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Résumeé

Le filtrage adaptatif est en principe destiné a poursuivre les systemes mobiles. Cepen-
dant, la plupart des algorithmes de filtrage adaptatifs ont été conus pour converger a un
filtre inconnu fixe. Une fois réellement confrontés avec un environnement mobile, ils
possedent juste un parametre (stepsize, facteur d’oublie) pour ajuster leurs possibilités de
poursuite. Dans le cas stationnaire de la non stationnarité, les coefficients optimaux de
filtre évoluent comme un processus stationnaire. L’approche de filtrage adaptatif bayésien
exploite I’information a priori dans ce modele stationnaire de variation de parametre pour
optimiser I’exécution de filtrage adaptative. L’information préalable contient deux car-
actéristiques critiques de parametre : la variance (I’amplitude) des divers coefficients de
filtre et leur spectre de variation (le power delay profile (PDP) et le spectre de Doppler
dans le cas du canal sans fil). Les outils pratiques pour mettre en application le filtrage
adaptatif Bayésien (BAF) sont les filtres de Wiener ou de Kalman. Ce dernier modélise
typiquement la variation des coefficients du filtre optimal comme des processus AR(1).
Les parametres de ces processus AR(1) peuvent étre commodément identifiés avec un
algorithme d’EM (Expectation Maximization) adaptatif. Pour limiter la complexité au
méme ordre que la complexité de I’algorithme de RLS, un modele d’état diagonal pour
Kalman peut étre pris. Dans cette these on introduit ces techniques pour rendre le concept
existant du filtrage adaptatif Bayésien praticable. Aussi, nous analysons 1’effet du PDP
et de la largeur de bande de Doppler en régime permanent des algorithmes Bayésiens et
nous comparons avec les algorithmes standards (LMS et RLS). Dans la deuxieme partie
de cette these nous introduisons une approche a deux étapes; le but de cette approche est
de présenter des techniques de BAF qui ne sont pas immensément plus complexes que

I’algorithme LMS. L’approche a deux €tages proposée se compose d’une premiere étape
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utilisant un filtre adaptatif classique a convergence rapide, suivi d’un filtre passe-bas et
de sous échantillonnage dans le temps des coefficients du filtre adaptatif. La deuxieme
étape applique alors un Kalman, filtrant a cadence réduite sur un modele d’état simplifié.
Finalement on aussi étudié I’optimisation de la fenétre dans 1’algorithme RLS, dans cette
partie, nous considérons la poursuite d’un filtre optimal modélisé par un processus station-
naire vectoriel. Nous interprétons 1’algorithme du moindre carré récursif (Recursive Least
Squares (RLS)) comme le filtrage de la variation du filtre optimal et le bruit d’estimation
(induit par le bruit de mesure). L’opération de filtrage effectuée par 1’algorithme RLS
dépend de la fenétre utilisée dans le critere des moindres carrés. Pour pouvoir formuler
un algorithme moindre carré récursif, il faut que la fenétre puisse €tre exprimée d’une
maniere récursive. En pratique, seulement deux fenétres ont été examiné (chartérisée
chacune par un unique parametre): la fenétre exponentielle (W-RLS) et la fenétre rect-
angulaire (SWC-RLS). Cependant, la fenétre rectangulaire peut étre généralisée, a un
colt réduit, a une fenétre généralisée (GSW-RLS) avec trois parametres au lieu d’un seul,
incluant les deux précédentes fenétres comme cas spéciaux. Puisque la complexité de la
fenétre rectangulaire (SWC-RLS) est essentiellement le double de la fenétre exponentielle
(W-RLYS), il est généralement admit que cette augmentation de la complexité entrane une
amélioration de la poursuite. Nous prouvons que, avec un bruit d’estimation égal, les per-
formances de la fenétre exponentielle W-RLS surpasse généralement les performances de
la fenétre rectangulaire (SWC-RLS) dans le cas d’un probleme de poursuite causal. Les
performances de la fenétre généralisée GSW-RLS sont généralement meilleures. Pour
le probleme de poursuite non-causal, le SWC-RLS est de loin le meilleur (la GSW-RLS
tends vers la SWC-RLS). En présence d’un a priori statistique sur le canal, les parametres
des fenétres sont estimés en minimisant 1’erreur quadratique moyenne (MSE). Si on sup-
pose que le spectre de variation du canal est un spectre plat, passe-bas; le GSW-RLS
surpasse le W-RLS (qui surpasse son tour le SWC-RLS). Dans le cas générale, nous
dérivons les expressions des fenétres optimales pour la poursuite causale et non-causale. 11
en ressort que la fenétre exponentielle est optimale pour une poursuite causale d’un canal
AR(1) ; tandis que la fenétre rectangulaire est optimale pour la poursuite non-causale d’un

processus de saut blanc.
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Introduction and Motivations

Adaptive filtering have been extensively studied for a large range of applications including
channel estimation, adaptive equalization, echocancelation, etc in a variety of stationary
environment. For the nonstationary environments, two different classes of input have been
studied for adaptive filtering algorithms. It has been shown that the Wiener solution has a
time-varying characteristic. In contrast to adaptive filter convergence, which is a transient
phenomenon, the tracking characteristics of the adaptive filter are known be to a steady
state property of the filter. Consequently, good convergence properties do not ensure good
tracking performance, and a compromise between the two properties are required for ap-
plications in a non-stationary environment. The standard adaptive filtering (SAF) such as
the least mean-square (LMS) algorithm , and the recursive least-squares (RLS) algorithm
are established as the principal algorithms to track for linear adaptive filtering. The con-
vergence behaviors of both of these algorithms can be found in the literature ([1]), ([22]),
([10]). The RLS algorithm has a faster rate of convergence than the LMS algorithm and
is not sensitive to variations in the eigenvalues of correlation matrix of the input signal.
However, when operating in a non-stationary environment, they pocess only one param-
eter to adjust the tracking. Most of the work on adapting tractive capability has focused
on adapting one tracking parameter. In RLS, it doe cost any computational complexity to
make the forgetting factor time-varying. Modifications to fast RLS algorithms to allow a
time-varying forgetting factor, as well as algorithms to adjust this forgetting factor on the
basis of correlation matching have been pursued in [82]. The equivalent development for
LMS algorithms concerns Variable StepSize (VSS) algorithms. Important developments
were presented in [37],[39], [65],[64],[66] [38],[42]. Most of the VSS algorithms use the

steepest-descent strategy and the instantaneous squared error cost function of the LMS




16

algorithm to adjust the additional parameter, which is the step-size. A related but differ-
ent approach consists in running various adaptive filters with different time constants and
selecting or combining their outputs, similarly to what is done in model order selection,
see [71],[70], [68],[69].

A further refinement is to allow different tracking bandwidths for different filter com-
ponents as is done in [40] with a VSS per filter coefficient and in [81] where the tracking
capacity increases with frequency for the various frequency domain components of the
filter. The work in [40] essentially shows that a "diagonal” state-space model may allow
a simplification of the Kalman Filter (KF) to a LMS algorithm with a VSS per tap, but no
attempt is made to automatically adjust the resulting stepsizes.

Besides the statistical modeling of the parameter variation, another important ingredient
in Bayesian adaptive filtering is the incorporation of prior knowledge on the coefficient
sizes.

The influence of the prior distribution on Bayesian estimation, depends on the confidence
on the observation, which in turn depends on the length of the observation, and on the
SNR. In general, as the number of the observation samples and the SNR increase, the
variance of the estimate, and the influence of the prior, decrease. In estimating a Gaussian
distributed parameter observed in AWGN, as the length of the observation N increases,
the importance of the prior decrease, and the MAP estimate tends to the ML estimate.
Indeed, when tracking time-varying filters, it becomes possible to learn the variances of
the filter coefficients. This aspect has been exploited for a while in a rudimentary, binary
form for sparse filters: filter coefficients are either adapted or deemed to small and kept
zero (for each filter coefficient, the stepsize is either O or a constant). More recently, a
smoother evolution of the stepsize has been introduced, leading to the Proportionate LMS
(PLMS) algorithm, motivated e.g. by acoustic echo cancellation in which the adaptive
filter has many coefficients, but their value tapers off, see [78],[79]. Similar prior infor-
mation is starting to be taken into account for (LMMSE) channel estimation in wireless
communications [84], where the evolution of the channel coefficient variances along the

impulse response is called the power delay profile.

The time variation of the optimal filter can be described by either expanding the fil-

ter coefficients into fixed time-varying (e.g. sinusoidal) basis functions (basis expansion
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models (BEMs)) [24], or by modeling [10], them as stationary processes. The latter
approach is perhaps better suited for minimum delay online processing. This case of con-
stant slow variation of the filter coefficients (”drifting” parameters) is to be contrasted with
another possible case of only occasional but significant variation ("jumping” parameters)
which shall not be considered here. A lot of work has been done on optimizing the sin-
gle parameter regulating the tracking speed of classical LMS or exponentially weighted
RLS algorithms [1],[6],. For LMS, such an adaptive optimization leads to the class of
Variable Step-Size (VSS) algorithms, see e.g.[40] and references therein. Adaptive filter-
ing algorithms with a single adaptation parameter do not take into account that different
portions of the filter may have different variation speeds and/or different magnitudes and
hence can be quite suboptimal. One noteworthy attempt to overcome this limitation is the
introduction of a coefficient-wise VSS, but the automatic adaptation of these VSSs is a
difficult task. In Bayesian Adaptive Filtering (BAF)[12], prior information on the filter
coefficient variances and variation spectra is exploited to optimize adaptive filter perfor-
mance. A straightforward way to implement BAF is to use the Kalman filter. However,
the complexity of the Kalman filter is much higher compared to that of the popular LMS
adaptive filtering algorithm. Furthermore, the Kalman filter needs to be augmented with

a state-space model identification technique.

In order to design a general Bayesian Adaptive Filtering (BAF) model, one can pro-

ceed in two basic approaches.

It has been known for a long time that for best tracking results adaptive filtering should
be formulated as a Kalman filtering problem, leading to Bayesian Adaptive Filtering
(BAF). BAF techniques with acceptable complexity can be obtained by focusing on a
diagonal AR(1) model for the time-varying optimal filter settings. The hyper-parameters
of the AR(1) model can be adapted by introducing EM techniques and one sample fixed-
lag smoothing at little extra cost. Standard AF techniques such as the LMS and RLS
algorithms are equipped with only one hyper-parameter (stepsize, forgetting factor) to

optimize their tracking behavior.
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Thesis outline and contributions

While adaptive filtering is in principle intended for tracking non-stationary systems, most
adaptive filtering algorithms have been designed for converging to a fixed unknown fil-
ter. When actually confronted with a non-stationary environment, they possess just only
one parameter (stepsize, forgetting factor) to adjust their tracking capability. Virtually the
only existing optimal approach is the Kalman filter, in which the time-varying optimal
filter is modeled as a vector AR(1) process. The Kalman filter is in practice never applied
as an adaptive filter because of its complexity and large number of unknown parameters in
its state-space (AR(1)) model. This motivated our work in this thesis to look for practical
techniques to take advantage of the Kalman optimality with reduced complexity to make
this approach applicable. Also to propose different methods for the estimation of the large
number of parameters.

To better understand the different parameters used in the first part of the thesis we conside
we begin in chapter 1 by a brief introductory presentation of state space model and general
principals of standard adaptive filtering. We then introduce critical parameters defining
the wireless channel medium (Power-Delay Profile, Doppler Bandwidth,...) followed by

an illustrative example.

Chapter 2 focuses on Kalman smoothers and Kalman filters which form an important
component of algorithms developed later in this thesis. While most of the results pre-
sented in this chapter are well-known to much of the adaptive filtering research, some
results, such as the recursion equation and the fixed interval Kalman smoother, are either
new or obscure in origin. Even in the case of the better-known material, its importance
to this thesis merits its restatement. Following an introductory section on notation, we
present a derivation of a recursive Kalman filter and include a practical strategy for en-
suring that the results of the filter are numerically stable. An identical approach is then
taken for the Kalman smoother. Our attention is then directed toward the stability of the

time-varying Kalman filter and smoother.

Chapter 3 is concerned primarily with the problem of selecting a model from a set of
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candidates. In the ensuing text we shall assume that the experiment design, data collec-
tion and model structure selection operations have already been performed. In addition,
we shall assume that the model structure is a parametric one (that is the model structure
is parameterized by a finite-dimensional vector of real numbers). The task of model se-
lection, therefore, is equivalent to that of selecting a suitable parameter vector from a set

of candidates. This practice is known as ” Parameter Estimation” .

In chapter 4, we introduce a means of maximum-likelihood estimation of parameters
that is applicable in many cases when direct access to the necessary to make the estimates
is impossible , or when some of the data are missing. Such inaccessible data are present,
for example, when an outcome is a result of an accumulation of simpler outcomes, or
when outcomes are clumped together (e.g., in a inning or histogram operation). There
may also be data dropouts or clustering such that the number of underlying data points in
unknown (censoring and/or truncation). The EM (expectation-maximization) algorithm
is 1deally suited to problems of this sort, in that it produces maximum-likelihood (ML)
estimates of parameters when there is a many-to-one mapping from an underlying distri-
bution to the distribution governing the observation. The EM algorithm consist of two
primary steps: an expectation step, followed by maximization step. The expectation is
obtained with respect to the unknown underlying variables, using the current estimate of
the parameters and conditioned upon the observations. The maximization step then pro-

vides a new estimate of the parameters. These two step are iterated until convergence.

We tackle in chapter 5 the problem of filtering in non-stationary environments. We
first begin by an introductory state of the art review which includes the existent algorithms
on adaptive filtering (LMS and LRS). These algorithms experience performances limita-
tion in terms of tracking and convergence in non-stationary environments. This motivates
our work to propose more efficient techniques for such Bayesian techniques. Our pro-
posed methods take into consideration a priori information about the system variations
such as the PDP, Doppler bandwidth, ...etc. We thus propose two different approaches,
the first one is based on Wiener Filtering (WF) while the other one is based on Kalman

Filtering (KF). In this chapter we develop the first approach and the second one will be
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considered in the next chapter. The proposed algorithms can be applied in many situations
and as an example we consider in this chapter its application for system identifications in
particular mobile radio channel for the importance of this medium in wireless communi-
cations. We provide numerical results that show the proposed algorithm advantage com-
pared to existent algorithms in terms of Excess Mean Squared Error (EMSE) for different
PDPs and Doppler shifts.

In chapter 6, we continue our study of the Bayesian Adaptive Filtering (BAF) concept
that we introduced in the previous chapter. The proposed technique is based on mod-
eling the optimal adaptive filter coefficients as a stationary vector process, in particular
as a AR(1) model. Optimal adaptive filtering with such a state model becomes Kalman
filtering. The complexity of the resulting algorithm is O(N?) and in order to reduce this
complexity we propose a diagonal AR(1) based model, of complexity O(N?) which is
comparable to RLS complexity. For the AR(1) model parameters estimation, we pro-
pose an adaptive version of the EM algorithm with complexity limited to O(/N) for the
EM part. The proposed parameters estimation method leads to linear prediction on re-
constructed optimal filter correlations, and hence a meaningful approximation/estimation
compromise. To further reduce the initial adaptive EM-Kalman algorithm complexity, we
develop a second approach based on component-wise EM-Kalman (This technique is of
complexity O(N) which is comparable to LMS complexity). To compare the proposed
algorithms performance, we derived the exact analytical expressions of Excess Mean
Square Error (EMSE) in the steady-state in the general case and we proposed a com-
parison for the application to radio mobile communications where the priori information
is the fading, PDP and the Doppler shift. The former proposed algorithm is outperformed
by the EM-Kalman based approach, in terms of tracking and convergence. To offer com-
parable performance with the AR(1) algorithm with same complexity of component-wise
EM, we propose in the following chapter a two-stage approach.

Up to this point, we propose different Bayesian techniques with different complexities.
Thus we proposed a EM-Kalman algorithm with complexity O(N?). To reduce the com-
plexity, we presented, the adaptive component-wise EM-Kalman algorithm with com-
plexity O(NN) but which shows performance limitations in terms of tracking and conver-

gence compared the previous technique. This motivated our study for the development
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of another technique with the same performance as the EM-Kalman but with the same
complexity as the component-wise EM-Kalman in chapter 7. The proposed two-stage
approach consists of a first step employing a basic fast tracking adaptive filter, followed
by lowpass filtering and downsampling of the time-varying filter coefficients. The second
step then applies Kalman filtering at the reduced rate on a simplified state-space model,
with an additive white noise measurement equation. The parameters in the state equa-
tion can be conveniently identified with an adaptive EM algorithm. The first stage would
typically employ a (Normalized) LMS algorithm with a large stepsize. The main assump-
tion underlying the proposed two-stage approach is that even in fast tracking applications,
the bandwidth of the optimal filter variation is typically small compared to the signal
bandwidth, motivating the downsampling operation. The first stage attempts to provide a

bias-free filter estimate whereas the second stage optimizes the estimation variance.

In the second part of the thesis we consider the problem of window optimization is-
sues in recursive Least-Squares adaptive filtering and tracking. We consider tracking of an
optimal filter modeled as a stationary vector process. We interpret the Recursive Least-
Squares (RLS) adaptive filtering algorithm as a filtering operation on the optimal filter
process and the intantaneous gradient noise (induced by the measurement noise). The
filtering operation carried out by the RLS algorithm depends on the window used in the
least-squares criterion. To arrive at a recursive LS algorithm requires that the window im-
pulse response can be expressed recursively (output of an IIR filter). In practice, only two
popular window choices exist (with each one tuning parameter): the exponential weight-
ing (W-RLS) and the rectangular window (SWC-RLS). However, the rectangular window
can be generalized at a small cost for the resulting RLS algorithm to a window with three
parameters (GSW-RLS) instead of just one, encompassing both SWC- and W-RLS as spe-
cial cases. Since the complexity of SWC-RLS essentially doubles with respect to W-RLS,
it is generally believed that this increase in complexity allows for some improvement in
tracking performance. We show that, with equal estimation noise, W-RLS generally out-
performs SWC-RLS in causal tracking, with GSW-RLS still performing better, whereas
for non-causal tracking SWC-RLS is by far the best (with GSW-RLS not being able to im-
prove). When the window parameters are optimized for causal tracking MSE, GSW-RLS
outperforms W-RLS which outperforms SWC-RLS. We also derive the optimal window
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shapes for causal and non-causal tracking of arbitrary variation spectra. It turns outs that

W-RLS is optimal for causal tracking of AR(1) parameter variations whereas SWC-RLS

if optimal for non-causal tracking of integrated white jumping parameters, all optimal fil-

ter parameters having proportional variation spectra in both cases.

We should mention that the notation of the two parts are different.

We present our conclusions and perspectives in chapter 9.

The results of this thesis have been published in the following papers:

T. Sadiki, D. T. M. Slock, ”Steady-state performance analysis of Bayesian adap-
tive filtering,” ISCCSP 2006, IEEE International Symposium on Communication,
Control and Signal Processing. 13-15 March, 2006, Marrakech, Morroco.

T. Sadiki, D. T. M. Slock "Bayesian adaptive filtering: principles and practical ap-
proaches,” EUSIPCO 2004, 12th European Signal Processing Conference, Septem-
ber 6-10, 2004, Vienna, Austria.

T. Sadiki, D. T. M. Slock, ”Steady-state comparison between Bayesian adaptive
filtering and standard adaptive filtering” Asilomar 2006, 40th IEEE Annual Asilo-
mar Conference on Signals, Systems and Computers, November 7-10, 2004, Pacific
Grove, USA.

T. Sadiki, D. T. M. Slock, ” performance analysis of two-stage approach to Bayesian
adaptive filtering,” Submitted to ICASSP 2007, USA.

T. Sadiki, D. T. M. Slock, ”Bayesian adaptive filtering at linear cost” SSP 2005, 13
th IEEE Workshop on Statistical Signal Processing, July 17-20, 2005, Bordeaux,

France.

T. Sadiki, D. T. M. Slock, ”On the convergence of bayesian adaptive filtering”
ISSPA 2005, 8th International Symposium on Signal Processing and Its Applica-
tions, August 29-September 1, 2005, Sydney, Australia.




23

T. Sadiki, D. T. M. Slock, "Low complexity bayesian adaptive filtering with in-
dependent AR(1) filter coefficient models ” SSP 2005, 13 th IEEE Workshop on
Statistical Signal Processing, July 17-20, 2005, Bordeaux, France.

T. Sadiki, D. T. M. Slock, "Bayesian adaptive filtering at linear cost” SSP 2005, 13
th IEEE Workshop on Statistical Signal Processing, July 17-20, 2005, Bordeaux,

France.

T. Sadiki, D. T. M. Slock, ”A two-stage approach to Bayesian adaptive filtering” IS-
CCSP 2006, IEEE International Symposium on Communication, Control and Sig-
nal Processing. 13-15 March, 2006, Marrakech, Morroco.

T. Sadiki, M. Triki, D. T. M. Slock, ”"Window optimization issues in recursive least-
squares adaptive filtering and tracking” Asilomar 2004, 38th IEEE Annual Asilo-
mar Conference on Signals, Systems and Computers, November 7-10, 2004, Pacific
Grove, USA.

T. Sadiki, M. Triki, D. T. M. Slock, ”Window optimization issues in recursive least-
squares adaptive filtering and tracking,” Submitted to IEEE transactions on signal

processing.

T. Sadiki, D. T. M. Slock, "Practical Approaches on Bayesian Adaptive Filtering”

Submitted to IEEE transactions on signal processing.




24




25

Chapter 1

Signals and Systems Preliminaries

The purpose of this chapter is to define a set of notation used in later chapters and to

present a theoretical background to some of the problems tackled in those chapters.

1.1 Linear State-Space Systems

State-space equations provide a compact, flexible and attractive method of modeling sys-
tem behavior. They represent, in a sense, a highly satisfactory modeling approach due to
the fact that they allow a complete description of the internal as well as external character-
istics of a given system. These positive attributes have encouraged, at least in the case of
Linear time varying (LTV) systems, the emergence of a rich theoretical underpinning for
further developments in this thesis. An n — th order, linear, time-varying, discrete-time
system may be described by the following stochastic state-space model.

Let consider the system driven by noise, with noisy observation

H, = AHp_, + W,
v = XHp_1+uv (1.1)
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As indicated, the state-variable system is time-varying. The following assumption are

made about system:

e The sate noise process Wj, is zero-mean, with covariance
EWW] = Q (1.2)

the noise is uncorrelated among samples. For the Bayesian approach, we assume

that W}, is Gaussian.

e The observation noise vy, is zero-mean, with covariance

E[Ukv,f] = ag

(1.3)

the noise is uncorrelated among samples. For the Bayesian approach, we assume

that v;, 1s Gaussian.
e where H;, € R is the state vector.

e ., € R™ is the output signal and , X € R” the input.

Here we have used the convention that a subscript &£ denotes the value of a signal at the

k — th sampling instant.

For the system outlined above we can ensure that the state and output sequences al-
ways exist for bounded inputs (that is, the outputs and states converge) by requiring that

the system be strictly stable . This is described by Property (1).

Property 1 (Strict Stability). A discrete linear time-varying system

H, = AHp 1+ W,
(1.4)

is strictly stable if and only if the eigenvalues of A € RN*YN are in the open unit disc.
Thatis, | \i(A) |, Vi=1,2,..., N.
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Controllability and observability are two system properties which will be important for
the development of the ensuing theory. These concepts are widely known and discus-
sions of them are commonly available in control literature. For further information see,
for example, Goodwin and Sin [43]. The following definitions address the properties of
systems modeled by the state-space equations (Strict Stability). A discrete linear time-

varying system
H, = AHp_, + W,
yr = X Hi1+ ok (1.5)

1.2 Deterministic and Stochastic Signals

It is often convenient for analytical reasons to discuss the spectral properties of various
time-domain signals. However, not all signals may be said to possess a spectrum. In
this section we discuss two types of processes - stationary stochastic processes and a
generalization of them, known as quasi-stationary processes. The latter allows for the
possibility of deterministic components. Both of these types of processes have spectra.

First, though, we need to introduce the concept of expected values.

Definition 2 (Expected value). When it exists, the expectation (or expected value) of a

continuous random variable x, denoted E{x}, is defined by

+oo
E{z} = / xp(z)dz, (1.6)

where p(x) is the probability density function of x. E{x} is said to exist if E{| z |} < 1.

Definition 3 (Conditional expected value). When it exists, the conditional expected

value of the random variable x given the random variable y is defined as E{x | y}

+o00
Blaly)= [ aplo| e (17)
where p,(z) = p(x | y) is the conditional probability density function of x given y. The
latter is defined by
x?
pla | y) = 228 (1.8)
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Remark 4 Often, in the interests of notational convenience we shall denote conditional

dependence by subscripting. For example, equation (1.9) may be written as

+oo
E{x} = / xpy(z)dz, (1.9)

What follows is a brief treatment of stationary processes. There is a great deal of existing
theory for systems (particularly linear ones) of this type. For further information see, for

example, [146], or for a more introductory, Anderson and Moore [153] or Papoulis [152].

1.2.1 Stationary Stochastic Process

A random process {z} is said to be strict-sense stationary (SSS) if its statistical proper-
ties, such as the joint distribution p(zy, 2x11, . - ., 2k+n) for any n, are invariant to a shift

of the origin. It is wide-sense stationary (WSS) provided that
Elzp] = p, Vt

Elzp2l] = R.(7), Vt VT

where E{} is the expectation operator defined by Definition (2) It arises (see [152] that
a Gaussian (that is, Normally-distributed) WSS process is also SSS since the mean and

auto-correlation properties are sufficient to specify the distribution uniquely.

1.3 Standard Adaptive Filtering

1.3.1 Least Mean Square (LMS) Algorithm

The least mean square (LMS) is a search algorithm in which a simplification of the gradi-
ent vector computation is made possible by appropriately modifying the objective func-
tion [1],[3]. The LMS algorithm, as well as others related to it, is widely used in various

applications of adaptive filtering due to its computational simplicity [4]. The convergence
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characteristics of the LMS are examined in order to establish a range for the convergence
factor that will guarantee stability. The convergence speed of the LMS is shown to be
dependent of the eigenvalue spread of the input-signal correlation matrix [1],[3]. The
LMS algorithm is by far the most widely used algorithm in adaptive filtering for several
reasons. The main features that attracted the use the LMS algorithm are low computa-
tional complexity, proof of convergence in stationary environment, unbiased convergence
in the mean to the Wiener solution, and stable behavior when implemented with finite-
precession arithmetic.

The optimal solution for the parameters of the adaptive filter leads to the minimum mean-
square error (MMSE) in estimating the reference signal y; in Eq.(1.5). The optimal

Wiener solution [1] is given by
H=R (1.10)

where R = E[X; X}'] and p = F|d}, X}], assuming that y; and X, are jointly wide-sense
stationary.

If good estimates of matrix R denotes by ]:Zk and of vector p, denoted by py, are available,
a steepset-descent-based algorithm can be used to search the Wiener solution equation

(1.10) as fellows:

~

H, = Hi1— g

= Hy1 +2u(p — RiHy 1) (1.11)
fork =0,1,..., where g, ; represents an estimate of the gradient vector of the objective
function with respect to the filter coefficients.

One possible solution is to estimate the gradient vector by employing instantaneous esti-

mates for R and p as fellows:
R, = XX}
e = YkXk (1.12)
The resulting gradient estimate is given by
G = —2ukXi+2X X Hy oy

= 2Xi(~y + X H, )
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Note that if the objective function is replaced by the instantaneous square error ez,

instead of the MSE, the gradient estimate above represents the true gradient vector since

86% 3ek 86k 8€k T
—L = |2ep——2¢;.—— ...2
BYe; [ “oH, “*oH, e’“aHN]

= —QGka
= un (1.14)

The resulting gradient-based algorithm is known, because it minimizes the mean of the

squared error, as the least-mean-square (LMS) algorithm, whose updating equation is

~

Hy = Hyq+2pes Xy (1.15)

where the convergence factor i should be chosen in range to guarantee convergence.

1.3.2 Recursive Least-Square (RLS) Algorithm

Least-squares algorithms aim at the minimization of the sum of the squares of the differ-
ence between the desired signal and the model filter output [1],[3]. When new samples
of the incoming signals are received at every iteration, the solution for the least-squares
problem can be computed in recursive form resulting in the recursive least-squares (RLS)
algorithms.

The RLS algorithms are known to pursue fast convergence even when the eigenvalue
spread of the input signal correlation matrix is large. These algorithms have excellent
performance when working in time-varying environments. All these advantages come
with the cost of an increased computational complexity and stability problems, which are
not as critical in LMS algorithms.

The objective her is to choose the coefficients of the adaptive filter such that the output
Yk, will match the desired signal as closely as possible in the least-squares sens. The min-
imization process requires the information of the input signal available so far. Also, the
objective function we seek to minimize is deterministic.

The generic F'I R adaptive filter realized in the direct form is shown in Fig.1.1.

The input signal information vector at a given instant & is given by

Xk = [l‘k LTh—1.-.- {L‘k_N]T
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wher N is the order of the filter. The coefficients .

g for = 0,1,..., N, are adapted

aiming at the minimization of a given objective function. In the case of least-squares

algorithms, the objective function is deterministic and is given by
k
€ = Z AF—ie2
i=1
k
= > My — X H ) (1.16)
i=1

where e; is the output error at instant ¢ — th and H,_, is the adaptive filter coefficient
vector. The parameter \ is an exponential weighting factor that should be chosen in the
range 0 < A < 1. This parameter is also called forgetting factor since the information of
the distant past has an increasingly negligible effect on the coefficient updating.

As can be noted, each error consists of the difference between the desired signal and the
filter output, using the most recent coefficients H x—1. By differentiating ¢, with respect

to H x—1, it follows that

8ek
OH),

k
= 2> N[y — X[ Hy ] (1.17)
=1

By equating the result to zero, it is possible to find the optimal vector H,_, that minimizes

the least-squares error, through the following relation:

0
k R k 0
- Z )\k_iXiXiHHk_l + Z )\k_iXiyi =
i=1 i=1
0

The resulting expression for the optimal coefficient H, is given by

k k
H, = [Z/\k_iXiXiHrlek_iXiyi
=1 =1
= R (k)PP (k) (1.18)

where R} (k) and PP (k) are called the deterministic correlation matrix of the input signal
and deterministic cross-correlation vector between the input and desired signals, respec-

tively.
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7

[
L /

Figure 1.1: Adaptive FIR filter

In equation (1.18) it was assumed that R (k) is nonsingular. However if Rp (k) is sin-
gular a generalized inverse [1] should be used instead in order to obtain a solution for H,
that minimizes ¢;. Since we are assuming that in most practical applications the input
signal has persistence of excitation, the cases requiring generalized inverse are not dis-
cussed here. It should be mentioned that if the input signal is considered to be zero for
k < 0then Rp(k) will always be singular for £ < NV, i.e., during the initialization period.
During this period, the optimal value of the coefficients can be calculated for example by
the back substitution algorithm [book].

The straightforward computation of the inverse of Rp(k) results in an algorithm with
computational complexity O(NN?). In the conventional RLS algorithm the computation of
the inverse matrix is avoided through the use of the matrix inversion lemma [1]. Using
the matrix inverse lemma, the inverse of the deterministic correlation matrix can then be

calculated in the following from

Sk1Xe XS4

1.19
)\+X,fS,§_1Xk} (1.19)

1
Sk - RBI(I{?> - X [Sk—l -
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The complete conventional RLS algorithm is described below.

Conventional RLS algorithm

- Initialization

Sp(—1) =41

where § can be the inverse of the input-siganl power estimate
Sp(—=1)=X_,=1[00... 0T

Do for k > O:

S = Rp'(k) = §[Seon — Ssigpioin]

Pp(k) = APp(k — 1) + yp. X4,

Hy, = S, Pp(k)

If necessary compute:
dy = HI X*

ek = Y — di

1.4 Application

The type of application is defined by the choice of the signal acquired from the environ-
ment to be the input and desired-output signals. The number of different applications in
which adaptive techniques are being successfully used has increased enormously during
the last decade. Some examples are echo cancellation, equalization of dispersive channel,
signal enhancement, noise cancelling and system identification. The study of different ap-
plications is not the main scope of the thesis. However, some applications are considered,

like system identification, in particular Mobile Radio Channel (MRC).

1.5 Example: Multi-path Channel Model

The physical basis of multi-path propagation is given by the reception of multiple copies
of the transmitted signal, each having traveled along a different propagation path. In a
typical environment, each propagation path has a different length and, thus, the signal

copy having traveled along this path arrives at the receiver with a different delay. Signal
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copies traveling along short paths will arrive earlier, while other copies traveling along
longer paths will arrive later. The channel is said to have a memory since it stores the
signal copies for a certain time period, i.e., the duration of the propagation. Beside the
different delays, the signal copies are attenuated differently, since along their different
propagation paths they traverse different obstacles of different shapes and sizes. More-
over, the signal copies arrive at the receiver from different directions and with different
phases. The superposition of all these differently delayed, attenuated, and phase-shifted
signal copies at the receiver results in an interference pattern, which alternately behaves
constructively and destructively. If nothing moves within the propagation environment,
the received signal will remain constant, and therefore the channel is said to be time in-
variant. In contrast, if any kind of change is encountered in the propagation environment,
all or some paths will change in time and, thus, the interference pattern will change in
time. As a consequence the channel becomes time variant. The multi-path channel model
is a mathematical model that is meant to account for all the effects of multi-path propaga-
tion. Let us first consider the transmission of a bandpass signal s(t) at carrier frequency f,.
in the case of a time invariant channel. By associating to each path p a different length ,,
and a different attenuation A,, the received bandpass signal r(¢) being the superposition

of all copies can be written as

r(t) =Y Aps(t— lzp) (1.20)
p

Considering the complex envelope representations, s.(t) and r.(t) of the bandpass signals

s(t) and r(t) respectively, the input-output relationship given in Eq. (8.4) becomes
re(t) =Y Ape s (t — 7, (1.21)
p

where ¢, = % and 7, = %’] denote respectively the phase shift of the carrier frequency

and the delay caused by the different length of path p, and c is the speed of light.

Thus, in a static environment, a multi-path propagation leads to the interference of

multiple copies with different attenuations { A, }, different phase shifts {¢, }, and different
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delays {7,}. The time invariant channel model can then be modeled as a linear time

invariant causal filter with baseband impulse response

_ Z Ape—j¢p5(7- -7, (1.22)

p

where J(.) denotes Dirac’s delta function. Now let us consider the effect of motion in
the channel. Let o, denote the angle of arrival of path p with respect to the direction of

motion of the receiver, as shown in Figure ??

- - - =

Propagatlon
paths
of arr1
Transmitter Receiver Dlrectloon
of motion

Figure 1.2: Design of signal arrival in a multi-path environment.

The path length is now variant and relates to mobile speed v as [2]

L,(t) = 1,(0) — veos(ay)t (1.23)

From (3.5), we obtain a different function for the complex envelope of the received

signal, which now depends on time ¢, as given below
re(t) = Z AjeItrei?mecosonllg (p g Kcos(ozp)t) (1.24)
. c

Equation (3.6) can be simplified by making the three following operations. First, we

regroup into the complex A, the attenuation «, and the term ¢,. Secondly the extra delay
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caused by [,(t) compared to the delay 7, caused by the path length /,(0). At last, we
introduce the Doppler frequency f; = f—c” and the Doppler shift v, = cos(a,) fq. With,

this we obtain the simplified form

re(t) =Y Ape?™rS (1 — 1) (1.25)
p

Thus, from (4.16), we can observe that motion introduces a frequency offset {v, } of
the carrier in addition to the signal changes that are already present in static conditions.
As for the time invariant channel, the time variant channel is modeled by a linear time

variant causal filter with impulse response

he(t,7) =Y Ape®™'5(r — 1) (1.26)

p
The received signal can therefore be expressed as the convolution of the transmitted signal

with the impulse response h,(t, ) with respect to the time delay 7:

re(t) = /OO he(t, T)se(t — T)dT (1.27)
0

Equivalently to the time domain response h.(t, 7), the channel can also be character-
ized in the frequency domain by the time variant transfer function H(t, f), which is the

Fourier transform of h, (¢, 7) with respect to 7. It is obtained from

H(t, f) =) Ayttt (1.28)
p

In the frequency domain, the spectra of transmitted and received signals are related by

simple multiplication with the transfer function H (¢, f):

R(t, f) = H(t, [)S(f) (1.29)
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Thus, the transfer function H (¢, f) determines the attenuation experienced at time ¢
by the spectrum component S( f) at frequency f.
For a large number of paths in the propagation environment and in the absence of a LOS
component, the central limit theorem applies to the time variant transfer function H (¢, f)
and justifies its Gaussian distribution in both time and frequency. By using polar coordi-
nates, the amplitude p of H(¢, f) thus follows a Rayleigh distribution while its phase
follows a uniform distribution in [0, 27[ [2]. In the presence of a LOS component, how-
ever, a Rice distribution is more generally assumed for the amplitude p of H (¢, f). On the
other hand, for a small number of paths, the assumption of Gaussian random process as a
result of the central limit theorem is The Mobile Radio Channel no more appropriate. In
this case,p is generally assumed to follow a Nakagami distribution either in the presence
or absence of a LO.S component [2].
The Rayleigh distribution shows up in most non-LOS scenarios, which are encountered
mostly in indoor and macro-cellular urban environments. In these scenarios, the per-
formance of communication systems are worse than in scenarios where Rice distribution
applies. This is because Rice fading is less destructive than Rayleigh fading. In this thesis,

Rayleigh fading is assumed since our focus is on macro-cellular urban environments.

Characterization in Time and Frequency As shown in (3.11), the Doppler shifts
{v,} and time delays {7,} are responsible of the time and frequency variations of the
attenuation experienced by the received signal. Although Doppler shifts are frequency
offsets of the carrier frequency that may induce Inter-Carrier Interference (ICI) in multi-
carrier systems, their overall impact on the received signal is interpreted as a time selective
behavior. For the time delays it is the opposite. While the delays are time offsets of
the transmitted signal that may induce Inter-Symbol Interference (I1S1), their impact on
the received signal is interpreted as a frequency selective behavior. Two quantities are
commonly used in practice to describe the impact of time delays and Doppler shifts on
the received signal. They are the delay spread At and Doppler spread Av. The delay
spread relates to the frequency selectivity of the channel, whereas the Doppler spread

relates to the time selectivity of the channel.
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Delay Spread and Frequency Selectivity The delay spread describes the time spread
of the signal caused by multi-path propagation with several paths of different lengths and,
thus, of different delays. Since the delays {7, } are different for different paths, the transfer
function H (t, f) will then vary with respect to frequency f and the spectrum S(f) will
undergo different attenuations for different frequency components. This phenomenon is
referred to as frequency selectivity.

The severity of the frequency selectivity is measured by the product of the delay spread
AT with the bandwidth W of the signal. So, if the delay spread is small compared to the
inverse of W/, that is the symbol time 7§, which corresponds to values of W A7 smaller
than 1, the transfer function H (¢, f) is nearly constant within the bandwidth 1/ and all
frequency components of the spectrum S( f) will then have almost the same attenuation.
In this case the channel is said to be flat or frequency non selective. On the other hand,
if the delay spread is significant compared to symbol time, which corresponds to values
of W AT greater than 1, the transfer function varies within the bandwidth W and the
frequency components of the signal will be differently attenuated. Here, the channel is
said to be frequency selective and the receiver suffers in the time domain from ISI. A
detailed picture of the frequency selectivity of the multi-path channel is given by the
spaced frequency correlation function of H (¢, f). This function gives us the correlation

between the transfer function at different frequencies and it is given by [2]

Du(Af) = SEIH(, I f ~ Af) (1.30)

Substituting of (3.11) in (3.13 yields

1 . . .
Dy (Af) = 5E[Z Z APAZ6J27T(Vp—Vq)te—JQWf(Tp—Tq)te—JQWAqu] (1.31)
P a

If scatterers at different delays {7,} are uncorrelated, the autocorrelation function de-
pends only on the frequency spacing Af. This assumption is called the Uncorrelated

Scattering (US) assumption of multi-path channels. It can be written as
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1 )
§E[APA(’;@JQ’T(”P‘“Q”] = 020y (1.32)

The variance O’i is the average power of the p — th signal copy. From (3.15), the

spaced frequency correlation function in (3.14) turns into

p(Af) =) oA (1.33)
p

In the time delay domain, the inverse Fourier transform of ® (A f) is called the Power
Delay Profile (PDP of the channel and gives the average power of the multi-path compo-

nents as a function of time delays. It is given by [2]

+oo
P(r) = / Oy (Af)MTANf =D 025 (7, — 1) (1.34)
o >

The maximum delay 7,,,,, or the standard deviation o, of the power delay profile are
often used to measure the delay spread A7 [2, 32]. The standard deviation o, is obtained
as The Mobile Radio Channel

1
@y (0)

oy =

+00
/ (7 — 7)) ? P(7)dT (1.35)
0

where 7,,, denotes the mean of the power delay profile.

Doppler Spread The Doppler spread is the dual of the delay spread. It describes the
shift in frequency of the signal spectrum caused by the motion of the objects within the
propagation environment. The different Doppler shifts v, of the different paths make
the transfer function H(¢, f) vary in (3.11). The attenuation experienced by the signal
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spectrum S( f) at frequency f is therefore time variant and this phenomenon is referred to
as time selectivity. The severity of the time selectivity is measured by the product of the
Doppler frequency f; with the time span the receiver needs to process the incoming signal.
If coherent detection is assumed, where each data symbol is processed independently, the
processing time is the symbol length 7. So, if the Doppler frequency f; is much lower
than the processing rate Tis, the transfer function H (¢, f) stays almost constant within the
symbol time 7, and the channel is said to be slow. In contrast, if the Doppler frequency
is larger than the processing rate, then the transfer function varies within the processing
time, and the channel is called to be fast . By analogy to the spaced frequency correlation
function (A f for frequency selectivity, the spaced time correlation function I' (At)
reflects the time selectivity. It measures the correlation between H (t, f) at different time

instants and is defined as [2]

(AL = %E[H(t, FYH (t = At, f)] (1.36)

The fact that the autocorrelation function I';(At) only depends on time difference ¢
results from the assumption that the transfer function H (¢, f) is a Wide Sense Stationary
(WSS) process. Under this assumption, the scatterers at different Doppler shifts {1, } are
uncorrelated.

From the time autocorrelation function I'; (At) , the so-called Doppler power spectrum

is derived by Fourier transform, which yields

+o00
Su(v) = / Ly (At)e ™A dAL (1.37)

o

As for the coherence bandwidth, a measure called the coherence time is determined
here from the time autocorrelation function in order to indicate the time span during which
the transfer function H (¢, f) roughly stays constant. Again the definition of the coherence

time is somewhat subjective and depends on the form of the Doppler power spectrum.




1.6. CONCLUDING REMARKS 41

1.6 Concluding Remarks

In this chapter, we reviewed some important concepts from signals and systems theory.
We also reviewed standard adaptive filtering techniques: LMS and RLS. We then in-
troduced the different parameters for Bayesian adaptive filtering which are used in the
remining of the thesis where we give the definition of each parameter followed by an il-
lustrative example.

Since this thesis is particularly concerned with, although not limited to, parameter es-
timation of linear systems in state-space form the properties of such systems formed a

particular focus of this chapter.
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Chapter 2

Optimal State Estimation

Kalman smoothers and Kalman filters form an important component of algorithms devel-
oped later in this thesis. While most of the results presented in this chapter are well-known
to much of the adaptive filtering research, some results, such as the recursion equation
and the fixed interval Kalman smoother (Lemma 7), are either new or obscure in origin.
Even in the case of the better-known material, its importance to this thesis merits its re-
statement. Following an introductory section on notation, we present a derivation of a
recursive Kalman filter and include a practical strategy for ensuring that the results of the
filter are numerically stable. An identical approach is then taken for the Kalman smoother.
Our attention is then directed toward the stability of the time-varying Kalman filter and
smoother. Recognizing that time-varying systems form the primary focus of this thesis,
we first specialize to that case before launching a discussion on this topic. This approach
has the advantage of allowing the presentation to be far more straightforward and stream-
lined. The simplicity of the smoother presented in Section 8 allows some well-known
results demonstrating the stability of the filter to be extended, in a series of new results,

to the case of the smoother.
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2.1 Kalman Filter

The Kalman filter [148] solves the problem of finding filtered or predicted estimates of the
state of time-varying linear state space systems, described by equations 6.1, from input-
output data. The filter is distinguished by the fact that, for this class of systems, it is the
overall minimum mean-square error estimator [149]. Since the model structure postulated
in equations 6.1 involves Normally distributed random variables the state estimation prob-
lem is solved by computing the expected value of the state sequence conditional upon the
available data (see Theorem 1 of [148]). Significantly, the Markovian nature of the un-
derlying system allows this task to be achieved using a simple set of recursive equations.
Derivations of the Kalman filter are widely available in the literature [150, 151, 152, 153]
but many of these consider only simple time-series models. The results in this thesis re-
quire a derivation involving exogenous inputs. Such derivations are more involved than
for the pure time-series case and appear surprisingly infrequently in the control litera-
ture. The proof of Lemma 7 (Kalman Filter), which is based upon the approach taken
by Kalman [149], is included here for reasons of completeness. We begin by introducing
a lemma about orthogonal projection, which can be found, for example, in Doob [154].

The proof presented here is based on [151].

Lemma 5 (Orthogonal Projection Lemma). Let X be a normal space, v € X, and let

Y be a subspace of X. Then & €'Y satisfies
m €aey ||z —al* = ||z — &
if, and only if,
<r—z,a>=0,

foralla €Y,

Proof 6 The if” part: Suppose that < v — z,Y >= 0. Take any « € Y , o # 0. Then
<r—rI4+a,r—r4+a> = <r—r,r—r>+2<r—r,a>+<a,a>
= <r—T,rxr—r>+<aa>

> <r—T,r—T>.
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Now for the only if part: Suppose that there exists an « such that
<x—z,a>=F#0
Then, for any scalar A,
<r—3+ A, T — 3+ da>= |z — 2| + 208 + X?||af].

Then, for A = — 52,

2 2 2
lz— 2+ Xf|? = ||z — 2||* — 26" + i < ||z — 2|
lall>  flall?

2.2 State-space signal model

The Kalman filter is an application of the general results of sequential estimation.

Let us consider the system defined below

H, = AHp_1+ W,
ye = XPHp_ |+ (2.1)

The Kalman filtering problem can be stated as follows: given a sequence of measure-
ments Yo, Y1, Y2, - - - , determine a sequence of estimates of the state of the system H}, in a

computationally feasible, recursive manner.

2.3 Kalman filter: The Bayes approach

In this section we derive the Kalman filter from the Bayesian point of view. For the
Bayesian approach, we assume that the noise processes are Gaussian distributed. Then
the Bayes estimate of H; amounts to finding the conditioned mean of H, given the ob-
servations.

The key equation in the Bayes derivation is the time update step,
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fUﬂyn>:/}uﬂ1HkuﬂHkmymwﬂl 2.2)

from which the estimate is propagated using the state update equation into the future; and

H
F(Hy | Yiy) = L s | Hy) F(Hy | Yz) (2.3)
— i1 | Yi) ~ee——
pOS erwor p’f"LO’f‘
Yk - [ylﬁ"wyka]

which is the measurement update step.

We will begin by finding explicit formulas for the time-update in (2.2).

1. The density f(Hy_1 | Y)) corresponds to the estimate of Hy_;, given the measure-
ments up to time k. Under the assumption and using the notation just introduced,

the random variable Hj_; conditioned upon Y}, is Gaussian,

Hy 1| Ye ~ N(Hy 11, Peo1jp1) (2.4)

2. The density f(Hy | Hy_1) is obtained by noting from (6.1) that, conditioned upon
H;,_1, H;, is distributed as

Hy | Hy—y ~ N(AH,_1,Q) (2.5)

Inserting (2.4) and (2.5) into (2.2) and performing the integration (which involves

expanding and completing the square ), we find that Hy, | Y} is Gaussian, with mean

Hypooy = AHj 1y (2.6)

and the error covariance is given by
Pyp—1 = APy i1 A"+ Q 2.7
Equation (2.6) provides a means to propagate the estimate ahead in time, in the ab-

sence of measurements, and (2.7) shows that, without measurements, the estimate co-

variance grows in time.
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Let us now examine the update step in (2.4). This is a Bayes update of a Gaussian random
variable. The mean of Hy, | Y} is obtained using a Bayesian technique, in which the mean

of prior is updated:

ﬁkIK = E[Hk | Yk} = I:Ik:\k—l + Rhy,YkR_

Yy, Yk

We now examine each component of this mean value:

1. Let Ry, y, denote the correlation, conditioned upon Y:
Ry, = El(Hy, — E[H])(yr — Elye)™ | Yil- (2.9)
Then we have

Ry, = BE[(H,— Hypr))(XH (Hy — Hypor) + o)™ | Vi
= Prjp-1Xk (2.10)

2. Let Ry, y, denote the covariance of yy, conditioned upon Y:

Ryy, = El(yx — Elynl) (e — Elyp])™ | Vil
= E[(X(Hy, — Hypor) + v1)
X (XH (Hy = Hygp1) + vi) " | V3]
= X Pyp1 Xy + 02 (2.11)

3. The mean Ely; | Y3] is equal to X Hyjp._ .

Putting the three expression together, we obtain the following update step:

[:Ik\k = ﬁk\kq + Prp1 X (X7 Prpp1 X+ 02) g — Xfﬁmkq) (2.12)

It will be convenient to let
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K| = Pupp 1 Xp (X2 Py 1 X + 02) 7 (2.13)
so that the mean update can be written as
Hipe = Hypor + K (yo — X Hypon). (2.14)

The quantity K ,{ is called the Kalman gain.

Let us now consider the covariance of Hy, | Y}, which is the variance of the estimator
error H, ke = Hy — H K|k In that case we found that the conditional density X | Y had

covariance

COV(X |Y) = Ryw — RoyR,, Ryo.

To apply this formula, we identify the random variable X with H k[v;» and the observation
Y with the observation y,. The covariance R,, is thus analogous to P ;_;. The matrix

R,, is analogous to .,y and IR, is analogous to R, y. Therefore we have

Par = Pup—1 — Popr1 X (X Poppor X + 02) ' X P
= (I - K{ X" Py (2.15)

Lemma 7 Kalman Filter. The minimum variance (Kalman) filter for the system (6.1) is

given by the following recursion.

Hyp—1 = Aﬁ]kfl\kfly
Pyp—1 = AP A" +Q,
K| = Pepp 1 X (X Popa X, + 02) 7,
Hyp = ﬁk|k71 + K,f(yk - X;f[:[k\kA%
Pur = (I —K[X) Py (2.16)
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2.4 Fixed-Point Kalman Smoothing

A fixed-point Kalman smoother [45] is one which calculates a sequence of estimates of
the state at some predetermined sampling instant, k£ . The key idea is that the estimate of
the state vector, H km> 18 recursively refined as the amount of data increases (that is, as
m increases). This is in contrast to the necessarily one fixed-interval Kalman smoother
which operates upon a block (or fixed-interval) of data, Y,,, and where a single state
estimate, { [, k|m}2”‘:1, is calculated for each value of £ = 1,2,..., m. Significantly, each

fixed-point Kalman smoother may be implemented via a Kalman filter.

Lemma 8 Fixed-Point Kalman Smoothing The fixed-point smoothed estimate of Hj,
given m data points, H klm» and its associated error covariance matrix Py, for the model

structure (6.1) may be calculated by applying the Kalman filter recursions

P = Pup—1 — Pop1 X (X Peppor X + 02) ' X P
= (I - K{X") Py (2.17)

The minimum variance (Kalman) filter for the system (6.1) is given by the following

recursion.

Hyppe = AHyor + AK (g — X Hypo),

Hipe = Hypor + Ky (ye — X;fﬁk\k—l),

K;f = Pup 1 Xn( X Pp1 Xp +02) 7,

K, = Pp  Xe(X Ppor X+ 07)7",

Porie = APgpa A" + Q — APy X (X[ Pop1 X + 02) 7' Xy Py AY,

Pooe = Pupa A" — P s Xi(XF Prio1 X, + 02) 7 X3 Py A,
Pee = Prjp—1 — Pl;\k:—le:(Xlg{PMklek + Uz)_le:P;;m_y (2.18)

Proof. See [45]
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2.5 Discussion

The main objective of this chapter was to present a theoretical background to the problem
of optimal state estimation so as to lay a foundation for developments in later chapters. For
the model structures considered in this thesis, the problem of state estimation is solved,
under differing assumptions upon the availability of data, by the Kalman smoother or
the Kalman filter. The main difference is that the Kalman filter uses data only up to the
present, whereas the Kalman smoother uses both past and future data in its calculations
and therefore is of considerable interest in ofline settings. Interestingly, it turns out that a
set of Kalman smoothed state estimates may be calculated by using a sequence of Kalman
filters. Numerically robust versions of both the filter and smoother were derived. An ad-
vantage of this smoothing scheme is that the covariance matrices are calculated in such a
manner as to ensure that they are positive semi-definite. Furthermore, it is more straight-
forward and simple than pre-existing alternatives (see, for example, the treatment of RTS

Kalman smoothers in Kailath et al.[43] ).
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Chapter 3

Overview of Parameter Estimation

3.1 Introduction

The science of System Identification can be broadly defined as the theory and practice
of deriving models from experimental data. While the statistical fundamentals of this
field have in many cases been in existence for almost a century it is really only since
the 1960s that work in this area has been undertaken intensively. Since that time the
concerted effort of many researchers has done a great deal to unify what initially seemed
to be a collection of disparate ad-hoc approaches. Arguably, this process of theoretical
consolidation allowed the subject to experience an apotheosis as a mature research area
with the publication of a number of substantial texts on the topic (for example, [46] and
[48]) and together with a sophisticated and usable software package [47]. The problem
of system identification can be divided into a number of subproblems. These are stated

below:

e Experiment design,
e Data collection,
e Selection of model structure,

e Selection of model,
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e Model validation.

This thesis is concerned primarily with the problem of selecting a model from a set of
candidates. In the ensuing text we shall assume that the experiment design, data collection
and model structure selection operations have already been performed. In addition, we
shall assume that the model structure is a parametric one (that is the model structure is
parameterised by a finite-dimensional vector of real numbers, generally denoted 6 ). The
task of model selection, therefore, is equivalent to that of selecting a suitable parameter
vector from a set of candidates. This practice is known as ” Parameter Estimation” .

We are interested in estimating the parameters of a system and have been given a set of

data,
Z = (Hy,Yy) 3.1)

consisting of a sequence of discretely sampled measurements of its inputs and outputs.
A parameter estimation method is a mapping from the data Z to an element of a set of

candidate parameter vectors, denoted ©. That is,

Z—0(7)ce. (3.2)

The symbol 4(Z)

in equation (8.4) is the estimate based upon the pairs of input-output data 2. Fur-
thermore, when considering iterative estimators we shall denote the estimate at the k — th
iteration, based upon the data set Z as QAk(Z ) or, using a more relaxed notation, ék, where
dependence upon ZN is tacitly assumed. What is not immediately apparent in this formu-
lation is that an important element of many parameter estimation schemes is a criterion
(or cost) function, V(). The purpose of such a function (which, strictly speaking, is
also a function of the data, Z) is to define the exact manner in which the mapping (8.4)
occurs. The basic idea is to choose as the estimate an element of O that makes V()
small. That is, the parameter estimate is typically computed according to the relationship

0 =arg min Vn(0) (3.3)
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Clearly, the criterion function can be a major influence upon the properties of a pa-
rameter estimator. In the remainder of this chapter we present a number of common
approaches to parameter estimation in a statistical framework and discuss their proper-
ties and common elements. Specifically, we shall discuss the Maximum Likelihood and
Prediction-Error parameter estimation methods [46]. We shall also consider a Subspace-
based parameter estimation algorithm. The purpose of this material is to provide a back-
ground to this topic and some context into which the algorithms developed in later chap-
ters can be fitted. In keeping with most related work [46, 49] we shall focus particularly
upon the asymptotic properties of the consistency and relative efficiency of these estima-

tion schemes. We begin though, by discussing these properties.

3.2 Maximum Likelihood Methods

The Maximum Likelihood (ML) approach to parameter estimation is very well-established,
rooted in seminal work of Fisher [51] in the early twentieth century. Since that time the
method has been investigated under a wide variety of modeling assumptions [150, 52]
and its properties are very well understood. According to this approach one embraces a
probabilistic framework in order to treat the sequence of observations as a realization of a
stochastic process. On the basis of this data, one attempts to estimate a parameter vector
so that the likelihood of having seen such a realization is maximized - hence the name.
Suppose that the joint (conditional) probability density function of a set of observations,
Z, is known to be py(Z), where § € O parameterizes the probability density function
and that is the set of allowable parameter vectors. Now, if one observes the realization
Z = Z*then a ML estimator for those parameters is

é(Z*) =arg mgaxpg(Z) | 7=z~ (3.4)
Once a series of measurements, /Z, has been taken - that is Z fixed to be some Z*, the

function

pe(Z) |Z:Z*7 (3.5)

becomes a deterministic function of 6. The resulting maximization operation contains
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no stochastic components. Instead of performing the maximization operation in equation
(6.17) it is more common to recognize that, since the logarithm function is monotoni-
cally increasing and the mathematical operation of maximizing a function is the same as
minimizing its negative, it is entirely equivalent to select the estimate as the element that
minimizes the negative logarithm of py(Z). That is, we can determine an estimate by

solving

0 = arg mein(—L(O)) (3.6)

where the L(#) is the log-likelihood function defined as

L(0) — logpe(Z) | z=z-, (3.7)

instead of (6.17). Comparing the basic approach of equation (6.2) to that of equation
(3.6) reveals that, in this formulation, the maximum likelihood criterion function is actu-

ally the negative log-likelihood function. That is,

V(0) — —L(0). (3.8)

The approach of minimizing the negative log-likelihood function is particularly popular
when the underlying probability density functions are exponential. For example, when
po(Z) is a Gaussian probability density function [151] and the data are independent, the
resulting negative log-likelihood function appears in an attractive form largely consisting
of a sum of quadratic terms. One of the most valuable aspects of the ML method is that it
provides a general framework for solving a wide range of parameter estimation problems
provided that the distribution of the data is known. For example, in the early stages of
the identification experiment design phase the ML method provides a clear rationale for

selecting one particular criterion function over another.

3.2.1 Properties

In this section we discuss briefly some well-known and attractive properties of the max-

imum likelihood method. First, we present a theorem that outlines the startling fact that
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the best (in the sense of meeting the Cramer-Rao bound) unbiased estimators are always

Maximum Likelihood estimators.

Property 9 Whenever there exists an unbiased estimator which achieves the Cramer-
Rao lower bound then it is also the maximum likelihood estimator. Proof. See [55].
Second, ML estimates are strongly consistent in simple i.i.d situations and achieve the

Cramer-Rao bound:

Property 10 Let é(Z ) designate a maximum likelihood estimator of 0* based upon m

i.i.d. random variables, Z, then

0(2) — 6* (3.9)
Vm(0(Z) — 6*) — N(0,T71) (3.10)

where I is the average value of Fisher s information matrix per sample. Proof. See [56]
and [57].

These properties, easily established in the i.i.d. case, have been extended to many more
general cases [58, 49]. While the unbiased maximum likelihood estimators have good
asymptotic properties (as assessed by the covariance of the resulting estimates), it should
be realized that there are other ways of measuring the performance of estimators. Ljung
[46] notes that the small sample behaviour of maximum likelihood estimators has some-
times been criticized for being poor. In addition, for many problems it is the exception

rather than the rule that an unbiased ML estimator can be found [55].

3.2.2 Implementation

The difficulty associated with implementing the ML method lies in performing the arg ming
operation of equation (3.6). Since the likelihood function is generally a non-convex func-

tion of its parameters,f , the search for the minimizer must be undertaken iteratively. One
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commonly-adopted strategy is to use an iterative gradient-based search scheme such as
the well-known Newton method or perhaps one of its derivatives [59, 48]. For example, a
(damped) Newton method solution of a Maximum Likelihood problem employs iterations

of the form
Opir = O — 1 [H(0,)] 7T (61) (3.11)

in order to update the current estimate 0, to a better estimate ék+1 (that is, one associated
with a higher likelihood). Here yu; is a user-chosen step length, [/ (ék) is the Hessian of
L(0) at 6y, defined as

82
H(0) = WL(G) lo—d (3.12)
and J(6;) the gradient of L(6) at 0,
- 0
J(O) = %L(Q) lo—d (3.13)

Gradient-based approaches, as exemplified by equation (3.12), implicitly exploit the
continuity of the likelihood function, L(#), in order to calculate the required first and sec-
ond (partial) derivatives. An advantage of using this family of optimisation algorithms
is that, under appropriate regularity conditions, the rate of convergence can be quite fast.
For example, Newton’s method can converge quadratically [59]. On the other hand, the
necessary gradient calculations (3.12), (3.13) mandate the use of a specific model param-
eterisation and, for multivariable systems, this is a notoriously difficult problem [60, 43].
On the other hand, overparameterised model structures, that is those with nonminimal
parameterisations, necessarily lead to singular Hessian matrices (defined by equation
(3.12)) and to complications when evaluating the parameter update equation (3.11). The
question of choosing a parameterisation for the model defined in (3.1) chapter 3, so that
the resulting search is well-conditioned is still an open research topic [44, 45], and is a
prime motivator for further developments in this thesis. For the special case of ML prob-
lems an exciting alternative to the gradient-based methods is provided by the Expectation
Maximisation (EM) algorithm [101]. This approach, which arose in the mathematical
statistics literature, is one that has received relatively little attention in the control com-

munity. This algorithm is comprehensively detailed in the next chapter.
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3.3 Prediction Error Methods

The idea of comparing a model s predicted output to a measured output is a long-standing
one in system identification [87, 88] and the term Prediction-Error Methods (PEM) was
developed to unify a number of seemingly disparate approaches in a manner closely re-
lated to the ML method [76]. As their name suggests, the prediction-error methods pro-
vide a set of estimators that evaluate candidate models by how well they predict the system
output. That is, their criterion function, V'(6), is a function of prediction errors.

According to this estimation framework one interprets a model class as a mapping from
the space of allowable parameters, © , and the measured data, Z, to a causal prediction of
the output. The one-step ahead model-based prediction of the system output, 3, (¢), can
then be written as a function of past values of {yy }, past and current values of Hy, and the

parameter vector 6 as

Ue(0) = 9(0, Yi—1, Hy,) (3.14)

Of course, the exact nature of the function g(.) is determined by the model structure
being used. A crucial element of the prediction error approach is that the criterion func-
tion, V/(0)), is chosen to depend upon the prediction errors - that is, the difference between
the system output {y }and the model-based prediction, ¢ () given by equation (3.14).
One common prediction error criterion function is the following simple weighted quadratic

one

V() =—> el (0) A" e(0) (3.15)

k=1

1
m

m

where

ex(0) = yr — Ur(0) (3.16)

and is a symmetric positive definite matrix that serves to weight the various components
of € according to their relative importance in the criterion function. Of course, the es-

timate V() is still formed via equation (6.17). Since this cost function is not only a
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weighted least-squares one and but also happens to be the same as that employed by the
ML method, we may conclude that under certain circumstances the three estimation tech-
niques coincide.

One reason for the popularity of the simple criterion function embodied by (3.15) is that
the problem of finding solutions to least-squares problems is very well studied [59]. In-

deed, in some circumstances, it is possible to minimise equation (3.15) in closed-form.

In a more general prediction error setting though, one may define a (possibly) time-
varying, weighted norm-like function, I(k, e;), and then choose (Z) as the global min-

imiser of the cost function

1 m
— —Z k,er). (3.17)
m =

3.3.1 Properties

There is an enormous amount of literature pertaining directly or indirectly to the prop-
erties of the prediction error methods [61, 49]. Much of this interest is due to the fact
that under common assumptions prediction error techniques are equivalent to least-square
methods [62, 153] or to the Maximum Likelihood approaches [105, 106]. It turns out that,
under mild conditions upon the system, the set of models, the criterion function and input
signal, the prediction error methods satisfy the following asymptotic properties due to
[49] and [46].

Property 11 (Strong Consistency). Let © be a set of parameters and é(Z ) and V (0)
be defined by equations (6.17) and (3.17), respectively. Then, under the appropriate

regularity conditions,

~

0(Z) —as 0" asm — oo, (3.18)
(3.19)

where

0" =arg min li—m—oo E{V:n(0)}. (3.20)
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Note that if the model structure is sufficiently flexible then multiple solutions of equa-
tion (3.20) may exist and then property above must be amended to state that the estimate,

0(Z), converges to a set of cost function minimisers.

Property 12 (Asymptotic Normality). Let 0(Z) and 0* be defined by equations (6.17)
and (3.20), respectively. Then, under the appropriate regularity conditions, there exists

a sequence of positive semi-definite matrices { P,,} such that

VPR (B(Z) — ) — N(0,1) asm — oo. (3.21)
(3.22)

Clearly, an estimate will not exhibit asymptotic normality unless 6* is the unique solution
of equation (3.20). For further information on the asymptotic properties of the PEMs we
point the interested reader to [46] or, for a treatment of greater depth and generality, [49]
and [46].

3.3.2 Implementation

Properties (11) and (12) were both derived under the assumption that equation (6.17)
is globally solvable. However, for many scenarios, the cost function V() is non-convex
in 6 and therefore a closed-form solution of equation (6.17) is not available. Again, gra-
dient based search algorithms are a popular choice for solving the resulting optimisation
problem Eq. (6.17)) and therefore the implementational advantages and disadvantages of
the prediction-error methods bear a striking similarity to those of the ML approach. Of

course, for the PEM case the Hessian matrix and gradient vector appearing in equation
((3.11) are defined to be

92
H() = WV(@) lo—s (3.23)
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and

N
0 = 55V0) log - (3.24)

3.4 Subspace-based Parameter Estimation Methods

The study of State Space Subspace-based System Identification (4SID) methods [63, 91,
92] has been of enormous recent interest. Belying the recent nature of this activity, the
ideas involved actually go back many years, at least to Akaike[87] whose approach tar-
geted the types of stochastic estimation problems considered in this thesis. There are too
many varieties of 4SID algorithms to detail all of them here but the basic unifying theme
of the time-domain versions is the extraction of estimates of system state-space matrices
directly from data by first dividing that data into past and future data and then project-
ing the future data onto the space spanned by the past data. The technique of projecting
onto subspaces in some ways tends to tie the resulting algorithms more closely to linear
system theory than the other methods described in this chapter. That is not to say that
subspace algorithms have not been applied successfully to problems of non-standard lin-
ear or nonlinear system identification. There have been notable examples of their use on
errors-in-variables [110], bilinear [107, 108] and linear parameter-varying [109] systems.
However many of these extended subspace algorithms are probably not applicable to large
nonlinear systems with the current level of computing technology, since the resulting data
matrices tend to grow at an exponential rate with increasing model order. The benefits
of using these methods, particularly in the linear case, are considerable - parameter esti-
mates may be extracted non-iteratively directly into state-space form, thus making them
ideal for multivariable identification. Furthermore, without the need for gradient-based
search there is no necessity for explicitly parameterising the state-space matrices - the
resulting estimates are fully parameterised. Other advantages of these approaches lies in
their numerical simplicity and the reliability of their implementation. The key operation
required is one of projection which may be performed with Singular Value Decomposi-
tion or even QR factorisation. Unfortunately, the SVD operation in particular makes these
algorithms non-linear in the data and this renders difficult any analysis of the statistical

performance of the approach. In spite of the limitations imposed by their nonlinear nature,
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great strides have been made in the analysis of various subspace algorithms. Analytical
studies of the consistency and relative efficiency [114], and asymptotic normality [113] of
subspace estimates been conducted. Moreover, simulation studies in, for example [111]
and [114], tend to suggest that the relative efficiency of subspace algorithms is close to
that of maximum likelihood algorithms. At present, there is only one known case in which
subspace algorithms achieve the Cramer-Rao bound, and that is when a CCA algorithm is
used and the input is white [112]. Despite all of this, some work remains to be done in this
area so that the depth and richness of theory enjoyed by users of maximum likelihood and
prediction-error methods is also enjoyed by users of subspace-based parameter estimation

methods.

3.5 Conclusions

In this chapter we presented a number of popular parameter estimation schemes and de-
scribed some of their properties.

The prediction error and maximum likelihood methods are both well-studied approaches
to estimation and benefit from a correspondingly deep set of supporting theory. Difficul-
ties with these algorithms can arise upon their implementation with common gradient-
based techniques requiring an explicit model parameterisation. A key observation here
was that the process of extending such optimisation algorithms from the Single-Input,
Single-Output (SISO) case to that of multivariable systems is not at all straightforward.
Indeed, this process can be quite difficult.

A popular and numerically robust alternative to these algorithms is provided by the subspace-
based estimation methods. These cope admirably with multivariable parameter estimation
as they naturally employ compact and attractive state-space model structures. On the
other hand, the theory so-far developed for these algorithms lags that of the PE and ML
techniques. In the remainder of this thesis we test the potential of the EM algorithm for
solving parameter estimation problems. We begin, in the next chapter, with a thorough

description of the EM algorithm.
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Chapter 4

EM Algorithm

In this chapter, we introduce a means of maximume-likelihood estimation of parameters
that is applicable in many cases when direct access to the necessary to make the estimates
is impossible , or when some of the data is missing. Such inaccessible data are present,
for example, when an outcome is a result of an accumulation of simpler outcomes, or
when outcomes are clumped together (e.g., in a binning or histogram operation). There
may also be data dropouts or clustering such that the number of underlying data points is
unknown (censoring and/or truncation). The EM (expectation-maximization) algorithm
is ideally suited to problems of this sort, in that it produces maximum-likelihood (ML)
estimates of parameters when there is a many-to-one mapping from an underlying distri-
bution to the distribution governing the observation. The EM algorithm consist of two
primary steps: an expectation step, followed by maximization step. The expectation is
obtained with respect to the unknown underlying variables, using the current estimate of
the parameters and conditioned upon the observations. The maximization step then pro-
vides a new estimate of the parameters. These two step are iterated until convergence.
The concept is illustrated in Fig. (5.1).

The EM algorithm was discorved and employed independently by several different re-
search; see ([101]) brought their ideas together, proved convergence, and coined the term
”EM algorithm.” Since this seminal work, hundreds of papers employing the EM algo-
rithm in many areas have been published. A typical application area of the EM algorithm

is genetics, where the observed data is a function of the underlying, unobserved gene
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patten; see, for example [115]. Another area is estimating parameters of mixture distribu-
tions, as in [116]. The EM algorithm has also been widely used in econometric, clinical,
and sociological studies that have unknown factors affecting the outcomes [117]. Some
applications to the theory of statistical methods are found in [118].

In the area of signal processing applications, the largest area of interest in the EM algo-
rithm is maximum-likelihood tomographic reconstruction (see, for example, [119]). An-
other commonly cited applications is the training of hidden Markov models, especially

for speech recognition, as in [120].

Figure 4.1: An overview of the EM algorithm. After initialization, the E-step and the
M-step are alternated until the parameter estimate has converged (no more change in the

estimate)

Other signal processing and engineering applications began appearing in the mid
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1980s. These include: parameter estimation ([121, 122]), ARMA modeling [123], image
modeling, reconstruction, and processing [124, 125], simultaneous detection and estima-
tion [126, 127], pattern recognition and network training [128], direction finding [129],
noise suppression [130], signal enhancement [131], spectroscopy, signal and sequence
detection [132], time-delay estimation [133],and specialized development of the EM al-
gorithm itself [134]. The EM algorithm also related to algorithms used in information
theory to compute channel capacity and rate-distortion functions [135, 136], since the ex-
pectation step in the algorithm produces a result similar to entropy. The EM algorithm is
philosophically similar to ML detection in the presence of unknown enraged with respect
to the unknown quantity (i.e. the expected value likelihood function is computed) before
detection, which is a maximization step (see, for example, [2], chapter 5).

The algorithm is presented in this thesis to estimate the model parameters in the time

varying systems.

4.1 General Statement of the EM algorithm

Let Y denote the sample space of the observations, and y €™ R denote an observation
from Y. Let Z denote the underlying space and let = € R" be outcomes from 7, with
m < n. The data z is referred to as the complete data. the complete data z are note
observed directly, but only by means of y, where y = y(z), and y(z) is a many-to-one
mapping. An observation y determines a subset of 3, which is denoted as 3(y). Fig. (5.1)
illustrates the mapping.

The pdf of the complete data is fz(z | €), where § € O is the set of parameters of the
density. The pdf f is assumed to be continuous in 6 and appropriately differentiable. The

ML estimate of ¢ is assumed to lie within the region ©. The pdf of the incomplete data is

gy | 0) = f(z]0)dz. 4.1)
X(y)

Let

1,(0) =gy | 0) (4.2)
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denote the likelihood function, and let

Ly () =logg(y | ) (4.3)

denote the log-likelihood function.

Figure 4.2: Illustration of many-to-one mapping from Z and Y. The point y is the image

of z, and the set Z(y) is the inverse map of y

The basic idea behind the EM algorithm is that we would like to find © to maximize
logf(z | 0), but we do not have data z to compute the log-likelihood. So, instead, we
maximize the expectation of logf(z | #) given the data y and our current estimate of 6.
This can be accomplished in two steps. Let 8 be our estimate of the parameters at the

k — th iteration.

E-step.

Q0| 6™) = Ellogf(= | 0) | y,0™]. (4.4)

It is important to distinguish between the first and second arguments of the () func-
tions. The second argument is a conditioning argument to the expectation and is regraded
as fixed and known at every E — step. The first argument conditions the likelihood of the

complete data.
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M-step. Let 0%+ be that value of 6 that maximize
o+ — arg max Q6| 6. (4.5)

It is important to note that the maximization is with respect to the first argument of the ()
function, the conditioner of the complete data likelihood.

The EM algorithm consists of choosing an initial #!*!, then performing the E — step and
the £ — step successively until convergence. Convergence may be determined by observ-
ing when the parameters stop changing: for example, when ||+ — gkl < ¢|| for some

¢ and some appropriate distance measure ||.||.

Example The general form of the EM algorithm as stated in (4.4) and (4.5)may be
specialized and simplified somewhat by restrictions to distributions in the exponential

family. These are pdfs of the form
(2 10) = a(z2)c(0) explr(0) " t(2)], (4.6)
where 6 is a vector of parameters for family, and where
t(z) = [ti(2),. .., t,(2)]" 4.7)

is the vector of sufficient statistics for #. For exponential families, the £ — step can be

written as
Q(0 | ™) = Elloga(z) | y,0™] + 7(6)"E[t(2) | y,0™] + loge(6) (4.8)

Let t#**+1 = E[t(2) | y, 0]. Because a conditional expectation is an estimator, t/**!) is an

estimate of the sufficient statistic. In light of the fact that the M — step will be maximizing
Elloga(2) | y, 0™ + 7(0)"t" 1 + loge(0) (4.9)

with respect to 6 and that E[loga(z) | y, 0] does not depend upon @, it is sufficient to

write the flowing.
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E-step. Compute

th = Blt(z) |y, 0M]. (4.10)

M-step. Compute
0" = arg g (0)T 1Y+ loge(6). @.11)

The EM algorithm has the advantage of being simple, at least in principle; actually com-
puting the expectations and performing the maximization may be computationally taxing.
Unlike other optimization techniques, it does not require the computation of gradients or
Hessians, nor is it necessary to worry about setting set-size parameters, such as gradient

descent algorithms.

4.1.1 Convergence of the EM Algorithm

For every iterative algorithm, the question of convergence must be addressed. Does the
algorithm come finally to a solution, or does it iterate, ever learning but never coming to
a knowledge of the truth? For the EM algorithm, convergence may be stated simply: at
every iteration of the algorithm, a value of the parameter is computed so that the likeli-
hood function of y does not decrease. That is, at every iteration, the estimated parameter
provides an increase in the likelihood function (but will not decrease).

We present a proof of this general concept as follows. Let

f(z16)
gy 1 0)

and note that k(z | y,6) may be interpreted as a conditional density. Then the log-

k(z ]y, 0) =

(4.12)

likelihood function L, () = logg(y | ¢) may be written
Ly(0) = logg(z | 0) — logk(z | y,0). (4.13)
Define

H(0' | 0) = Ellogk(z | y.0') | y,0].
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Let M: 9% — gl*+1 represent the mapping defined by the EM algorithm in (4.4) and
(4.5), so that 9111 = pr(gIF).

Theorem 13 L, (0%+1) > L, (0), with equality if and only if

QM) |6) = Q6]0)
k(z |y, M(0)) = k(z|y,0).

That is, the likelihood function increases at each iteration of the EM algorithm, until the
conditions for equality are satisfied and a fixed point of the iteration is reached. If 8* is an
ML parameter estimate, so that L, (6)* > L, () for all § € ©, then L, M ((0)*) = L, (6%).
In order words, ML estimates are fixed points of the EM algorithm. Since the likelihood
function is bounded (for distributions of practical interest), the sequence of parameter es-
timates 01, 91} 0¥l yields a bounded nondecreasing sequence L, (0”) < L, (01]) <

.. L,(6™), which must converge as k — oo.

Proof 14
LyM(0) — Ly(0) = Q(M(0) | 0) —Q(0 | 0) + H(0 | 0) — H(M(0) | ).  (4.14)
By the definition of the M — step, it must be the case that
Q(M(0) | 6) > Q6] 6).
for every § € ©. For any pair (§',0) € © x O, it is the case that
H(0'| 0) < H(0]0).

This can be proven with Jensen’s inequality, which states: If f(z) is a concave function,

then E[f(z)] < f(E[z]), with equality if and only if z is constant (nonrandom). This
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inequality may be employed as follows.

, k N
HE10)~ HO16) = Ellogy 27 |10

k(=] y.0)
< logE[k(Zw’@) |y, 0] (4.15)
_ Mzly )
= log/3 5 [4.0) k(z|y,0)dz (4.16)
= log/k(z | y,0)dz

3

= 0. (4.17)

Equation (4.16) follows from Jensen’s inequality, with f(z) = log(z), which is concave;
and (4.17) is true since k(z | y, 0) is a conditional density.

Examination of (4.14) in light of the M — step and the conditions for equality in Jensen’s
inequality reveals that equality in the theorem can only hold for the stated conditions.
The theorem falls short of proving that the fixed point of the EM algorithm are fact ML
estimates. The latter is true, under rather general conditions, but the proof is somewhat

involved and is not presented here (see [99]).

Lemma 15 Suppose that ék is an instance of an EM algorithm such that

1. 0 converge to 0*

A~

2. 5Q0,0,) =0

3 aga;@T Q(0, ék) is negative definite with eigenvalues

bounded away from zero.

Then

B,
5510 =0, (4.18)

82

WQ(Q, ék) is negative definite
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and

0 02 R
Q0,07 5

26 M) = 55557

V(6,0") (4.19)

Proof. See the appendix.
In order to see the utility of this lemma, note that if we linearise the EM algorithm about

the point to which it is converging by finding its first-order Taylor expansion, then

we obtain
s = M(6y)
0 R
~ 0+ —M(0)|g_p+ (0, — OF
+ 2 (0)]o=0- (O, — 07)
and then
By P By
Opt1 ~ (%M(Q)M:e*)]\[_lgk (4.20)

Equation (4.20) formulates the EM algorithm as an autonomous linear time-invariant
system. Under such conditions it is well known that 6, will converge to an optimal value

at an exponential rate determined by the largest eigenvalue of %M ().

In the next section we shall discuss in greater depth the rate of convergence of the EM al-
gorithm in light of equation (4.21), and in particular how it can be affected by the choice

of missing data.

4.1.2 The Role of Missing Data

The EM algorithm allows the user to choose what constitutes the missing data. One pur-
pose of this data is to make the optimisation problem (4.11) easy to solve but one should

recognise that this choice also has an important effect upon the speed of convergence of
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the algorithm. Note that equation (4.19) may be re-expressed as

I0M6) = -2 00,0 L v,
00 — 9poeT V" 0000T "\
82 *\1—1
= [WQ(&Q )
0? . H?
59057 ?") ~ Gaggr (0]
N A )
N 0000T 7 90007
= I—T,,,Tobs 4.21)
by using equation (6.5)
62
Loug = aeaeTE {log f2(z,0)} o=~ (4.22)

is the expected information matrix of the complete data set and
2

Lobs = Fg007

is the observed information matrix.

= E{log fy (Y, 0)}|o—o- (4.23)

Note that the rate of convergence of the EM algorithm as shown by equation (4.20)is
dictated by the largest eigenvalue of 5 M (0). If this eigenvalue has a magnitude close to
unity, then the algorithm will be slow to converge. Conversely, fast convergence corre-
spond to this eigenvalue being close to zero. Under this scenario, it follows from equation
(4.21) that it is desirable to choose the missing data and filter coefficient sequence, so that

the smallest eigenvalue of I', ! T, is as large as possible. Clearly, I',;, is independent

aug
of the missing data so therefore the key to ensuring fast convergence is to find a filter

coefficient sequence so that I',,,; is small.

4.2 Discussion

The EM algorithm provides a simple, iterative method for solving maximum likelihood
problems. At each iteration one updates the current estimate of the true likelihood max-
imiser, ), to a better estimate, ék-‘,—l- Provided that Q(ékH, ék) > (ék, ék) then the al-

gorithm guarantees that the likelihood associated with the new estimate will be strictly
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greater than that of the old one. Thus, iterating the algorithm produces a sequence of esti-
mates {0, } associated with a monotonically increasing sequence of likelihoods {L(6},)}.
The key idea behind the approach is to simplify each iteration by introducing an extra
degree of freedom. The EM algorithm allows the user to select a set of unobserved, yet
desirable, missing data which, in addition to the actual observations, constitute the so-
called complete data set. Normally the user would choose the missing data so that max-
imising the likelihood function associated with the complete data set is easy. Often this
problem is then solvable in closed-form. At each iteration, one calculates the maximiser
of the projection of this complete data likelihood onto the space of actual observations in
directions informed by the estimate from the previous iteration.

It turns out that the role of the missing data is more crucial to the success of the algorithm
than at first glance. Indeed, as revealed in Section (4.1.2), when the algorithm converges
to some particular estimate then the missing data plays an important role in determining
the speed of convergence of the algorithm to that estimate. Furthermore, the rate of con-
vergence is a function of the eigenvalues of the expected augmented information matrix.
Finally, note that if the problem of maximising the log-likelihood function for the ob-
served data is difficult and that of maximising Q(6, ék) simple, then via the fundamental
equation (4.13), it follows that maximising log k(z | y,#) must also be difficult. The
beauty of the approach is that the EM algorithm never requires the explicit computation
of logk(z | y,0).

Appendix A

The Proof of Lemma 15

Proof. From (4.13) we have

v (0,6,

OL(0) _9Q(6.6) s
96 0=k

a0 0= g 0=

(4.24)
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where v(0,0),) = logk(z | y,0).

The first term on the right-hand side of (4.24) is zero by assumption (3), while the

second term is zero in the limit as £ — oo, and hence (4.18).

Similarly, 89%%@(9, 0*) |9—¢+1s negative definite, since it is the limit of the sequence

02 -
WQ(GJ ek) |9:ék+1’

each of whose terms has all eigenvalues bounded away from zero.
Finally, we turn to the problem of establishing (4.19). Expanding %Q(G, 01) |o=g, in
a Taylor series about the point (6*, %) yields

0,0 0, 0" 2Q(0, 0*
% |0:92 — %ﬁ’) |9:0* +[%9’T) |0:9* }(92 _9*)
82

Substituting ¢, = ék and 05 = ékﬂ into equation (4.25) we obtain

2 * 2
0= [% |lo—0+ }(ék—&-l —-0")+ [% lo=6+ =6 ](ék -0+
Since Oy, = M(6;) and 6* = M (#*) we obtain in the limit
0_[82Q(99*)|_ HaM()|_ 1+ %‘9 b
00007 D0O~T =
or
2 x 2
5)1\84 9(9) lo=g-= —[% oo ]—1[%97}7) A (4.26)

Now, employing (4.13) yields

0M1(6) PQE.0) | o P(6.)
op l=="1"5p00r lo= | (e 0007 =010 |, *-27)
Finally
o M(6) 92Q(0, %) 1 0200, 60%)
o0 == Tgagr o= ] gpggr oo ) 429

Appendix B
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Taylor’s Theorem, Residual Errors and the Logarithm

This section looks at results related to the well-known Taylor s Theorem. First, we shall

state this theorem.

Lemma 16 Taylor’s Theorem If a function f has n continuous derivatives on the interval
la,b] and its (n + 1) — st derivative exists on the interval (a,b), then for xo € [a,b] and

x € [a,b],

(x — x0)

f(@) = flwo) + (& = wo) [ (wo) + FP (o) + ... £ (o)
1

0) +
o [ @t 429)

(x — x9)
n!

Now, a function f, satisfying the conditions of Taylor’s Theorem, may be written as
f(x) = To(z) + Ry (),

where T,,(z) is the Taylor series and R, (z) the remainder term. These are implicitly
defined by equation (4.33).

Unfortunately, the expression the residual error,

R(o) = [ (&= " (e)de,

n! Je

is not terribly convenient since it contains an integration operator. It is possible to derive
a more useful expression with which to quantify the residual error.

The derivation of this expression begins with the introduction of an auxiliary function
F(t), which is defined as follows

B AOVREE I

F@t) = [@@)=fO) =" O —1) - —;

AO

m (x —t)" — K(x —t)"*, (4.30)

Here the constant K is chosen so that F'(x) = 0.

Now, since F'(x) = 0, by Rolle’s Theorem there must be a point A € (xg, ) such that

F'(\) =0. (4.31)
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Since F''()) is given by

Ft) = —f'O+[fV0) - fO0) @ -] + [fP ) —1) - D@ - )]

2!
+[%f(3)(t)(x —1)% - % D)z —t)*] +...
+ [n _1 1!f(”)(t)(x - %f(”“)(t)(x — )" + (n+ 1)K (z—1t)"
:(n+uK@—wn—%ﬂmU@—wm 4.32)

equation (4.31) implies that

(n+UK@—AW—fi;M@—AV:Q
and thus
K — fn+1(>\)
n+1"

Finally, substituting this value for K into (4.30) and setting ¢ = z( in (4.30) provides

0 = fla)— flxo) + (& — wo)f (w0) T2 O ag) — ..
ST 0 ) - ((f;;‘f‘;? FrO), (4.33)

which is Taylor’s formula (4.33).

The result of this derivation is now presented as a corollary.

Corollary 17 If a function f has n continuous derivatives on the interval [a,b] and its

(n + 1)% derivative exists on the interval (a,b), then for xo € [a,b] and x € [a, ],

f@) = Flao)+ = 20)f o) T ) 4 - - T pioggy
(T =20 ,(ni1
SR, (4.34)

for some \ € [z, x].
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Chapter 5

Bayesian Adaptive Filtering

After reviewing the generalities in the previous chapters about sate estimation and its
parameters estimation, we tackle in this chapter the problem of adaptive filtering in non-
stationary environments. We first begin by an introductory state of the art review which in-
cludes the existing algorithms on adaptive filtering (LMS and LRS). These algorithms ex-
perience performances limitation in terms of tracking and convergence in non-stationary
environments. This motivates our work to propose more efficient technics for such Bayesian
technics. Our proposed methods take into consideration a priori information about the sys-
tem variations such as the PDP, Doppler bandwidth, ...etc. We thus propose two different
approaches, the first one is based on Wiener Filtering (WF) while the other one is based
on Kalman Filtering (KF). In this chapter we develop the first approach and the second
one will be considered in the next chapter. The proposed algorithms can be applied in
many situations and as an example we consider in this chapter its application for system
identifications in particular mobile radio channel for the importance of this medium in
wireless communications. We provide numerical results that show the proposed algo-
rithm advantage compared to existing algorithms in terms of Excess Mean Squared Error
(EMSE) for different PDPs and Doppler shifts.
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5.1 State of Art

Since the introduction of the LMS algorithm by Widrow and Hopf in the 1960’s, most of
the further work in adaptive filtering has focused on improving the initial convergence.
The Recursive Least-Squares (RLS) algorithm was also developed in the 1960’s and pro-
vided an alternative algorithm for adaptive system identification. The RLS algorithm is
recursive and not iterative as the LMS algorithm, solving a LS cost function exactly at
each update. As a result it converges very fast since it provides an unbiased solution once
the LS problem gets overdetermined. This deterministic aspect adds up to the observation
that the RLS convergence is insensitive to the input signal correlation structure (approxi-
mately, since there is some dependence on the initialization). The RLS algorithm, though
providing computational savings w.r.t. the plain solving of LS problems at each sampling
period, is quite a bit more expensive than the LMS algorithm. This motivated on the one
hand the development of fast RLS algorithms, and on the other hand the development of
an intermediate category of algorithms, all less sensitive than LMS to the input correlation
structure, including frequency or other transform domain LMS algorithms, prewhitened

LMS versions, Fast Newton Transversal Filters and (Fast) Affine Projection Algorithms.

At the outset, all these algorithms were developed to converge to an unknown opti-
mal filter. When this optimal filter is actual time-varying, these algorithms need to be
made adaptive. The RLS algorithms are made adaptive by the introduction of a weight-
ing function/window. The weighted LS cost function can be viewed as the output of a
filter with the instantaneous squared filtering error sequence as input. The filter should
be such that its input-output relationship is simple and recursive. The LS cost function
uses a discrete-time integrator as filter, which can be easily modified into a first-order
recursive filter for the exponentially weighted RLS algorithm. The sliding window RLS
algorithm uses a moving average filter that can also be expressed recursively. All other
adaptive filtering algorithms are made adaptive by the introduction of a scalar stepsize.
In fact, the time-varying stepsize sequence of stochastic gradient algorithms [10] is made
time-invariant/constant to avoid convergence and permit tracking of time-varying optimal
filter settings. The tracking characteristics of the LMS and RLS algorithms got analyzed
only in the 1970’s and 1980’s, 10 to 20 years after the introduction of the algorithms,




5.1. STATE OF ART 79

in [22] for LMS and [21] for RLS. A further inspection of these tracking characteristics
revealed the surprising result that in certain cases the LMS algorithm may provide better
tracking than the RLS algorithm (each with optimized stepsize or forgetting factor), see
[23] for deterministic and e.g. [10] for random parameter variations. With hindsight, this
is not at all surprising since LMS and RLS are just two suboptimal approaches to track-
ing time-varying parameters. Whereas initial convergence is about the fast reduction of
the mean parameter error vector, tracking is about the optimal compromise between MSE
due to estimation noise and tracking/lag noise. Some general references on the tracking
behavior of adaptive filtering algorithms are [1, 4, 3], [6, 16, 19] and [17, 18, 14].

The RLS algorithm got introduced after the Kalman filter (KF) was invented, though
the RLS algorithm is a special case of the KF for the following state-space model [13]

Hy, = Hjp (5.1
vy = VI Hy +vp . (5.2)

The KF formulation requires immediately a parametric form of the optimal filter, usually
a FIR filter is assumed with impulse response of /N coefficients contained in the vector
Hj,. The measurement equation (5.2) expresses that the desired-response signal xj, is
the sum of the output Zﬁgl Hj. ;y—; of the optimal FIR filter H;, with input y;, plus an
independent measurement noise vi. In KF terminology, x; would be the measurement

and H,, the state.

Wiener filtering (WF’ing) is about estimating one random signal from another, let’s
say estimating the signal x, on the basis of the signal y;. In the system identification set-
up of adaptive filtering, which is reflected in (5.1)-(5.2), the relation between these two
signals is that z; is assumed to be output of an unknown system/plant with y;, as input
plus independent measurement noise v. In this case, the optimal Wiener (LMMSE) filter
is clearly R,y Ry = HT, which is FIR if the system to be identified is FIR. The WF
is based on the joint statistical description of the random signals z; and y,. and is a

deterministic quantity. The WF solution is not influenced by the color of the noise vy.

KF’ing is in principle a special case of the signal-in-noise case of WF’ing. In the
signal-in-noise case, the measurement signal is the sum of the signal to be estimated plus

noise. For the KF, the signal to be estimated satisfies furthermore a state-space model.
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The adaptive filtering/RLS application of KF’ing though deviates significantly from this
spirit. In RLS, the quantity (state) estimated is the set of WF coefficients H), instead of
its output, the filter input y; is considered deterministic (the estimation is given ;) and
hence the filter estimate would be random if y;, would be considered random. Indeed, the
Kalman Filter provides an estimate H,, of the WF H,. Since this KF application is now
an instance of parameter estimation, the parameter estimation quality depends on e.g. the

color of the noise v.

The KF’ing framework can be straightforwardly extended to incorporate time-varying
optimal parameters. The simplest way is probably through the following stationary AR(1)

model state equation for the optimal filter variation [13]
H, = AHy 1+ W (5.3)

replacing (5.1), where E WkWiH = Qb E kaZH = 0 (noises assumed circular in
complex case). This formulation lead to the widely accepted point of view that the KF
would be the optimal adaptive filter. This is indeed true for the system identification con-
figuration with (5.3)-(5.2) as assumed correct model and A, @ and r in E vvf = rdy,
assumed known. We may note that in this model, WF’ing provides the time-varying opti-
mal filter H] = R,,y, R{,klyk and the Kalman Filter estimates it in a Bayesian (LMMSE)

Sense.

The problem with the KF viewpoint is that the model parameters, if at all the model
is correct, are unknown and need to be estimated also from the same data. Those pa-
rameters can be inferred from the joint signal statistics, just like the Wiener Filter itself.
However, in the KF, the input signal y, is considered deterministic which makes the state
space model (5.3)-(5.2) linear but time-varying. These complications lead to approximate
approaches such as exponentially weighted RLS, which can be shown [7] to correspond
to the KF for certain artificial choices of A and () in (5.3). The main issue in most appli-
cations is the so-called generalization property of statistical learning: what counts is the
adaptive filter performance not for the given input signal realization, but when applied to
other signal data, hence for the given signal statistics. The generalization capacity may be
hampered by sticking too closely to one model’s details when the model is approximate.
Another issue is that the Kalman Filter approach for tracking time-varying optimal filters

only applies in the system identification configuration in which the filter’s non-stationarity
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arises in the cross-correlations between input and desired-response signals, regardless of
the statistics ((non)stationarity) of the input. Communications applications of the system
identification configuration are channel estimation and echo cancelation. In all other con-
figurations of adaptive filtering: prediction, deconvolution/equalization and interference
cancelation, the statistics of the optimal filter may be strongly intertwined with the statis-
tics of the input signal. In linear prediction for instance, the desired-response and input
signals are the same. One rarely sees the linear prediction problem addressed as a ML
estimation of or Kalman Filtering on the parameters of an AR model, because any AR
model order is likely to lead to an approximation error. Adaptive prediction is in fact
a joint operation of approximation (e.g. through model order selection) and estimation.
In equalization, even if the channel variation could be modeled as an AR(1) model as
in (5.3), the optimal equalizer setting is a nonlinear function of the channel. Given all
these considerations, the best practical approach is probably to specify a motivated solu-
tion structure of acceptable complexity and optimize the parameters within that structure
(as is done in linear prediction) (approximation/estimation compromise). The problem
considered here has of course been addressed previously and we now discuss some of this

existing work.

5.1.1 Tracking Bandwidth Adjustment

Most of the work on adapting tracking capability has focused on adapting one tracking
parameter. In RLS, it doesn’t cost any computational complexity to make the forgetting
factor (FF) time-varying. Modifications to fast RLS algorithms to allow a time-varying
FF, as well as algorithms to adjust this FF on the basis of correlation matching have
been pursued in [82]. The equivalent development for LMS algorithms concerns Variable
StepSize (VSS) algorithms. Important developments were presented in [37], [39], [65],
[64], [66] [38] and [42]. Most of the VSS algorithms use the steepest-descent strategy
and the instantaneous squared error cost function of the LMS algorithm to adjust the
additional parameter, which is the stepsize. A related but different approach consists in
running various adaptive filters with different time constants and selecting or combining
their outputs, similarly to what is done in model order selection, see [71], [70], [68] and
[69].
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A further refinement is to allow different tracking bandwidths for different filter com-
ponents as is done in [40] with a VSS per filter coefficient and in [81] where the tracking
capacity increases with frequency for the various frequency domain components of the
filter. The work in [40] essentially shows that a ”diagonal” state-space model (5.3) may
allow a simplification of the KF to a LMS algorithm with a VSS per tap, but no attempt

i1s made to automatically adjust the resulting stepsizes.

5.1.2 Power Delay Profile

Besides the statistical modeling of the parameter variation, another important ingredient
in Bayesian adaptive filtering is the incorporation of prior knowledge on the coefficient
sizes. Indeed, when tracking time-varying filters, it becomes possible to learn the vari-
ances of the filter coefficients. This aspect has been exploited for a while in a rudimentary,
binary form for sparse filters: filter coefficients are either adapted or deemed to small and
kept zero (for each filter coefficient, the stepsize is either O or a constant). More recently,
a smoother evolution of the stepsize has been introduced, leading to the Proportionate
LMS (PLMS) algorithm, motivated e.g. by acoustic echo cancelation in which the adap-
tive filter has many coefficients, but their value tapers off, see [78],[79]. Similar prior
information is starting to be taken into account for (LMMSE) channel estimation in wire-
less communications [84], where the evolution of the channel coefficient variances along
the impulse response is called the power delay profile, important developments were pre-
sented in [27, 32, 27].

5.1.3 Full Bayesian Approach

In a full Bayesian approach, the whole matricial spectrum Sy (2) = Sgp(z) of Hy, counts:
not only the parameter variation speed/bandwidth but the whole spectral shape counts, not
only the spectral shape but also the power delay profile counts, and in principle also the

cross spectra between coefficients need to be accounted for.

The KF [13] allows to do all this in the system identification set-up, but ignores the es-
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timation of Sy (2). In [77], a point of view close to the one of this is developed. However,
they require the knowledge of the (multivariate IIR) matricial spectrum of the (standard)
adaptive filter gradient (this could be estimated from the observations of the gradient) and
knowledge of the (multivariate IIR) matricial spectrum of the stationary filter parameter
vector. This last requirement is quite unrealistic. Furthermore, the design steps suggested

may be quite sensitive to estimation errors to some quantities that get estimated.

5.2 System Identification

Consider now the prototype adaptive filtering set-up, which is the system identification
set-up, in which the desired response signal ¥, is modeled as the output of the optimal
filter, which can be time-varying, plus independent (white) noise. The adaptive system
identification Fig. 6.1 is designed for determining a (typically linear FIR) model of the
transfer function for an unknown, time-varying digital or analog system.

Aw

X, | o+ .
] e O e

Figure 5.1: System identification block diagram

For the performance analysis, we will assume that the adaptive filter structure is that

of an N-point FIR filter, and the input signal X, is obtained as a vector formed by the
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most recent /V samples of the input sequence xy, i.e.,

Xy = [Ty Tpo1yee s Tponp) (5.4)

Let H; denote the optimal coefficient vector (in the minimum mean-squared estimation
error sense (MMSE)) for estimating the desired response signal y; using X;. We will
assume that H (k) is time varying, and that the time variations are caused by a random
disturbance of the optimal coefficient process.

In order to make the analysis tractable, we will make use of the following assumptions

and approximations:

o X, yi are jointly Gaussian and zero-mean random processes. X is a stationary
process. Moreover, { Xy, yx} is uncorrelated with {X,,, yx} if n # k. This is
the commonly employed independence assumption and is seldom true in practice.

However, analysis reliable design rules in the past.
e The autocorrelation matrix Ry x of the input vector X}, is a diagonal matrix and is
given by:
Rxx = o°1. (5.5)
While this is a fairly restrictive assumption,it considerably simplifies the analysis.
Furthermore, the white data model is valid representation in many practical systems

such as digital data transmission systems and analog systems that are sampled at

Nyquist rate and adapted using discrete-time algorithms.

5.3 Modeling of Standard Adaptive Filtering Behavior

The adaptive filter is H « and the a prior error e, = Yy — X ,f H x—1. Consider the (complex)
LMS algorithm first

HY' = B e
= (I = uX{ X H™) + p Xl o + p XX
= (I —pXEXOH™ + uXop + pRHyp(R — X7 X)) (H™ — H)5.6)
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Then, assuming the adaptation speed is not too fast, we get approximately

HY™ = I — (I = uR)q '] uR(Hy, + R7' X[y (5.7)

whereas the RLS filter update is of the form

H* = H{" +R'X/e,
11—\
— 1——>\q—1<Hk + R'X ) (5.8)

In general

A

Hk == F}ms,rls(Q)(Hk+R_1X]?Uk)
. e (5.9)

Gradient G, = R7'X ,f Y, in fact! then we can estimate S assume RLS or LMS with
white, where ¢ 'H,, = Hj_,. Using averaging analysis at low adaptation speed, these
results for the sysid-up hold approximately also for the other adaptive filtering appli-
cations. Note that (H; + R~'X[v;) is closely related to G, = R™' X[y, which is
a mixed quantity in that it is averaged in the input covariance but instantaneous in the

input-desired-response correlation.

5.4 Bayesian Adaptive Filtering (BAF)

In this chapter we focus on stationary time-varying parameters, we neglect transient phe-
nomena, and we consider the stationary steady-state regime. Hence we formulate the

parameter tracking problem as a Wiener filtering problem.

5.4.1 Wiener solution

We shall introduce, mostly for the purpose of analysis, a somewhat idealized Bayesian

solution which is based on the assumption that R can be estimated well. This solution
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will be based on LMMSE estimation (WF’ing) of H}, from the gradient:

Gr=R'Xy, = Hy+ R'Xv, +(R'X"X — 1) H, (5.10)
_E,_/

G,

where for slow parameter variations, the last term can be neglected since it is the
product of low-pass noise H; with high-pass noise R~ X7 X; — I . The optimal BAF
would be to apply the kF to (11), G, = H,+G, which can be considered as a measurement
equation for the state Hy. In steady-state, the Kf converge to the WF

Hy, = F(q)Gy (5.1
where in the non-causal case

F(q) =T - Saa(0)Sae(a) (5.12)

Neglecting the last term in (5.10) and assuming that v is white noise (hence ék), we
have Ssi(¢) = 0c2R™'. Hence the non-causal WF is fairly straightforward to find since
Sce can be estimated simply from the observations of Gy, though o2 is somewhat trickier
to derive from the observed MSE.

For the causal case, consider N, = P(q)Gy where P(q) is the ( length) (monic) multi-
variate prediction error filter for the vector signal GG, and Ny, is resulting white prediction

error with covariance matrix Ry . then the causal WF is

F(q) =1 - Sag(q)RynP(q) (5.13)

5.5 Application: Mobile Radio Channel

In mobile radio communication, the transmission between a transmitter (7,) and a mobile
receiver (R,) takes place via many paths. A direct wave reaches the receiver if a line-of-
sight (LOS) path exists. Other waves are scattered, reflected, or diffracted at natural or

man-made obstacles. Hence, these waves are characterized by attenuation, time delay,
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and angle of- arrival.
The multipath propagation influences the resulting signal in several ways such as time
dispersion, fading, and Doppler shift. In this section, these effects are explained, and the

channel model for the simulation is introduced.

Time Dispersion The signature displaying the received signal energy versus time delay
is called the PDP. The PDP describes the time dispersion due to multipath propagation.
Shape and length of the PDP are affected by the nature of the environment, particularly
by the size and density of buildings or other obstacles.

In general, it can be assumed that short propagation paths occur more often than longer
propagation paths, yielding a higher contribution to the entire received signal energy.
According to measurements , this effect can be described by an approximately negative
exponential variation of the received signal. Very often, the influence of a certain obsta-
cle can be discerned directly in the PDP shape. Irregularities of the PDP described by
peaks or echo groups occur [36]. The different terrain types are usually separated into the
groups urban, suburban, and rural, corresponding to their building density [30]. These
qualitative descriptions are not precise and are open to different interpretation. Due to the
strong variation of realistic channels, a clear-cut separation with respect to the geographic
situations is impossible [35]. Therefore, this chapter focuses on the influence of the de-
tails of a more general PDP and Doppler shift instead of investigating the representatives

of a special area.

Fading All incoming waves combine vectorially at the receiving antenna. At a moving
receiver, the phases and amplitudes of the different multipath signals will change rapidly
due to local scatterers. The resulting spatial field pattern varies from point to point. The
probability density function (pdf) of the signal envelope variation can be approximated
by a Rayleigh distribution, if all contributing signals have about the same magnitude and

an equally distributed random phase.

When moving into shadows of buildings for example, the total path loss changes due




88 5. BAYESIAN ADAPTIVE FILTERING

to large local shadowing effects like buildings or trees. As these effects occur slowly,
compared to the fast fading described above, these fluctuations of the mean level of the
received signals are called slow fading. Measurements show that this slow fading can be
approximated by a log-normal distribution. In general, the parameters of the log-normal
pdf depend on the environment type. Hence, the standard deviation varies in the range of
2 —6dB [31].

Doppler shift Whenever relative motion exists between 7, and R, , an apparent shift
in the frequency of the received signal occurs due to Doppler shift. The Doppler shift
is different for every incoming wave as it is related to the velocity component of the
vehicle in the incoming direction. This yields a complete Doppler spectrum. Otherwise,
assumptions about the angle-of-arrival or corresponding reference Doppler spectra should
have been made. Consequently, the results gained in this chapter are valid for the static

channel.

Channel Model We consider the uniform dynamics plus power delay profile like struc-
tured model for the optimal Doppler spectrum: Sy (e/?™/) = Sy, (e72™/) D where
Sun(e7?™1) is scalar, f represent the Doppler shift and the matrix D is arbitrary if it were
diagonal (decorrelation filter coefficients) the diagonal would represent the power delay
profile(PDP) of the optimal filter

To simplify, we suppose, also, that the scalar spectrum Sy, is a flat low-pass spectrum;

1.e.

S}L,‘}L,‘

f’i f’l
) O JL

N

Figure 5.2: Doppler spectrum representation
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5.6 Performance Analysis

In this section we will comparing the performance between the SAF and BAF in terms of
the resulting EMSE.

The EMSE is defined by

EMSE = E|e;] — MMSE
- E[X,fﬁ;ﬁ,{xk] (5.14)
where
Hy, = Hy— Hy

= (I —F(e ) H, — R F(e ™)X},
_ (I—F(e_j%f)) H, — F<€—j27rf)ék

If we make the assumption that the system variation is a zero-mean, wide-sense stationary
process with a cross-spectral density matrix Sy (e~%7/), and if we suppose that these
variations are independent from the input signal, the Excess MSE can be expressed in the

following form:
EMSE = tr{EH.HIR)}

= tr{R / ’ Sgau (€ )df} (5.15)

[N

and becomes:

EMSE = tTR{/Q F(e]27rf)RG~é FH(QJQWf)df}

fun

trRY / (T = F(e™™)) x Sy (e )(I — P} dy

Remark that the EMSE can be broken up into two terms:
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1 . .
o Eise = trR{[? F(e/*™)Rgs FH(e7™)df} characterizing the noise contribu-
2

tion; and can be interpreted as the estimation accuracy under stationary conditions

® Ly = tTR{f (I — F(e7™)) Sy (e??))(I — FH(e721))}df representing the

estimation error resultlng from the system variations (Lag noise)

in the RLS case
1—-A
Flz) = —1 5.16
(Z> 1 _ )\Z_l Y ( )
in the LMS case
2
F(z) = i I (5.17)

in the non-causal case
F(2) =1 — Saa(2)Sa6(2) (5.18)
in the causal case
F(2) =1 — Saa(2)RynP(2) (5.19)

We deduce, thus, the EMSE expressions for the different are given by (5.20) for different

windows:

o1 —A Al =\ 14+ A
EMSERYS = Ng? ) + 202tr(D) (M f; — T )\arctan(l j_L S tan( f,))20)
2
LMS 9 ,ua KOz HOy
EMSE™® = Nojzis + 203(1 — po})tr(D)(fi — T2 = o) ANy tan(r f;)))
(5.21)
N

dz 1 1
EMSE,,. = DS L= g22f, -
zm@ A R O W o

i=1 ”2f

(5.22)
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N
EMSE. =032f; Y [1—-(1+

i=1

2
O'mDi

olfi

)] (5.23)

Proof. see the appendix.

5.7 Numerical Results

In this section the behavior of BAF and standard adaptive filters is compared for non-
stationary environments in a system identification setup. We consider the particular sce-
nario of Wireless Radio Channel. In all simulations presented here, the desired signal
Y, is corrupted by zero mean, (iid) Gaussian noise of o2 variance.

We compare the minimum EMSE achieved by each variable (with optimized parameters
A ;) and by a BAF.

Fig. (5.3) plots the minimum EMSE curves as a function of the power delay profile D;,
for a fixed small Doppler bandwidth (f; = 0.001). We see that the Baysian Adaptive
Filtering (BAF) given with a causal and non-causal Wiener filter performs better and the
optimal RLS and LMS have bad performance for a small Doppler bandwidth.

Fig. (5.4) plots the EMSE as a function of the power delay profile D;, for a fixed Doppler
bandwidth (f; = 0.1). We can notice that for optimal step-size in the LMS and optimal
A = 0.97 in the RLS, the two algorithms show good performances. However, for a large
step size, the LMS algorithm does not track well, while the BAF outperforms the SAF for
different Doppler shifts.

Fig. (5.5) plots the EMSE as a function of the power delay profile D; and Doppler band-
width f;. This curve shows that the BAF performs even better than SAF.
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Figure 5.3: Comparative tracking performance results between BAF and Standard AF
using EMSE for different value of power delay profile at Doppler bandwidth (f; = fo =
0.001)
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Figure 5.4: Comparative tracking performance results between BAF and Standard AF
using EMSE for different value of power delay profile at Doppler bandwidth (f; = fy =
0.1)
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Figure 5.5: Comparative tracking performance results between BAF and Standard AF
using EMSE for different value of power delay profile and a different value Doppler
bandwidth (f;)

5.8 Concluding remarks

In this chapter we proposed a bayesian method based on WF tacking into account priori
information in order to improve the tracking and convergence performance. We also con-
sider the application of our proposed method in the case of mobile radio communications
where the priori information consist on PDP and Doppler shift. The numerical results
show the impact of the priori information on the performance of the propped technique.

In the following, we summarize the main characteristics of our technique

e For a small Doppler Bandwidth (DB) the optimal RLS and LMS track poorly for
different values of PDP.

e For a large Doppler Bandwidth, the LMS with a small step-size and RLS with
optimal A track well but do not outperforme the BAF. Also for a large step-size the
LMS does not track properly.

e For the different aprior information (DB and PDP), the standard adaptive filtering
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(LMS and RLS) are not bad, but the BAF still show the best performance.

In the following chapter we propose and other Bayesian technique based on KF.

APPENDIX

EMSE for a causal WF

The z-transform of the causal WF window is given by:
F(q) =T = Saa(a)RynP(4) (5.24)

where N, = P(q)Gj, and P(q) is the (co length) (monic) multivariate prediction error
filter for the vector signal GG, and Ny, is resulting white prediction error with covariance

matrix Ryy
I —F(q) =0?R'Ry\P(q), I — F,(q) = 2R Ry (5.25)

then

Sun = oiRT'RYY / PSao PP Ry R™'df
+02R — 20 R R R (5.26)

= 02N —otr{Ry\R™'} (5.27)
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v = esxpl [ In(sn (1) + 23)
Yy
D 2 2
= explf ln(z B ) (1—f)In Z—;Q’]
(72 DZO' )
= 2(1 AN 5.28
(o) 28
finally
EMSE = 2N—a%mRﬁﬂr%
_ 2
= o,N—o, Z fﬂz
N D 2
= 23 (1= (14 =2y (5.29)
— fio?
EMSE for a non-causal WF
The z-transform of the causal WF window is given by:
F(q) = I — Sga(q)Sec = 0oaR™ (Sun + 0, R™) (5.30)

(I - F)Suu(I—F)" + FSsaFY

then

tr{R((I - F)Sgu(I — F)" + FSaaF™)}

finally

JﬁR_l(SHH + UER_l)_
+SuH (SHH + U%R_l)_lo'gR_

Uﬁtr{R_l (SHH + O‘%R_l)
—|—012)t7"{SHH (SHH + 05R71>

aﬁtr{(SHH + O'gRil)ilSHH}

1SHH(SHH +03R_1)_1
1(SHH+0'12,R_1>_1 H

R—l

SHH

' Suu (Sum +o R
_1(SHH +o0.R7Y)

-1

}

-1
St}
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N
dz 1 1
EMSE,.. = DS =522y —— (531
Zﬂ?rj{fé 2 (=) va;1+g—§Dii2Lf- o

EMSE for RLS

The z-transform of the exponential window RLS is given by:

1—-A

Fe2) =134

(5.32)
In order to perform the analytical expression of the Excess MSE in the case of a exponen-

fi '
tial window, we start calculating the quantity / |1 — Fp(eXm)) ‘2 df.
0

222 (1 —cos (27 f))
1 —2)\cos (27f) 4+ A2

‘1 - FE<€2j7rf)‘2

The previous expression can be expanded as

: 2)% — 2\ 2) (1 — Xcos (27 f))
1— Fp(e¥™|* = 5.33
| 5(e™) 1—2Acos(27rf)+)\2+1—2>\cos(27rf)+)\2 (5.33)

On the other hand, we have:

1—a? 1+a T
dx = 2arctan tan (—)
1 —2acos(z) + a? l—a 2
1— 1
/ ( aCoS T) de — §+arctan<1+a

1 —2acosz + a? 2

Using the integration change of variables x = 27 f, we have

/i : Al—) 1+ A
/0 ‘1—FE(€2J7Ff)‘2df = /\fl-—;1+)\arctan<1i_>\tan(7rfi))

Using an exponential windowing for RLS, The Excess MSE is given by:

1— Al—=A I+ A
— 2 2
EMSE = No i + 207, g ND; <)\fz-—; n arctan(l_)\tan(ﬁfi)))
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Chapter 6

Bayesian Adaptive Filtering :
EM-Kalman Algorithm

In this chapter we continue our study of the Bayesian Adaptive Filtering (BAF) concept
that we introduced in the previous chapter. The proposed technique is based on mod-
eling the optimal adaptive filter coefficients as a stationary vector process, in particular
as a AR(1) model. Optimal adaptive filtering with such a state model becomes Kalman
filtering. The complexity of the resulting algorithm is O(N?) and in order to reduce this
complexity we propose a diagonal AR(1) based approach of complexity O(N?) which
is comparable to RLS complexity. For the AR(1) model parameters estimation, we pro-
pose an adaptive version of the EM algorithm with complexity limited to O(N). The
proposed parameters estimation method leads to linear prediction on reconstructed op-
timal filter correlations, and hence a meaningful approximation/estimation compromise.
To further reduce the initial adaptive EM-Kalman algorithm complexity, we develop a
second approach based on component-wise EM-Kalman (This technique is of complexity
O(N) which is comparable to LMS complexity). To compare the proposed algorithms
performance, we derived the analytical expressions of EMSE in the steady-state in the
general case and we proposed a comparison for the application to radio mobile com-
munications where the priori information is the fading, PDP and the Doppler shift. The
former proposed algorithm is outperformed by the adaptive EM-Kalman based algorithm,

in terms of tracking and convergence. To offer comparable performance with the adaptive
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EM-Kalman algorithm with same complexity of component-wise EM, we propose in the

following chapter a two-stage technique.

6.1 Parameter Estimation via the EM algorithm

Consider now the prototype adaptive filtering set-up, which is the system identification
set-up, in which the desired response signal ¥, is modeled as the output of the optimal
filter, which can be time-varying, plus independent (white) noise. The adaptive system
identification Fig. 6.1 is designed for determining a (typically linear FIR) model of the

transfer function for an unknown, time-varying digital or analog system. Let consider

]VA‘
X, ' ‘ +< )
k H @ Yk . e

H,

Figure 6.1: System identification block diagram

the system defined bellow

H, = AHp_+ W,
ye = XFTHy 1+ v (6.1)

In this section we develop the EM algorithm for estimating the parameters of (6.1).
Perhaps the most important step in applying the EM algorithm presented in the previous
chapter, to a particular problem is choosing the missing data. The missing data should
be chosen so that the maximization of U (6, 6%) for any value of § = (A, Q) is easy to

perform, and that the expectation step is possible .
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Fortunately, in this case, the choice of missing data is not too difficult.

Let us imagine for a moment that, in addition to the system inputs and outputs, H; and Y}
respectively, the state Hj, was available thus, ML estimation of A reduces to its application
to (6.1). The covariance elements, (), of ¥, could then be calculated from the residuals.
Moreover, the conditional expectation of state sequence is calculated using a (slightly
augmented) Kalman Smoother. All of this suggests that the state sequence is a desirable
conditionat for the missing data. We therefore designate Y as the incomplete data so that
the complete data set is Z = (Hy, Yy).

In order to develop a procedure for estimating the parameters in the state-space model
defined by (6.1), we note first that the joint log-likelihood of the complet data Z can be
written in the form

First, by repeated application of Bays Rule

fz2(2,0) = f(H]Y =y).fr(y;0) (6.2)

where f7(z,0) is the probability density associated with Z and fzy—,(z,0).fy (y;0) is
the conditional probability density of Z given Y = y. Taking the logarithm on both sides
of (6.2),

log fy (y,0) = log fz(2,0) —log f(H|Y = y) (6.3)

Note that the logarithm function is monotonic in its semi-positive argument and any prob-
ability density function (p.d.f.) is semi-positive, it follows that the maximising argument
of any p.d.f. will be the same as for the logarithm of that function.

Of course equation (6.3) requires knowledge of the complete data set and therefore can-
not be calculated. Suppose that, instead of calculating equations (6.3), we calculate an
approximation of (6.3) derived as an expectation over the space of Hy, and conditioned

upon the actual observations, as well as some estimate of the vector 6 say 6 then we obtain

Eg{logfy(y,0) | Y} = Eg{log fz(2,0) | Y} — Ez{log f(H]Y =y) [ Y}  (6.4)

or alternatively,
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where the following definitions have been used.

L(0) = log fy(y,0)
U,0r) = Ez{log fz(2,0)|Y}
V(0,0r) = Ep{log f(H]Y =y)|Y}

We can interpret the function U/(6, ék) as the projection of the likelihood function that
we want to solve onto the space spanned by Z and in directions informed by 6. In other

words, it is our estimate of the log-likelihood function associated with the complet data.

With this definition we can writ

L = log fo(Hg, Yo, 0|Yr)

M
= —MlogdetQ — MlogdetR +» tr(Hy — AH,_1)Q ™" (Hy — AHy_y)"
k=1
M
+ Ztr(yk — X Hy—1 )Ry — X[ Hy—1)" (6.5)
k=1

The log-likelihood given above depends on the unobserved data H;. We consider
applying the EM algorithm conditionally with respect to the observed ensemble Y. That
is, the estimated parameters at the (k + 1) — th iteration are the values A and () that

maximize
U(0,0x) = E; {log fo(Hy, Yar, 0]Yar)} (6.6)

where E; denotes the conditional expectation relative to a density containing the k — th
iteration values.
In order to calculate the conditional expectation defined in (??), it is convenient to define

the conditional mean

Hy = Ej {H{|Ya}
P, = E[H HI |Y\}
Py = B[Hy 1 H{ [Yar}
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we suppose the following definitions

g = > (Ej {Hi1(He1)"[Yar} + Picy)

o
ey

M
e = > (B {HH{|Yu}+ Pp)
k=1

M=

I 1 = (E@k{HkHé{ﬂYM} + Prj—1) (6.7)

i
I

The Kalman filter terms H ks P and Py j_; are computed under the parameter values
Ay and Q) using the recursions in (6.7). Maximizing (6.6) w.r.t. A and (), we obtain
Maximum with respect to a: Differentiating the expected log-likelihood with respect to
Ayields:

OE[L(0)]

—1
—a = Q*?(—Zﬂm,l + 2AI1;,_4) (6.8)

Equating this result to zero yields the value of A that maximizes the approximate log-
likelihood:

Axi1 = e (M) ™! (6.9)

Maximum with respect to R: Differentiating the expected log-likelihood with re-

spect to R~! gives:

OE[I(9)]

opt = 25— ) — )+ TR (6.10)

k=1

Hence, by equating the above result to zero, the maximum of the approximate log-
likelihood with respect to R is given by:
LM
R=: > (e — ) (e — Ge)"

k=1
(6.11)
Maximum with respect to Q: Maximum with respect to q Following the same steps, the

derivative of the expected log-likelihood with respect to Q! is given by:

OEl(0 1 . M
% = _Q(Hk‘ —2AI0} , y + Allp 1 A™) + ?Q




102 6. BAYESIAN ADAPTIVE FILTERING : EM-KALMAN ALGORITHM

Hence, equating to zero and using the result that
Ay, = Hk,k_1|k(1_[k_1|k)_1, the maximum of the approximate log-likelihood with re-

spect to ¢ is given by:

1
Q1 = M(quk—Hk,k—uk(Hk—1|k)_lﬂgk,1|k) (6.12)

6.2 Adaptive EM-Kalman Algorithm

In our study, the tasks of smoothing in a missing data context, introduced in the previous
chapter, are interpreted as basically the problem of estimating the BAF H}, in the state-
space model (6.1). The conditional means provide a minimum MSE solution based on
the observed data. The parameters () and A are estimated using the EM algorithm. The
estimation of the optimal filter variation is carried out by KF’ing and one step smoothing
and we introduce an EM approach to iteratively update the parameter model.

The resulting algorithm is shown in Table 6.2 of Adaptive EM-Kalman filter. The com-
plexity of Kalman filter is limited to O(N?) order and the Adaptive Kalman filter has
the same order of complexity. To reduce the complexity of our algorithm we propose a
Component-Wise Adaptive Kalman filter, which is based on the estimation of each pa-

rameter one by one.

6.3 MAP-ML Estimation

The value of Hj that maximizes the posterior density (that is, the mode of the posterior
density) is called the maximum a posterior probability estimate of Hj.

If the posterior density of Hj, given A, ) and Y is unimodal and symmetric, then it is easy
to see that the MAP estimate and the mean squared estimate coincide, since the posterior

density attains its maximum value at its expected value.
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Adaptive EM-Kalman Algorithm

Computation Cost (x)

Initialization

Hojo =0, Pgpo = 1001,
Ap=0al, Qo=(1-a) 2N
Ilojo =0, II; 00 =0, IL;p=0
40 =0

Kalman filtering and one step smoothing

I/_\Ik\kfl = Akﬁkfl\kfl N?
Urlh—1 = XEﬁk\k—l N2
Ky = Pyr—1Xxk N?
My = (xf1Ky +02)71 N
K = KM 1
Ck_1 = Pk_1|k_1AEP1:‘}(71 2N?
ﬁkq\k = I/:Ik\kfl + Kf (yx — Jwpe-1) 1
Pyk—1 = AxPr k-1 AL + Qi N(&H)
Hy i = Hiie 1 + At (Ki — Quexi) Mic(yi — Vijk-1) N+1
Py = Pigic_1 — KIKH 1
Py 1k = Pr_1jk—1 + Cx—1(Pyjx — Pyji—1) N?

Model Parameters Adaptation

i = Ay + diag(Hy HE, + P N
My qpe = A qpe—1 + diag(ﬁk—ukﬁf,uk + Pi_1) N
Dy = Py CE ;= AkPic_ 11 — KE (AL (K — Quexa)) 2N
My -1k = MIxk—1k—1 + diag(ﬁk|kﬁ11({—1|k + Dy) N
Qri1 = ,le(Hk|k — I e 1 e (M) ™ (M 1) ™) 2N
Ye = Ye—1+1

Apiy = e qpe(Meqp) ™t N

cost/update 7.5N? + 11.5N + 3

Figure 6.2: Adaptive EM-Kalman Algorithm
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Let the sequence filter /7, be considered as a random variable distributed according to the

posterior density fx, (hx). The posterior distribution for H, is given by

fraviao(hey | A Q) (6.13)

then I/{\k v ap 1s obtained by maximizing the logarithm of the posterior density with respect
to Hj,. Initially, Ay and @) are set to a certain initial value. After the first iteration, A

and ()1 are obtained by ML, given V2l ke MAP-

6.4 Component-wise Adaptive Kalman Algorithm

Our goal is to design an optimal algorithm with reduced complexity in a realistic envi-
ronment, considering the filter coefficients to estimate as random variables. In a previous
section, a Bayesian Adaptive Filtering (BAF) approach has been proposed, showing a
complexity of order O(N?). To reduce the complexity of the algorithm presented in
Table of Adaptive EM-Kalman filter, we propose a Component-Wise Adaptive Kalman
algorithm to update the filter coefficients, which decreases computational complexity in 1
order of magnitude while preserving convergence. Experimental results will be shown for
the proposed algorithm, comparing to KF filtering and Adaptive Kalman algorithms.The
filter parameters are iteratively computed through M iterations. The system (6.1 becomes

forn =1... N, where N is the length of the filter

hk,n = anh’k’—l,n + Wk, (614)
N
Ye = Ngp—1pnTrn+ Z N1 T + Vg (6.15)
j#n
and
hi = hi, + hi

we can write

N N
Yk — E k-1 Thm = Rg—1nThom + E Rk—1nThm + Vg
Jj#n Jj#n
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In each iteration y; and vy are updated as follows

N
, N
Y = Yk — E hkq,nﬂfk,n
J#n

and

N
, -
v, = E g1 Thm + Vg
Jj#n

Component Wise EM-Kalman algorithm

- Begin with an arbitrary set

- Fori=1:N -Compute: h; ;, = a;h; 1 + w;

Yk = @] hi k-1 + Z;;ll Ty phik—1 + vk

= 2; hik-1+ 23;11 vl (i1 — hig-1) + vk

—

U = 2oy i lhin1) = @ hie s — 30wk + v
Yy = Ty ghig-1 + v,- EM-Kalman

-Complexilty O(N) order

The missing data should be chosen so that the task of maximizing U(6,0%), for n =
1... N,0! = (an,gn) is easy and so that it is possible to perform the expectation step.

Fortunately, in this case, the choice of missing data is not too difficult. Let us imagine
for a moment that, in addition to the system inputs and outputs, x,, and Y}, respectively,
the state h,, was available then ML estimation of a,, reduces to applying to (6.15). The
covariance elements, g,,, of wy could then be calculated from the residuals. Moreover, the
conditional expectation of state sequence may be calculated using a (slightly augmented)
Kalman Smoother. All of this suggests that the state sequence is a desirable conditionat

for the missing data. We therefore designate Y as the incomplete data so that the complete
datasetis Z = (h,,Y).
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For the n — th iteration the log-likelihood function can be written as

L = _210gf9(hn>YM79’Y)
= Nlogdetq,

M
+ Z qJQ(hk,n - anhk’fl,n)(hk,n - anhkfl,n>H
k=1

M
+ 30 2y — w10 e — af 1) (6.16)
k=1

where L is to be maximized with respect to parameters a,, and ¢,, . Since the log-likelihood
given above depends on the unobserved data iy, ,,, we consider applying the EM algorithm
conditionally with respect to the observed Y. That is, the estimated parameters at the

(k 4+ 1) — th iterate as the values a,, and g¢,, which maximize
U(0,0x) = Ep, {log fo(hn, Yar, 0]Y)} (6.17)

where [ denotes the conditional expectaion relative to a density containing the k th it-
erate values.
In order to calculate the conditional expectation defined in (6.5), it is convenient to define

the conditional mean

~

and Pk,n = E{;Lk7nika7n
we suppose the following deﬁnition]\sJ

Trae = Y By {hio1nhfy 1|V} + Pecim
k=1
M
Th—lnlk = Z Eék{hk,nhZﬂY} + Pin
k=1

M
Ttk = Y By {hiahily Y} + Pega (6.18)
k=1

The Kalman filter terms ﬁk,n, Py, and Py ;,_; are computed under the parameter values

ap; and gy, i using the recursiorls in (6.16).Furthermore, it is easy to see that the choices

Qk+1n+l = V—(Wk\k—7Tk,k—1|k(7Tk—1|k)71(Wk,k—1|k)H)
k

-1
Af41n+1 = 7Tk,k71|k(7rk71\k)
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maximize the last two lines in the Expectation-likelihood function (6.5). In our study, the
tasks of smoothing in a missing data context are interpreted as basically the problem of
estimating the BAF 7, ,, in the state-space model (6.15). The conditional means provide
a minimum MSE solution based on the observed data. The parameters ¢, and a,, are
estimated by ML using the component-wise EM algorithm. We simplify the estimation
problem by considering a,, and ¢,, diagonal matrices. The filter parameters are iteratively
computed through M iterations. The estimation of the optimal filter variation is carried
out by KF’ing and one step smoothing and we introduce an EM approach for iteratively
update the parameter model.
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The algorithm is resulting in Table of component-wise Adaptive EM-Kalman.

Adaptive Component-Wise EM-Kalman Algorithm

Computation Cost (x)

Initialization

50\0:07 Pyjo =100,
aOZOéqu:(]‘ia)

oo =0, 10 =0, m)p=0

Y% =0

Kalman filtering and one step smoothing

form=1... N

Bk’,n|k—1 = an,kilk—l,n|k—1 1
Ukonlk—1 = $f,kilk,n\k71 1
Kk = Pypjk—1%k 1
My = (zf Kp i +02)7? 1
K! ) = Ky xMy, 1
Chk—1= Pn,k71\k71af,kP;1‘k_1 2
B k1l = P -1 + K,{,k(yk — Yknlk—1) 1
Py k-1 = an,k:Pk—l,n\k—lafik + Gk 1
Pinlk = M1 + @k (K = Gnki) M (Y — Jonfi—1) 2
Pinji = Prnpi1 — KL K2, 1
Py ik = Pecinji—1 + Cnk—1(Pp i)k — Prkj—1) 1

Model Parameters Adaptation

Tnklk = ATk nlk—1 T diag<ﬁn,k\kﬁ£{k‘k + Py k) 1
Wy k1) = M k—1jh—1 + diag(iln,k—ukﬁﬁk_uk + P k—1)k) 1
D = PpeuCly = an g Pog—1jk—1 — Kf:,k(a;,lk(f(n,k — Gk Tn)) 2
Tk k—1k = Ak k—1|k—1 T diag(iln,mkﬁgk,uk + Dp i) 1
k1 = 5 (T ke = T ek k(T k1 16) ™ (T k- 112) ™) 2
Ve = V-1 +1

Op k+1 = Wn,k,k—l\k(ﬂn,k—1|k)_1 1

cost/update 21N
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6.5 Simplified Component-Wise adaptive Kalman algo-

rithm

We consider A to be an identity matrix. Hence the complexity of the adaptive part is
comparable to the one exhibited by tap Variable Step-Size (TVSS) LMS [21], [17, 18, 14],
like 4N. In practice A tends to the identity matrix when M SFE converges to M MSE.

The process is low-pass which is equivalent to a random walk.

6.6 Performance Analysis

In this section we will compare the performance of the BAF and SAF in terms of the

resulting EMSE.

6.6.1 Steady-State Excess Mean-Square Error (EMSE)

The state estimate update is given by Kalman as :

I:Ik\k = Aﬁk—1|k—1 + Ki(yr — XkA]f[k—uk—ﬂ
= Aﬁkfukfl + K X (Hyq — Aﬁkfukfl)
+Kk60pt

= AH, 15

P X XH -
+%(Hk—l — AH) 1jk-1)

+ K kot (6.19)

PopX
Where K, = —5—=

and e, represents the minimum(in a mean square sense) error at time k. In studying
tracking behavior, we may exclude the influence of the estimation noise, since the de-

viation of E[H k| x| from H, determines the response of the BAF algorithm to the non-
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stationarity of the environment. Taking expected values on both sides of (7.20), we get

ElHwy] = AE[Hy 1)

Pun E[ X, X ] X
WT)(kal — AE[Hy_1jj—1])
= AE[I:Ik: 1\]9—1]
PR
+ k'k (Hy1 — AE[Hy,_1jp1)) (6.20)

U

the lag-error is given by

~

Hy, = E[Hy) — H,

i . PywRA -
He = AE[Hi o] = =5 (Hio)
PuwR
k“; (Hy1 — AHpq) — Hy + AHj 4
) PywRA -
= AFE[Hp 1] — k‘kQ (Hg-1)
PuwR
(I — A) + A)Hy_y — Hy,
PywR
~ (I - ") AH, ., + AH, ., — Hy 6.21)

U

The input is considered to be white (R = ai[ ), note that, each element of the lag-error

vector is determined by the following relation:

2
7 DPi k|kO
ha(k) = (1 — 2A2

Oy

)Aiﬁz‘,k—l + Aihip—1 — hig. (6.22)

where le(k) is the ' element of Hj,. By properly interpreting the equation above, we can
say that the lag is generated by applying the transformed instantaneous optimal coefficient

to a first-order discrete-time filter denoted lag filter

. At -1
Hi(z) = i Hi(2) (6.23)
02Di,k|k
1= (1= Ty A,

Using the inverse z-transform, the variance of the elements of the vector H (k) can

then be calculated by

BB )] = 5 § B Qs
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The BAF excess mean square error due to lag is then given by Eq. (7.25)

N
EMSE =Y EMSE; (6.24)
=1
where

. o2
[ (58 + Q)+ Qi1+ i) + 45 | A 2
MSE; =o,pi =0

2
; Y TAT (6.25)

where SNR; = %, the time constant is given by 7 = ﬁ and Q; = Q.3
(where (3; is the PDP).

6.6.2 Simplified Expression for Bayesian Adaptive Filtering

In simplified scenarios (e.g. high SNR, slow variation) we can write

1— | A; |2
1+ SNR;
Ar3;
1+ SNR;

where 1— | A; |2= 47 3;
The misadjustement of BAF is given by
EMSE

M= [MSE

02 & B;
= 9r-= S
”ag;HSNm

If all 3; are the same, then Zf\il m is the inverse of the harmonic mean of 14 SN R;

and ﬁ < Efil(l + SNR;) (the arithmetic mean) And (3; can be lows if A, is

iz T+SNR;

complex A; =| A; | €/?™fi where f; is Doppler shift and | A; |= 1 — 273; (if | A; | is
sufficiently close to one) Then in this case the EMSE of Kalman, depend only on the PDP

(;, while the EMSE in the SAF case depend on the PDP and f;.

and the SAF excess mean square error due to lag is then given by Eq. (6.39).
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6.7 RLS and LMS EMSE’s style BAF

6.7.1 Tracking Behavior

The problem we examine here involves adaptive filtering of an unknown time-varying
system using an LMS and RLS transversal filters. Also, it is of interest to learn how the
tracking error in H . affects the output MSE ([21]). Here, the effect of the measurement
noise are not considered, since only the nonstationary effects are considered. Also, both
effects on the MSE can be added since, in general, they are independent.

For an RLS transversal filter, the adaptation equation yields

A

H, = Hey+ Kgey,
= H+ B X X (Hyoy — Hiot) + Ky (6.26)

where we have defined
Yp = X3 Hy1 + vy, (6.27)

where v, represents the minimum (in a mean square sense) error. In studying behavior,
we may exclude the influence of the estimation noise, since the deviation of EH , from
H), determines the response of the adaptive algorithm to the non-stationarity of the en-
vironment. Tracking expected values on both sides of (6.26) and assuming that Ry, is

independent of X and v, and assuming the fact that X and v, are orthogonal, we get

~

E[H], = B[H,1) + B[R X3 X (Hy—1 — E[Hy_1]). (6.28)

In ([21]) show that if the variations of the environment are slow with respect to the
memory of the adaptive algorithm then, independently of the adaptive system structure,

we approximately have
BRI X XH] = (1= M\ (6.29)
Substituting (6.28) into (6.29), we finally get

A

E[H)x = E[Hg ) + (1 = \) (Hy — E[Hj,1]). (6.30)
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Now defining the lag-error vector in the coefficients as

~

H, = E[H]; — H, (6.31)
From equation (6.30) it can be concluded
Hy, = MHy_ — Hy, + Hy,_1. (6.32)

From (6.32) is equivalent to say that the lag is generated by applying the optimal instan-

taneous value Hj, through a first order discrete-time filter as follows:

Fii(z) = ) (6.33)

i(2) = ——H;(z .
1— Azt

The discrete-time filter transient response converges with a time constant given by

1
= 6.34
T=13 (6.34)

The time constant is of course the same for each individual coefficient. Note that the
tracking ability of the coefficients in the RLS algorithm is independent of the input-signal
correlation-matrix eigenvalues.

In the BAF the optimal coefficients values are an AR(1)
H, = AHy 1+ W, (6.35)

Where, E[W,,WH] = Q. A and Q) are diagonal.

The excess mean square error du to lag is then given by

EMSE = E[HIRH,]
= tr(RE[H!H,) (6.36)

For the unknown coefficient vector with the model above, the lag-error vector can be
generated by applying the elements of the noise process IV, to discrete-time filter with
transfer function

(1 - 1)
(I —=XAz71)(1 = Az

F(z) = (637)

Where A; represent the i** diagonal element of A.
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This transfer function consists of a cascade of the lag filter with the all pole filter rep-
resenting the AR(1). The solution for the variance of the lag terms f[i,k can be computed

through the inverse z-transform as follows:

E[HAH, ) = % ]{ F(2)F(zH)Qz " dz (6.38)

The integral above can be solved using the residue theorem. Assuming the input signal

to be white R = o2, then the EMSE du to lag is given by

N

; 1—X 1-A4
EMSERYS = o2 @ - : 6.39
%;AAHA?) A T 17a) ¢
(6.40)
With the same analysis we obtain the EMSE for LMS as follows
N
1 4,0,
EMSEM™S = —\ 2
4p z:: 1— a%A?)
(6.41)

This result is obtained assuming relatively slow variation:
P =~ E[P]and E[P']| ~ (E[P])"!

The Fig. (6.3) shows, for a slow variation the approximative EMSE is the same one that

real EMSE given by recursive Riccati equations.
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O———= Approximative EMSE

W Real EMSE

0.99 —

-30
0.96 —

Magnitude of A

-20

0.93 —
-10

0.9 :

Misadjustement (dB)

10 s
2025 30 35 g v 20

SNR (dB)

Figure 6.3: Comparative tracking performance results between misadjustement given
by exact and approximate EMSEs for slow (A; = 0.99 7 = 5N) and Medium
(A; =0.90 7 = 0.5N) variations at SNR =15 dB and 7 = 0.9

6.8 Application: Mobile Radio Channel

In this section we use the same application as in the last chapter, with a different structure
of the channel model.

The model in this chapter will take into consideration all parameters characterizing the
channel without any exception. The matrix A represent the attenuation plus the angle of

arrival A =| A | e77¢ and Q is the matrix representing the PDP.

6.9 Numerical Results

Here, we consider a non-stationary environment and we compare the behavior of BAF
(given by an Adaptive EM-Kalman algorithm) and standard adaptive filters. In all sim-
ulations presented here, the desired signal y;, is corrupted by zero mean, (iid) Gaussian
noise of variance o2.

The proposed algorithms are implemented with the model parameters | A; |= 1 — a/N,
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with o = 0.4 ,¢ is considered random, ); = Q13" is chosen such as %—Jf < 1 and the
length of the filter is N = 20.

Fig. 6.4 and Fig. 6.5 plot the total Excess Mean Square Error (E M SE) as a function
of the PDP for a BAF and an optimal SAF for respectively medium and slow channel
variations. We can notice that in both senarios, the BAF performs better than SAF. In the
case of fast variations, optimal RLS and LMS shows very bad performance compared to
slow variations.

In Fig. 6.6, we plot the BAF and SAF misadjustements vs. the SNR. Once again the BAF
show better performance than the SAF.

As Fig 6.7 shows, the proposed Adaptive EM-Kalman algorithm converges to the optimal
estimator. The convergence speed of the proposed algorithm is approximately the same as
the of the conventional deterministic Kalman filtering (known parameters). Fig. 6.8 shows
that the proposed Component-Wise adaptive Kalman algorithm converges in the steady-
state to Kalman with known parameters. The convergence speed however is slower than
in the cases of conventional adaptive EM-Kalman and Kalman algorithms. In the steady-
state the two proposed algorithms outperform the existing stadard adaptive filtering ap-
proaches. Hence, the complexity of Component-Wise adaptive Kalman filter is linear in
N, the adaptive filter order.

The good performances shown by the Component-Wise EM-Kalman motivates the study
of next chapter where we invitigate algorithm with improved tracking and convergence

propreties.
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Figure 6.4: Comparative tracking performance results between BAF and Standard AF
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6.10 Conluding Remarks

In this chapter we studied the Bayesian Adaptive Filtering (BAF). We thus proposed
different algorithms with incrementaly reduced complexity and with performances ap-
proaching thus of Kalman filter. We modeled the optimal adaptive filter coefficients vari-
ation as a stationary vector process, in particular as a AR(1) model. The filter parameters
are adapted using the EM technique introduced in chapter 4 which has a complexity of
the order of O(/NV). We also derived analytical expressions for the EMSE for the different
proposed algorithms. An evaluation in the radio mobile channel showed the good perfor-
mances of our proposed techniques.

In the next chapter, we continue our study of BAF to propose improved algorithms with

better tracking and convergence properties with reduced complexity.
Appendix

By using the convergence properties of the EM based algorithm developped in the chapter
4, the study the convergence of the EM technique used in the proposed CW EM-Kalman
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algorithm.

The system 6.15 becomes for n =1... N, where N is the length of the filter

hk,n - anhk—l,n + Wk n (642)
N

Yo = hp—1nTrn + Z P—1n Tk + Vg (6.43)
i

we can write

N N
Y — Z k1 nZkm = N1 n Tl + Z hk—1 0T m + Uk
J#n j#n
In each iteration vy, and vy are updated as follows

N
yllg =Y — Z hkfl,nxk,n
J#n
and
N
Ve = > hieinhn + Uk
j#n
where wy, and v}, are sequences of scalar-valued i.i.d. random variables distributed as
Elwpwl] = qand E[vjvl] = 7.
for convenience, the parameters of this system shall be collected into the optimal vector
go = [(IO qo]T
In order to avoid problems with the information matrices becoming unbounded as we
allow the number of data to tend to infinity, we shall, entirely equivalently, employ the

average value of this information matrix per sample is defined as

F;ug = ]\}1_1)1;0 Nraug

. —1[ 0?
N N '9p0eT

1
(e 0
= <1<a> . ) (6.44)
0 q
r(1=(a®)?)

U(8,6°)]lo=0-

Discusion

The global rate of convergence of the EM algorithm is determined by the eigenvalue of

',y small eigenvalues imply fast convergence. Since the eigenvalues of a diagonal matrix
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are its diagonal elements it’s quite clear, from equation (6.44), how the rate convergence
of the algorithm is affected by the system parameters, as the number of data tends to
infinity.

The first diagonal element of the matrix in equation (6.44) will be small if a° << 1, that

is, if the underlying system has fast dynamics.
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Chapter 7

A Two Stage Approach to BAF

In the previous chapters, we proposed different Bayesian techniques with different com-
plexities. Thus we proposed a EM-Kalman algorithm with complexity O(N?). To re-
duce the complexity, we presented the adaptive component-wise EM-Kalman technique
with complexity O(N') but which shows performance limitation in termes of tracking and
convergence compared the previous technique. This motivated our study for the devel-
oppement of another approach with the same performance as the adaptive EM-Kalman
but with the same complexity as the component-wise EM-Kalman.

The proposed two-stage algorithm consists of a first step employing a basic fast tracking
adaptive filter, followed by lowpass filtering and downsampling of the time-varying fil-
ter coefficients. The second step then applies Kalman filtering at the reduced rate on a
simplified state-space model, with an additive white noise measurement equation. The
parameters in the state equation can be conveniently identified with an adaptive EM al-
gorithm. The first stage would typically employ a (Normalized) LMS algorithm with a
large stepsize. The main assumption underlying the proposed two-stage approach is that
even in fast tracking applications, the bandwidth of the optimal filter variation is typically
small compared to the signal bandwidth, motivating the downsampling operation. The
first stage attempts to provide a bias-free filter estimate whereas the second stage opti-
mizes the estimation variance. The performance of the proposed scheme is evaluated by

simulations.
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7.1 Introduction

Adaptive filtering is essentially intended for tracking time-varying optimal filters. The
time variation of the optimal filter can be described by either expanding the filter coeffi-
cients into fixed time-varying (e.g. sinusoidal) basis functions (basis expansion models
(BEMs)) [24] or by modeling them as stationary processes. The latter approach is perhaps
better suited for minimum delay online processing. This case of constant slow variation
of the filter coefficients ("drifting” parameters) is to be contrasted with another possible
case of only occasional but significant variation ("jumping” parameters) which shall not
be considered here. A lot of work has been done on optimizing the single parameter reg-
ulating the tracking speed of classical LMS or exponentially weighted RLS algorithms
[1],[6]. For LMS, such an adaptive optimization leads to the class of Variable Step-Size
(VSS) algorithms, see e.g. [65] and references therein. Adaptive filtering algorithms with
a single adaptation parameter do not take into account that different portions of the fil-
ter may have different variation speeds and/or different magnitudes and hence are quite
suboptimal. One noteworthy attempt to overcome this limitation is the introduction of a
coefficient-wise VSS, as in [40], but the automatic adaptation of these VSSs is a difficult
task.

In Bayesian Adaptive Filtering (BAF), prior information on the filter coefficient vari-
ances and variation spectra is exploited to optimize adaptive filter performance. A straight-
forward way to implement BAF is to use the Kalman filter, see e.g. [94],[13]. However,
the complexity of the Kalman filter is enormous compared to that of the popular LMS
adaptive filtering algorithm. Furthermore, the Kalman filter needs to be augmented with

a state-space model identification technique.

Consider now the prototype adaptive filtering set-up, which is the system identification
set-up, in which the desired-response signal d; is modeled as the output of the optimal

filter, which can be time-varying, plus independent (white) noise:
di, = XFHy, + vy, (7.1)

where X ,f = [xg xp_1 - xK_Ny1] is the input signal vector and all terms are complex-

valued. The input vector X is known up to time £ and is assumed stationary with zero
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mean and nonsingular covariance matrix R = F[X;, X}!] Our aim is to estimate the time-
varying parameter column vector H;. Some general references on the tracking behavior
of adaptive filtering algorithms are [1], [6],[18],. In this work we consider Bayesian Adap-
tive filtering based on a two-stage approach. A first stage with a fast standard adaptive
filter, e.g. NLMS with stepsize equal to one. After some possible downsampling then, we
consider an optimal filter in the second stage to extract H;, from the NLMS estimates, see

figure (7.1).

State Standard
AF (e.g. NLMS)

i Stage2

Component-wise|

EM-Kalman

Figure 7.1: Two-stage adaptive filtering.

7.2 Stage 1: NLMS Algorithm

The simplest choice for a fast converging adaptive filtering (AFing) algorithm is a LMS
algorithm with large stepsize, preferably the NLMS algorithm with normalized stepsize
equal to one, or a smaller value of that order of magnitude. The NLMS algorithm updates

the adaptive filter coefficients according to

e = d— X! H, (7.2)

Ay = ﬁk_l+mxkez (7.3)
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For colored input and a FIR filter of length N, NLMS converges in general with N dif-

ferent modes that are of the form [10]

1
1 \/1 —p(2—p) R

(7.4)

where 1 is the NLMS stepsize, we have assumed N > 1, the ); are the eigenvalues

of the input signal covariance matrix R = Ryxx, and ¢!

erator: ¢ '@, = x,_;. We shall call the variation bandwidth of the optimal filter the

is the one sample delay op-

Doppler bandwidth, which is the customary terminology when the adaptive filter repre-
sents a wireless channel response. We are going to assume that the Doppler bandwidth
is much smaller than the signal bandwidth. For simplicity, let us assume that the input

signal is not too colored so that the Doppler bandwidth can be smaller than the bandwidth

fi = % ﬁ of each of the eigne modes. In this case, the NLMS adaptive filtering

algorithm will pass the optimal filter coefficients undistortedly (zero bias). It will only

introduce an estimation noise. In steady-state, this estimation noise leads to an estimation

2
~ S . . . g
error Hy, = H), — H}, with covariance matrix Rg5 = QL . ’}_{

various filter components are uncorrelated and of identical variance. The errors are not

Ix. So the errors on the

temporally white however, due to the coloring introduced by the filtering of the modes in
(7.4). However, due to the previous assumptions, the estimation noise can be considered

white over the Doppler bandwidth of the optimal filter.

A better alternative to the NLMS algorithm in the first stage would be an adaptive
filter that is less sensitive to the input signal color. If we want no such sensitivity then a
Recursive Least-Squares (RLS) algorithm should be used. To minimize the distortion (so-
called ’lag noise”) on the optimal filter the best RLS choice would be one with a sliding
rectangular window, in which a delay gets introduced equal to half the window length
(non-causal adaptive filtering) [147]. RLS algorithms are more complex that (N)LMS,
but fast versions exist. There is also a whole range of adaptive filtering algorithms in
between LMS and RLS in terms of complexity and performance, such Affine Projection
Algorithms, Fast Newton Transversal Filters, frequency domain adaptive filters, LMS

with prewhitening etc.




7.3. SUBSAMPLING GLUE 127

7.3 Subsampling Glue

As mentioned earlier, if the Doppler bandwidth is significantly less than the signal band-
width (sampling rate), then it would be overkill to put in place an optimal tracking algo-
rithm working at the sampling rate. In that case, the output of the first stage (the vector se-
quence H %) can be lowpass filtered and commensurate downsampled without introducing
distortion (lag noise) as long as the lowpass filter does not distort the Doppler spectrum.
The main goal of this operation is to reduce complexity. Indeed further processing in the
second stage can now be performed at a reduced rate. And fixed lowpass filtering does
not have to be a complex operation (if a simple filter is used, for instance first order IIR
(exponential averaging)). Another reason is that, whereas it would constitute quite an ap-
proximation to model Hy, as temporally white, after lowpass filtering and downsampling
(with a factor D), such an approximation becomes more accurate. The lowpass filtering
operation reduces the estimation noise roughly with a factor D. In what follows, we shall
continue to use the same notation for the subsampled rate and continue to denote the low-
pass filtered and subsampled NLMS output as H x- This provides the measurement data

for stage two.

7.4 Stage 2: ’Diagonal” EM-Kalman Filtering

Consider the state-space model

Hyy = AH,+ W, (7.5)

Hy = Hy+ H, (7.6)
The measurement and process noise terms are assumed to be zero mean Gaussian with co-
variances R and Q respectively.The matrix A contains information about how the states
evolve. It is particularly useful in tracking applications. The matrix A should be viewed
as a mechanism to achieve directed trajectories in state space. In other words, A allows
for more general jumps than the simple random walk that would result by excluding A
from the model. Despite the fact that the data is processed in batches, the model of equa-

tion (7.6) allows the weights to be time varying. It is, therefore, possible to deal with
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non-stationary data sets. In the event of the data being stationary, we should expect the
process noise term to vanish. Consequently, if we know that the data is stationary, the
estimate of the process noise can be used to determine how well the model explains the
data.
The objective is to estimate the model states (weights)H; and the set of parameters
¢ = {A,Q, R} given the measurements H 1.~- Then we use a Kalman smoother to esti-
mate H}; and EM algorithm to estimate the set of parameters. Since the Kalman model is
diagonal, we propose a Component-Wise Adaptive Kalman algorithm to update the filter
coefficients, which decreases computational complexity. Then the model (7.6) becomes:
hipn = ah; +w; (7.7)

~

b = hit by (7.8)

7.4.1 Kalman smoother

Smoothing often entails forward and backward filtering over a segment of data so as to
obtain improved averaged estimates. Various techniques have been proposed to accom-
plish this goal . This study uses the well-known Rauch-Tung-Striebel smoother . The
forward filtering stage involves computing the estimates hi, and Py , over a segment of [

samples, with the following KF recursions:

~
~

hijai = ah; (7.9)
Piv1li = aa’p;i+q (7.10)
k%fﬂ = Pip1(r +Pi+1|i)_1 (7.11)
;%‘Jrl = l:li-i-l\i + sz+1<i7/i+1 - ;%‘+1|i) (7.12)

where k/ denotes the Kalman gain . Subsequently, the Rauch- Tung-Striebel smoother

makes use of the following backward recursions:

g, = bl (7.13)
Piji—1

ili—1|n = Bi—lc]i—l(ilim _ailz'—l) (7.14)

Picin = Di—1 + Jic1(Dijn — Piji-1) ;1 (7.15)

Pii—tn = Pidiq + Ji(Pigiin — api)Ji_4 (7.16)
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where the parameters, covariance and cross-covariance are defined as follows:

~
~

hivin = Elhica | hia
pin = E[(hi - ;lz')(hi - hz)* | Rin)
Pii-in = E[(hi — ;Li)(hz’fl - ;Li—l)* | 7]
(7.17)

7.4.2 Model parameters adaptation

The state model parameters can be adapted using the EM algorithm introduced in chapter

4, according to

Viji = Aignji1 + (ilz|zil:|l + piji)

~
~

Vi = /\wz‘—ui—l+(hi—1|ihf,1|i+pi—1\z‘)
d; = pi|i0;_1

~
~

= @pi-1ji-1 — sz(a’i_1<1 — q;ix;))"

(7.18)
Yiic1i = Miio1io1 + (ili\iil;k_w +d;)
1 Yig1)i .
di+1 = - (wz,h (djz_l‘z) (77Dz,z—1|z>
Qiy1 = %’,Fui(%q\i)_l (7.19)

7.4.3 Steady-State Excess Mean-Square Error (EMSE)

The state estimate update is given by Kalman as :

ﬁwf = Aﬁk—l\k—l + Kk(]f[k — Aﬁk—l\k—l)
= AH, 1+ Kn(He oy — AH 1) + Kieop

2 P 2
= AHp_ -1 + U—Q‘(Hkq — AHjqj5-1)

+Kiopt (7.20)
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Where Kk = Pk‘kR;:Iin

and e, represents the minimum(in a mean square sense) error at time k. In studying
tracking behavior, we may exclude the influence of the estimation noise, since the de-
viation of E[Hy;| from Hj, determines the response of the BAF algorithm to the non-
stationarity of the environment. Taking expected values on both sides of (7.20), we get
E[Hwy] = AE[Hp 1)
+Purly, o (Hio1 — AE[Hi_yjp-1])
= AE[H, 1]
PRy (Hiy — AE[Hy 1)) (7.21)

the lag-error is given by
Ly, = E[Hys) — Hy

o -~ 1 ~
Ly = AE[Hp_1p—1] — Pk|kARHkgk(Hk—1)
+Pk‘kR;Iin(Hk_1 — AHy_y) — Hy + AHy_y
= AB[H, 1] — Pk|kARI_;,1 (Hy—1)

ka
PurR
+(Z‘—§([ — A) + A)H,_, — H,
~ (I - PRy Hk)AErk_1 + AH,,_, — Hy (7.22)

The input is considered to be white (R = ai[ ), note that, each element of the lag-error
vector is determined by the following relation:

2
s pi,k\kNO';,;

Lik)=(1 Do? VAili g1+ Aihig1 — hig. (7.23)

where l;(k) is the i*" element of L. By properly interpreting the equation above, we can
say that the lag is generated by applying the transformed instantaneous optimal coefficient

to a first-order discrete-time filter denoted lag filter

. Azl—1
Li(z) = c Hi(2) (7.24)
No2p; k| _1
1— (1 — NoaPesiey 4

Using the inverse z-transform, the variance of the elements of the vector L(k) can

then be calculated by

BT (0] = 5= § L) L= s
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The BAF excess mean square error due to lag is then given by Eq. (7.25)

N
EMSE =Y EMSE; (7.25)
=1
where
) o2
_(NSP](\J;RI. + Qi) + Qi\/(l + Ns?VRi)Q +4 ggg ’ Q; ’2

EMSE; = o2p; = o> (7.26)

; 2 | a;[?

7.5 Conclusion

The choosen application is again the mobile radio channel as in the previous chapter.

The behavior of two-stage adaptive, NLMS and Kalman algorithms are compared on the
basis of simulation results, as shown in Fig. 7.2. As this figure shows, the proposed two-
stage adaptive algorithm converges to Kalman filter (known parameters). It offers better

performance than NLMS algorithm in steady-state.

10

NLMS with p=1
— Kalman
0 ____ Two stage approach

MSE (dB)

1 1 1 1
0 500 1000 1500 2000 2500 3000
Discrete time

Figure 7.2: Comparison between the proposed two-stage adaptive filter, NLMS and the

Kalman filter with known optimal parameters.
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-18 . : NLMS with p=1 .
Kalman
Two satge approach

MSE (dB)

1 1 1 1 1 1 1 1 1 1 1
600 800 1000 1200 1400 1600 1800 2000 2200 2400 2600
Discrete time

Figure 7.3: Zoom on the steady-state behavior.

The algorithm is presented in the following Table of component-wise Adaptive EM-
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Kalman.

Two Stage Algorithm

H Computation ‘ Cost (Xx) H
Initialization
hoo =0, Pojo = 100,
a=a, g=(1-a)
mojo =0, 71,000=0, m0=0
Y =0
NLMS
er =di — X} Hy_1,
Hy=Hy_1 + W Xk ef,
CW Kalman filtering and one step smoothing
form=1... N
Pgenie—1 = @nhi—1 nik—1 1
Thonlk—1 = Pgnjk—1 0
Kok = P njk—1 0
My, = (Ko i + ﬁj%)‘l 1
KT{k = Kp M, 1 1
Ch,k—1 :Pn,k—l\kfla,t’kp,;}g‘kil 2
o =11k = o oo + K,{,k(flk ~ Ykymlk—1) 1
Pronpk—1 =l ank [* P njk—1 + an.k 1
Bieoniie = Paonie—1 + @ne (K — @) Mic(hie — G jo—1) 2
Penik = Pronlk—1 — Kr{,kK;,k !
Py 1)k = Po—1,nk—1 + Cn k-1 (P gk — Prklk—1) 1
Model Parameters Adaptation
T klk = ATk n|k—1 + Bn,k\k;";’k‘k + P klk 1
Oy k—1jp = AMpp—1jk—1 + En,k—l\kﬁgk,”k + Por—1)k 1
Dok = Pk Cligoy = an kP 1je—1 — KL (a7 5 (Ko ke = G in 1)) 2
ok k—1lk = AMn k k—1]k—1 T diag(iln,k\kil:l_’k,uk + Dy k) 1
An,k+1 = %(ﬂ'n,k,\k _ﬂn,k,kfl\k(ﬂ'n,k71|k)71(ﬂ'n,k,kfl\k)*) 2
Ve =Yk—1+1
A k1 = Tk k—1 1k (T 1)) ™" 1

’ ‘ cost/update 19NV ‘ ‘

APPENDIX

The fact that the trace and expectation operators are linear, the expectation of the

log-likelihood becomes:
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M
Z z\Mhz|M + Pijm

[\.’)lH

~

22 H
hZ\MhifHM + Piji—1)m)

—|—a(hz 1\M}ALZ-H,1|M +pz‘—1|M)aH])
M o

_E:?MFWMf
=1

—hgarh — b, h”M

~
~

M M
hi|Mh{|{M + pim)) — -5 lq| — -5 7|

So far, it has been shown that given a set of parameters ¢ = {a,q,r} and a mea-
surements /2 , it is possible to compute the expected values of the states with an Kalman
smoother. This section presents an EM algorithm to learn the parameters ¢.

The EM algorithm is an iterative method for finding a mode of the likelihood function
p(iz‘gzﬁ). It proceeds as follows: (E-step 1) estimate the states i given a set of parame-
ters ¢, (M-step 1) estimate the parameters given the new states, (E-step 2) re-estimate the
states with the new parameters, and so forth. The most remarkable attribute of the EM
algorithm is that it ensures an increase in the likelihood function at each iteration. It is
hard to maximize p(lﬂqﬁ) , EM will allow us to accomplish this by working with p(ﬁyh‘qﬁ).

To gain more insight into the EM method, let us express the likelihood function as follows:

> o p(h | h¢)
ph|o) = p(h\¢)p<h|h > (7.27)
_ phh]e) 7.8
p(h | . 9) (728
(7.29)

Taking the logarithns of both sides yields the following identity:
In(p(h| ¢)) = W(p(h.h|e))
—In(p(h | h, ).

Let us treat / as a randon variable with distribution p(h | h,¢*4), where ¢°%, is the

current guess. If we then take expectations on both sides of the previous identity, while
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renenbering that the left hand side does not depend on h, we get:

Elln(p(h | 9))] = Elu(p(h,h | ¢))]
—Eln(p(h | h, )]
we need to develop an expression for the likelihood of the conpleted data. The likelihood

of the data given the states, the initial conditions and the evolution of the states nay be

approxinated by Gaussian distributions.

1 1
p(hi | hi—1,¢) = . 1 &XPp q_l(ﬁ(hi —ahi_)

(2m)2 [q]?

X(hz — ahi_l)*)

A 1 1 4 a
p(hl ’ hiu (b) = n 1 eXp(i(hz - hz)
(2m)2 [r|?
xr Y (h; — h;)") (7.30)

Under the nodel assunptions of uncorrelated noise sources and narkov state evolution, the

likelihood of the conplete data is given by:

n

p(hin, ﬁl:n | ¢) = Hp(hi | hi—1,9)
=1

X Hp(ibz | hi, @)

=1

Hence, the log-likelihood of the complete data is given by the following expression:

En(p(hin, hrn | 6))] = U(6)

k=1
. 71]‘ 7 ; 7 ; *
> r 5 (hi = hi)(hs = )
k=1
n n
—§|€I|—§|7“| (7.3D)

As discussed in the previous section, all we need to do now is to compute the expectation
of In(p(hi:n, hiwm | ¢)) and then differentiate the result with respect to the parameters ¢ so
as to maximize it. The EM algorithm for nonlinear state space models will thus involve
computing the expected values of the states and covariances with the Kalman smoother
and then maximizing the parameters ¢ with the formulae obtained by differentiating the

expected log-likelihood.
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7.5.1 Computing the expectation of the log-likelihood

The derivation requires the following sufficient statistics:

Elhi | hin] = ;li|n (7.32)
(7.34)

E[hihifl ’ ;All:n] = Dii- 1\n+hz|nhl 1|n

Now, taking the expectation of the log-likelihood for the complete data, by averaging over

h1., under the distribution p(hy., |, lem, ¢°'?) , one gets the following expression:

1
(a*hi_1> hz

z\z 1h +h7,\z 1h’L|Z 1]

~2ldl - S

Completing squares and using the following abbreviations:

T = > Bl + Pifn (7.35)
=1

Tt = > hicawhi 1 + Picin (7.36)
i=1

(7.37)

Tii—1|n g hz\n i—1|n +pzz 1|n
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7.5.2 Differentiating the expected log-likelihood

Maximum with respect to a: Differentiating the expected log-likelihood with respect to
a yields:
0Ell(¢)] _ -1
—— = —(2IL; ;1 + 2all;_4), 7.38
oa 2q ( it + 201l 1p) (7.38)
Equating this result to zero yields the value of A that maximizes the approximate log-

likelihood:

a =T, 1 (im1) " (7.39)

Maximum with respect to r = r;: Differentiating the expected log-likelihood with

respect to 71 gives:

+Dijn) + gT (7.40)

Hence, by equating the above result to zero, the maximum of the approximate log-

likelihood with respect to 7 is given by:

n
~ A~

L - 7 7 7 *
r= Z E((hi — hip) (hi = hijn)™ =+ Din)
=1

(7.41)

Maximum with respect to q: Maximum with respect to q Following the same steps,

the derivative of the expected log-likelihood with respect to ¢! is given by:

OE[l(¢)] 1 \ .
Tor1 _§<7Ti\n — 2am;;_q), + i1 na )
o
9 q

Hence, equating to zero and using the result that

Tk k—1|n
a =
(Mg—1n)

by:

, the maximum of the approximate log-likelihood with respect to ¢ is given
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1 *
q= ﬁ(ﬂ-ﬂn - 7Ti,z’—1|n7Ti—1|n7T¢7i,1|n) (7.42)
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Chapter 8

Window Optimization Issues in
Recursive Least-Squares Adaptive

Filtering And Tracking

8.1 Introduction

In this chapter we consider tracking of an optimal filter modeled as a stationary vector pro-
cess. We interpret the Recursive Least-Squares (RLS) adaptive filtering algorithm as a fil-
tering operation on the optimal filter process and the intantaneous gradient noise (induced
by the measurement noise). The filtering operation carried out by the RLS algorithm
depends on the window used in the least-squares criterion. To arrive at a recursive LS al-
gorithm requires that the window impulse response can be expressed recursively (output
of an IIR filter). In practice, only two popular window choices exist (with each one tun-
ing parameter): the exponential weighting (W-RLS) and the rectangular window (SWC-
RLS). However, the rectangular window can be generalized at a small cost for the result-
ing RLS algorithm to a window with three parameters (GSW-RLS) instead of just one,
encompassing both SWC- and W-RLS as special cases. Since the complexity of SWC-
RLS essentially doubles with respect to W-RLS, it is generally believed that this increase

in complexity allows for some improvement in tracking performance. We show that, with
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equal estimation noise, W-RLS generally outperforms SWC-RLS in causal tracking, with
GSW-RLS still performing better, whereas for non-causal tracking SWC-RLS is by far
the best (with GSW-RLS not being able to improve). When the window parameters are
optimized for causal tracking MSE, GSW-RLS outperforms W-RLS which outperforms
SWC-RLS. We also derive the optimal window shapes for causal and non-causal track-
ing of arbitrary variation spectra. It turns outs that W-RLS is optimal for causal tracking
of AR(1) parameter variations whereas SWC-RLS if optimal for non-causal tracking of
integrated white jumping parameters, all optimal filter parameters having proportional

variation spectra in both cases.

The RLS algorithm is one of the basic tools for adaptive filtering. The convergence
behavior of the RLS algorithm is now well understood. Typically, the RLS algorithm has
a fast convergence rate, and is not sensitive to the eigenvalue spread of the correlation
matrix of the input signal. However, when operating in a non-stationary environment,
the adaptive filter has the additional task of tracking the variation in environmental con-
ditions. In this context, it has been established that adaptive algorithms that exhibit good
convergence properties in stationary environments do not necessarily provide good track-
ing performance in a non-stationary environment; because the convergence behavior of an
adaptive filter is a transient phenomenon, whereas the tracking behavior is a steady-state

property [137, 138].

One fundamental non-stationary scenario involves a time-varying system in which
the cross-correlation between the input signal and the desired response is time-varying.
This case occurs in the system identification setup. To take into account system variation,
two main variants of RLS algorithms exist. The first introduces a forgetting factor, and
leads to the exponentially Weighted RLS (W-RLS) approach. The second uses a Sliding
rectangular Window (SWC-RLS approach). In [139, 140], a generalized sliding window
RLS (GSW-RLS) algorithm was introduced, that generalizes the W-RLS and SWC-RLS
algorithms. The GSW-RLS uses a generalized window (see Fig. 8.1), which consists of
an exponential window with a discontinuity at delay L. It can be seen that the exponential

and rectangular windows are particular cases of the generalized window, for o« = 0 and
(a, A) = (1,1) resp.
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(1-a) X

Figure 8.1: The generalized sliding window

In [139, 140], a tracking improvement for GSW-RLS was observed for different sys-
tem variation models (AR(1), MA, and Random walk). On the one hand the initial portion
of the window permits to emphasize the very recent past which allows very fast tracking.
On the other hand, the GSW-RLS algorithm solves nevertheless an overdetermined sys-
tem of equations and hence enjoys the fast convergence properties of RLS algorithms.
Another effect of the exponential tail of the GSW is regularization. In fact, the rect-
angular window sample covariance matrix appearing in SWC-RLS can be particularly
ill-conditioned compared to a sample covariance matrix based on an exponential window
with compatible time constant. Finally, the GSW-RLS algorithm turns out to have the

same structure and comparable computational complexity as the SWC-RLS algorithm.

This chapter is organized as follows. In section 8.2, a tracking analysis in the fre-
quency domain is presented. Uninformed and Informed Bayesian approaches are investi-
gated respectively in sections 8.3, and 8.4. Finally a discussion and concluding remarks

are provided in section 8.5.
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8.2 Tracking Characteristics of RLS Algorithms

We consider the classic adaptive system identification problem (see Fig. ??). The adaptive
system identification is designed for determining a (typically linear FIR) model of the

transfer function for an unknown, time-varying digital or analog system.

Yk dy + e
Hy %Q + !

H,

Figure 8.2: System identification block diagram

The adaptive system identification problem can be described by:

di, = HP'Y), + ny
(8.1)
where
- ny, is an iid Gaussian noise sequence (ny ~ N (0,02)) where
o2 is the Minimum Mean Squared Error (MMSE)
- H}} denotes the optimal Wiener Filter
- Hj, represents the adaptive Filter

- ey 1s the a posteriori error given by:
€L = dk — X = ﬁ[gyk + ng (82)
where H, r = H} — Hj, denotes the filter deviation.

In weighted RLS, the set of the /N adaptive filter coefficients H, = [Hy--- H N,k]T
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gets adapted so as to minimize recursively the Weighted Least Squares criterion
Je=Flg)ef = fie, (8.3)

where F(z) = >, fi 27" is the transfer function of the weighting window f; characteriz-

ing the RLS algorithm, and ¢!

ez = e2_,. There are a number of references dealing with
the performance of RLS algorithms in non-stationary environments [143, 142, 141, 140].
The basic idea is to focus on the model quality in terms of the output Excess MSE
(EMSE). We consider stationary optimal filter variation models, hence the RLS algo-
rithm will reach a stationary regime to which we limit attention. The EMSE is defined

as:

EMSE = E{} -0 = E {YkTﬁkﬁ,Z Yk} (8.4)
(in principle the a priori error signal should be considered for the EMSE, we shall stick to
the a posteriori error signal to avoid the appearance of a delay in the notation). So, if we
assume that the system variation is a zero-mean, wide-sense stationary process [ with a
power spectral density matrix
S (eﬂﬂf ), and if we invoke the independence assumption, in which Y} and I;Tk are
assumed to be independent (this works better for the a priori error), the EMSE can be
expressed in the following form:

EMSE = tr {E [ﬁkﬁg] R} = tr {R / :

1
2

S;Ig(eﬂ’rf)df} :
By setting the gradient of J in (8.3) w.r.t. Hj, to zero, we have

(Flg)YxYy) Hi = F(q) Yidy
= F(q) YkYkTH,? + F(q> Yknk .
F(q)

Let’s denote by F(q) = ) the (dc transfer) normalized weighting window. As this

window is generally low-pass, F (q) acts as an averaging operator, and we have
FlQYWwl~R.

On the other hand, as the optimal system variation is independent of the input signal (in
the system id setup), we approximate:
Fayyi iy ~ (Floviy”) (Flo)Hy)

~ RF(q)H?.
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Hence the filter deviation can be expressed as:
H,=HS — H, = (1 - ﬁ(q)) H? — R F(q)Yiny,
and the EMSE becomes:

1
EMSE = No? / ’

1
2
gl
_1

Remark that the EMSE can be broken up into two terms:

ﬁ(&ﬂf)f if (8.5)

[NIES

1—ﬁ(ej2”f)’2 tr{R Syu (> }df

N

1
3~ o .2
o L.,=N O'i / ) ‘F(e%ﬂf )) df corresponding to the estimation noise contribution;

2
it can be interpreted as the estimation accuracy in time-invariant conditions,

1
2
[ ) Elag = )

2
ror resulting from low-pass filtering the system variations (lag noise, since in the

2 ,
1 — F(e%™f )‘ tr { R Spw(e’*™)} df representing the estimation er-

causal window case this means lagging behind).

The estimation and lag noise terms can also be interpreted as the variance and the bias of
the conditional estimation problem, for a given value of the optimal filter sequence. In
fact,

Ay = (1 - ﬁ(q)) Hy - R F(q)Yeny

N

b

where b = E|po H,, is the estimation bias. We get

Rz = B (ﬁkﬁg) = bbT 4 o2 (Z f?) R (8.6)
bias i g _
variance

Then we see that:

e E.y=No? <Z ff) is the variance component,
7

o Eyy=tr{R Eyo [bb"]} is the bias component.
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8.3 Uninformed Approach for RLS Tracking Analysis

In an uninformed approach we assume that little or no information about the system vari-

ations is available for the design of the RLS algorithm.

8.3.1 Uninformed Tracking Analysis of Causal RLS Algorithms

From (8.5), we can see that the following window characteristics characterize estimation

and lag noises resp.:

2
characterizing E.,
2

= (50) =

o Ep(f) = ’1 — F (e7?) ‘, called parameter tracking characteristic, characterizing

the lag noise.

To compare the tracking ability of RLS with different weighting windows, we shall choose
the windows parameters such that the different algorithms behave identically under time-
invariant conditions. In fact, comparing adaptive filters characterized by different values
of [, bare