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Abstract

Repetition of signals due to reflection from ceiling, wall, floor and other objects in an
enclosed environment can be perceived as the acoustic echo. It is resulted from the hands-free
operation on the cellular, teleconferencing application and hearing aid system. Since the echo
propagates in an enclosed environment, e.g. a room, the room acoustics acts as a filter. To
remove the acoustic echo successfully, an estimate of the room impulse response is needed.

Given experimental data, a system identification technique is employed as a tool to
build the estimated model of the room impulse response. Herein, its model parameters can be
estimated by means of an off-line or batch method in the least squares sense. Several
traditional linear model structures have been presented. However, they often lead to an
approximation of very high order. In order to reduce the number of estimated parameters,
alternative methods for modeling the room impulse response need to be investigated.

Approximation of the room impulse response by means of the so-called Laguerre and
Kautz functions, which are thetransform of a class of orthonormal exponentials, is then
studied and examined. One of the most important parameters of these two functions is their
dominating pole location. It can be shown that the number of estimated parameters is
substantially reduced and the numerical accuracy is improved when the dominating pole is
chosen properly. For a fixed model order, there exists the optimum choice of a dominating
pole which gives the best approximation. Many methods to find a dominating pole are also
given. Furthermore, since the typical echo response can be decomposed into two parts, i.e. the
first part has rapid time variation and the second part is slowly decaying towards zero, the use
of a two-stage echo canceller is then noteworthy to introduce and analyze.

As a preliminary step to investigate the possibility of reducing the number of
estimated parameters by the proposed models, we shall therefore not consider the on-line
(recursive or adaptive) method to find the values of the model parameters. Instead, the data
used in this thesis project has been collected from the system (echo path) that is made as near
stationary as possible in order to be able to use the off-line method to estimate the model
parameters.
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1. Introduction

In this section, the background of an acoustic echo is described. More details in an
acoustic feedback coupling mechanism are introduced. The general concept of an echo
canceller is described. Lastly, the problem definition of the thesis project and the organization
of the thesis report are also given.

1.1 Acoustic Echo

Echo is a phenomenon in which a delayed and distorted replica of an original sound or
electrical signal is reflected back to the source. Acoustic echo is caused by the reflection of
the loudspeaker’s sound from ceiling, wall, window, floor and other objects in an enclosed
environment, e.g. in a room, back to the microphone as shown in Fig.1.1. In addition, acoustic
echo may also result from a feedback path set up between the speaker and the microphone in
teleconference and hearing aid systems. Note that, the near-end talker B can be viewed as
combined signals between the pure speech signal from talker B and the acoustic echo
generated by far-end talker A signal.

Enclosed environment
loudspeaker

Far-End Talker A >

Near-End Talker B« :Ep x(t)

microphone
Figure 1.1: An acoustic echo generating system

The effects of an echo depend upon the time delay between the incident and the
reflected waves, the strength of the reflected waves, and the number of echo paths through
which the waves are reflected. In general, acoustic echo is reflected from many different
surfaces and propagates through different paths. If the time delay is not too long, the acoustic
echo can be viewed as a soft reverberation which enhances the artistic quality of a musical
performance in a concert hall or a church hall. However, the acoustic echo arriving several
tens of ms after the direct waves is undesirable and annoying. The echo cancellation system is
therefore required when the effect of an echo exceeds an acceptable level.

Naturally, the problem of acoustic echo is quite complicated for a number of reasons:

e The time delay of acoustic echo is too long (up to a second). This implies that a large
number of estimated parameters, probably in the order of a few thousands, are needed in
the transversal FIR filter to obtain a reasonable approximation.

1. Introduction 1



» The characteristic of an acoustic echo path is rather non-stationary owing to opening or
closing of a door, or a moving person.

* The acoustic echo results from reflection of the loudspeaker’s sound from many different
paths, e.g. from walls, windows, floors and other objects in an enclosed environment.

 The echo path is not well approximated by a FIR and IIR linear filter because it has a
mixture of linear and non-linear characteristics. The reflection of acoustic signals inside a
room is almost linearly distorted, but the loudspeaker produces non-linearity.

1.2 Acoustic Feedback Coupling Mechanism

The problem in hand-free telephones, e.g. in teleconference system, and hearing aid
system is the feedback coupling of the sound waves between the loudspeakers and the
microphones. Acoustic feedback is also easily experienced in howling if a significant portion
of the sound energy, transmitted to the loudspeaker, is received back to the microphone and
circulated in the feedback loop. The total round-gain of the acoustic feedback loop relies on
the frequency responses of the electrical and the acoustic signal paths. If the microphone-
speaker-room system is excited at a frequency whose loop gain is greater than unity, then the
far-end signal is amplified in a loop and results in a feedback howling.

Many methods for eliminating such an acoustic feedback are as follows:

» Install a frequency shifter or a phase shifter in the electrical path of the feedback loop.
Each time the signal travels in the feedback loop it will be shifted by a few hertz before
being retransmitted by the loudspeaker. This method can merely reduce the effect of
howling but not the overall echo.

* Reduce the system gain at frequencies where acoustic oscillations emerge by using an
adaptive notch filter. The drawback of this method is that there exist some distortion on
the desired signal frequencies.

» Use the adaptive echo cancellation system which is known as the most effective method
to eliminate the echo.

1.3 Echo Canceller (EC)

An effective way of removing the acoustic echo signal is to use an echo canceller. The
EC first estimates the characteristics (or transfer function) of the true echo path, and then
generates a replica of the true echo signal that is used to eliminate the true echo signal by
subtraction. Since the transfer function of the echo path is generally unknown, an estimate of
it must be determined. Several methods are employed to find the approximated transfer
function which will be discussed in the sequels. The acoustic echo cancellation in an enclosed
environment is depicted in Fig.1.2.

The synthetic echof(t), is generated by passing the far-end sigrtglthrough the
estimated model of the true echo patle represents the transfer function of the true echo
path,r(t) is the true echo signal produced from the true echo path(t).e.Helii(t) wherell
denotes the convolution sum, ax(@) is the desired signal from the echo canceller. Therefore,
the combined signal(t) = r(t) + x(t) is subtracted from the synthetic eclii,) , to obtain the

canceller error signal,

e(t) = (r(t) + x(9) - (1) (1.1)

1. Introduction 2



Enclosed environment
loudspeaker

u(®
Far-End Talker A >

\ 4

Estimated mod¢!

H He

f(t)

ey~ X yO=ryx®
Near-End Talker —Ep X(t)
+

microphone
Figure 1.2 The acoustic echo cancellation in an enclosed environment

Typically, a good echo canceller yieled) = x(t). Note thatx(t) can be perceived as the near-

end speaker’'s speech signal and/or unknown disturbance. To model the echo path correctly,

one must avoid to interpre(t) as a part of the true echo signal. In this thesis repgytis

assumed for simplicity to be low-level disturbance and uncorrelated with the true echo signal.
In theory, the number of parameters employed in the filter depends upon the echo path

delay and the length of the impulse response of an echo path. For the echo canceller to work

suitably, the number of parameters should have a length greater than the combined effect of

the true echo path’s impulse response length and the echo path delbyb&ehe sampling

period of the digitized speech signisl,be the number of parameters used in the filter,7and

be the combined effect to be considered. Consequently, one [dfain

MT, > (1.2)

Since the typical value ofs is 125us for a standard digital communication system, it is
obvious that, ift = 500 msM > 4000 parameters are required in the filter.

1.4 Problem Definition

In hands-free operation of the cellular, an undesired acoustical feedback of the loud-
speaker occurs. To avoid transmitting the loudspeaker signal via the microphone, an acoustic
echo cancellation algorithm must be employed. However, since the loudspeaker’s signal
propagates in an enclosed environment, e.g. a room, the room acoustics then acts as a filter. In
order to eliminate the acoustic echo, an estimate of the room impulse response is needed.

The impulse response of an office room are often modeled as a Finite Impulse
Response (FIR). A drawback with a FIR model is that the number of parameters to be
estimated is considerably large, probably in the order of 4000. This will absolutely affect the
complexity of any acoustic echo cancellation algorithms. To reduce the number of estimated
parameters, alternative models are needed to investigate.

Therefore, the aim of the thesis project is to try alternative representations for room
impulse response which require fewer parameters than a FIR model.

1.5 Organization of the Thesis Report

1. Introduction 3



In the next section, some preliminary theories and terminology about LTI system,
difference equatiorg-domain analysis and linear algebra are given. The fundamental theory
of system identification that is employed as a basic tool to construct the estimated model of
the system of interest is described in section 3. The least squares method used to find the
suitable value of estimated parameters by means of an off-line method is explained in section
4. Section 5 presents a few relevant linear model structures. The use of orthonormal basis
function, which is employed to reduce the number of estimated parameters, is introduced in
section 6. The concept of a two-stage echo cenceller, which has the first stage as a FIR model
and the second stage as an orthonormal model, is also described. It has shown that the
performance of using an orthonormal model depends primarily upon the model order and its
dominating pole. For a fixed model order, there exists the optimal dominating pole that yields
the best approximation. Several methods employed to find such an optimal dominating pole
will then be given in section 7. Remarkable suggestion on the concept of model reduction is
also introduced. Three examples based on the simulated data are shown in section 8. The
process of generating and collecting the real acoustic echo data and its experimental result are
explained in section 9. Eventually, the conclusions of the thesis project and the suggestions of
future works are presented in section 10 and 11, respectively.

1. Introduction 4



2. Preliminary Theory and Terminology

The aim of this section is to provide a brief overview of the fundamentals of LTI
system, difference equatiomdomain analysis and linear algeljf&]. Some notations and
terminology are introduced which will be used throughout this report.

2.1 LTI system

The system that is both linear and time-invariant is generally calledirzsaa time-
invariant (LTI) system. In this thesis project, we shall mainly deal with the LTI system that is
also causal and stable. Such properties can be described as follows:

2.1.1 Linearity

Let T[-] denote the system. A system is said tdifear if, for any two inputsus(n)
andu,(n) and for any two constangsandb, the following equation is satisfied

Tlaw (i + by(n]= af w )]+ b 1) (2.1)

This property implies that if the input can be decomposed into the sum of weighted and
shifted unit samples, such that

00

u =y «R3(n- B 22)
the output is then
OEDNTE O ENTES! @3

where h, (n) = 1{5( n- k)] is the response of the system to the delayed unit sad(ple).
Apparently, a linear system is completely specified once the sigiia)sre known.

2.1.2 Time-invariance(or Shift-invariance)

A system is said to beéme-invariantif a shift in the input signal bgp results in an
equivalent shift in the output signal by. That is, ify(n) is the response of a time-invariant
system to an input(n), thereby for any shift in the input(n-ry), the response of the system
will be y(n-ny). In effect, time-invariance means that the properties and/or responses of the
system do not change in time.

For a time-invariant system, Hi(n) = 1{5( rb] is the response to a unit samgi@),
the response td(n-k) is h(n-k) As a consequence, the LTI system can be represented by

2. Preliminary Theory and Terminology 5



y(n)=xmm(r)=k§_ XBGm K (2.4)

whereddenotes the convolution sum. Since the convolution sum allows one to evaluate the
response of the LTI system to arbitrary ing(rt), the LTI system is uniquely characterized by

its responsehi(n), to a unit sample. Therefore(n) is referred to as thenit sample response

of the system.

2.1.3 Causality

Causality is an important property for dealing with all real-time systems. The system
is causalif the outputy(n) at an arbitrary tima& = ny depends only upon the input flor< np.
In other words, the output of a causal system at the presenmidirakes only on the present
and/or past input values, not on the future values. Equivalently, if a system is linear and time-
invariant, hence it is a causal system if and onfynf) = Ofor n < 0.

2.1.4 Stability

It is desirable to have the output that is bounded in amplitude whenever the input is
bounded, i.e. if for any bounded system iny(ud,

X(n)|< By < (2.5)
the system output(n) is also bounded,

y(n)|<Bz <o (2.6)
where B; and B, are finite constants. A system with this property is said tatablein

Bounded-Input Bounded-Output (BIBSBnse. A LTI system is BIBO stable if and only if the
unit sample responggn) is absolutely summable

i|h(n)| < o0 (2.7)

n=-o0

2.2 Difference Equation

The important classes of LTI systems are those for which the xgpuand outputy
(n) can be represented in terms of a difference equation with constant coefficients. Such a
difference equation plays an important role for describing the input/output relationship in
many fields of sciences, such as signal processing, communication, etc., because it is easy to
interpret and analyze. The general difference equation can be expressed by

Y(n)+kzzlak)(n- k)=;)wr+k (2.8)

wherena andnb determine therder of the system, andy andby are thefilter coefficients
that characterize the system. Obviously, the ougniX is a linear combination of the past

2. Preliminary Theory and Terminology 6



output valuesy(n-k) for k=1,2,...,na coupled with the past and present input valxM@sk),
for k=0,1,2,...,nb
As an special case whea = 0, the difference equation becomes

y(n)=;)bK>(n— K (2.9)

The output is simply a weighted sum of the past and present values. Consequently, the unit
sample response is finite in length,

h(n) = z ho(n- K (2.10)

and the system is then referred to &réte length Impulse Response(Fi®stem. However,
whenna# 0, the unit sample response is infinite in length and the system is referred to as an
Infinite length Impulse Response (li&)tem.

2.3 Z-Domain Analysis

The z-transformof a discrete-time signaln) is defined as

X(2) = i UL (2.11)

n=-o

It is only defined when the sum in Eq.(2.11) converges.Zthensform usually converges for
only a certain range of complex-valued variabk®mown as theegion of convergendgROC)
the domain where-transform ofx(n) exists. Typically, this region must always be specified
along withX(z)in order forz-transform to be complete.

Theinverse z-transforms a method to find the corresponding sigt(al from a given
X(z) Based on the Cauchy integral theorem which is given by

2—; fzdz=3(R (2.12)

whererl is a closed path in a counterclockwise direction, including the origin, the irererse
transform ofX(z)is defined as

x(n) = %fr X(2) 27 dz (2.13)

wherel is a contour integration in the ROC. It is also of importance to know when the
transform exists, i.e. thetransform ofx(n) exists if and only if the sequence(f)r"} is
absolutely summable for some values,afe.

00

> [x(mr | <eo (2.14)

n=-o0

2. Preliminary Theory and Terminology 7



Theztransform of special importance in the design and analysis of LTI systems is the
system functionwhich is thez-transform of the unit sample response

H(2) = i hnz" (2.15)

n=-o

For a FIR system given in Eq.(2.9), the corresponding system function is a polynaziial in
nb nb
H@=> hz" = B[]~ 7 7) (2.16)
k=0 -

where the roots of this polynomiad, are calledzerosof the filter. This type of system
function is normally referred to as alt-zerofilter. For the case of an IIR system given in Eq.
(2.8), the system function is a ratio of two polynomiattn

nb
_ nb
2 bz Na-zz*"
H(z)=— =y oy (2.17)

-k — —k
wyazt [le-ne

where the roots of the numerator polynomig),are the zeros dfi(z) and the roots of the
denominator polynomialpy, are called theoles A special case whenb=0, the system
function in Eqg.(2.17) is known as ati-polefilter, i.e.

b b
HD) == (2.18)
1+yaz¢ [10-p z")

k=1

2.3.1 Stability

A LTI system is BIBO stable if and only if the ROC ld{z) includes the unit circle,
i.e. H(z) with ROC: |z|= 1. On the other hand, a causal LTI system is said to be BIBO stable
if and only if all the poles dfi(z) lie inside the unit circle, i.epf | < 1 for allk.

2.3.2 Maximum, Minimum and Mixed phase systems

The system is said to bar@nimum phaseystem if all zeros are inside the unit circle,
while it is amaximum phaseystem if all zeros lie outside the unit circle. If the zeros lie both
inside and outside the unit circle, the system is knownraxed phaseystem. For an IIR
system, the inverse system is stable if it is a minimum phase system.

A mixed phase systerhi(z), can be decomposed to a minimum phase sys$igm(z),
andall-passsystemHap(z), such that

H(Z) = Hmin (Z) Hap( 2 (219)

Suppose that(z) = B(z) / A(zpndB(z) = Bi(z)Bx(z), whereBy(z) is a minimum phase system
andBy(z) is a maximum phase system. Then the system function can be written as

2. Preliminary Theory and Terminology 8



_Bi(2B(2 [B,(2B,(Z")B,(2 L
HA=""A2 ~8 A® oOB,()C (2.20)
where
B 7t B
H_(2) =% and H,(2) =% 2.21)

Note that, an all-pass systeHyy(z), is always stable with maximum phase.

2.4 Linear Algebra

To deal with a problem in signal modeling and system identification, it is convenient
to represent the signals in terms of the vector and matrix forms. Such a representation
simplifies many mathematical expressions and allows us to draw upon many useful results
from linear algebra to solve the problem. Herein, we shall present the fundamentals of linear
algebra.

2.4.1 Vectors
A vector is an array of real or complex values for which it is usually used to represent

the value of discrete time signals. We shall denote the vector by lowercase bold letters. A
column vectory with N elements, usually referred to akl-aimensional vector, is given by,

Oy, O
e
y= 0: 0O (2.22)
O 0O
Yn O
The transpose of a vectoy', is a row vector
y' = [yn Yo oo W (2.23)

and the Hermitian transposg', is defined as the complex conjugate of the transpoge of
=00 = [y V] (2.24)
where ¢)" denotes the complex conjugate operation.
2.4.2 Norm
Several operations performed on a vector will primarily involve finding the magnitude

of a vector. The norm or distance metric is usually used to find the magnitude of a vector.
Giveny =[ y1, Vs, ..., W]", theEuclideanor L, normis defined as

2. Preliminary Theory and Terminology 9



N 1?2
b, =53 [ 229

O

Other useful norms are the norm

N

Ivl, =Y Iyl (2.26)

1=1

and theL., norm
ly]., = maxy,| (2.27)

Sincel, norm is normally preferable to cope with the problem in system identification, we
shall denoté, norm byly|, unless indicated otherwise.

Assuming that the norrfy| # 0, a vector may beormalizedto have unit magnitude
by dividing by its norm. Hence

_y
"y

is a unit norm that lies in the same directiory.ashe squared norm of signai§) is equal to
the signal energy,, i.e.

v (2.28)

M = lyml” = E, (2.29)

2.4.3 Inner product

Given two complex-valued vectoes= [a,, &, ..., a,]T andb = [by, by, ..., m]T, the
inner productis the scalar value determined by

(a,b) =a'b=3 a'h (2.30)

The inner product can also be viewed as the geometrical relationship between two vectors
given by
(a, b) = |dllt coss (2.31)

where 8 is the angle between two vectors. Two nonzero vectoemd b, are said to be
orthogonalif their inner product is equal to zero.

(a,b)=0 (2.32)

Additionally, two vectors that are orthogonal and have unit norm are saictthbaormal

2. Preliminary Theory and Terminology 10



2.4.4 Projection

Projection of a vectox ontoy is defined as

y y

proj, (x) = (x, y>W =(x.y) v (2.33)
Since the vectoprojy(x) is parallel withy, then
X - projy(x) Oy (2.34)

2.4.5 Linear combination and linear independence

A sum of scaled vectors is callediear combinationi.e. for any arbitrary complex
constants ofy; fori = 1,2,...,N the linear combination of vectorg{ y», ...,yn} IS given by

N
z a,y, (2.35)
1=1
Moreover, a set of vectory{, y», ...,yn} is said to bdinear independenif and only if
N
Z ay =0 (2.36)
=1

only whena; = 0 for alli. If the Eq.(2.36) is satisfied bat # O for alli, then a set of vectors
{y1, Y2, ...,yn} is said to bdinear dependent

2.4.6 Bases and coordinates

A basis for the subspace spamxi{ X, ..., Xu} is defined as a set of linearly
independent vectorsy{, y», ...,yn} such that

spaa, &z, ...,Xu} = span {1, Y2, ..., Yn} (2.37)

That is, every vectox in span i, Xz, ..., Xm} can be written as a linear combination of
vectors {1, y2, ..., yn}. If <yi Y, > =0 for i # |, the basis is called asrthogonal basisin

addition, if (y,,y;)=0 for i #j and Jy,| = |y,| = 1, the basis is called arthonormal

basis
If {y1, Y2, ..., yn} @re orthonormal bases for spaxy {X», ...,Xu}, thus everyx [ span
{X1, X2, ...,Xm} can be written as a linear combination gf {y-, ...,yn} in such a way that

X = iaiyi (2.38)

whereaq; is called thecoordinateof x with respect tg; and can be computed by

2. Preliminary Theory and Terminology 11



<X’yj>:<iaiyi’yj>:§1ai<yi’yj>:iai5ij =Qq, (2.39)

whereg; is the Kronecker delta functiody(= 1 only if i = j, and O elsewhere).
2.4.7 The Gram-Schmidt procedure

Given a set of vectorsx{, Xz, ..., Xm}, we shall construct the orthonormal basis
vectors {1, Yo, ...,yn} to span i, X, ...,Xu}. The set ofM vectors spanll = M dimensional
space only if the, for i = 1, ...,M, are linearly independent. If the are not linearly
independent, theN < M.

The number of dimensionhl, required to represent the set of vectors %o, ..., Xu}
and a corresponding set of orthonormal basis vectary4, ...,yn} can be obtained by using
the Gram-Schmidprocedure. Based on a concept of signal projections L.@roj,(x) Oy, a
set of vectors ¥y, vz, ...,yn} IS said to be orthonormal if and only if

X = proj, (X) = proj, (X)= ... —proj, (x) Oy;, fori=1,2,..,L (2.40)

The recursive procedure used to calculate the orthonormal basis veegigrs {.., yn} from
{X1, X2, ...,Xm} can be done as follows

* Assume thatXy, X, ...,Xm} are linearly independent.
» Compute the first orthonormal basis vector frgg= x1/||xl|| .
e Forj=2,3,...M
(a) Calculate the next basis function which is orthogonal tp,dbbri=1, 2, ..., j-1

-1 -1
Y =X, = > proj, (x,) =x; - Z<xj Y, >yI (2.41)
=1 =1

(b) Normalizey; by its norm to be orthonormal basis vegtor

y = (2.42)

2.4.8 Matrices

An n x mmatrix is an array of real or complex values haviigws andmn columns,

|}‘11 a'12 a:tn B
a a
A={a} =" ° e (2.43)
[ N
@‘nl an2 anm 0
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Thetransposeof ann x m matrix, AT, is anm x n matrix that is formed by interchanging the
rows and columns o&. Hence, thei(j)th element becomes thgi)th element. Thélermitian
transposedenoted byA" is the complex conjugate of the transposa, dfe.

A= (A9 = (A7) (2.44)
Let A be am x m matrix partitioned intan column vectors

A=[CyCp ..., Cm | (2.45)
wherec = [ aij, &, ..., &i ]T. Therank of A, p(A), is defined as the number of linearly

independent columns . The property of the rank of a matrix is that the ranR & equal
to the rank of AA™ andA™A,

P(A) = p(AAT) = p(A"A) (2.46)

Since the rank of a matrix is equal to the number of linearly independent rows and the number
of linearly independent columns, it follows thafifs ann x m matrix then

P(A) < min(n,m) (2.47)
If Ais ann x m matrix ando(A) = min(n,m), A is said to be ofull rank. Theoretically, ifA is
a square matrix of full rank, sayx n matrix, there exists a unique inverse matrixApA\™,
such that

AlA=AAT =] (2.48)

where

0 -
1

"
miwials!
oS

(2.49)

3 0. &

is the identity matrix which has ones along the main diagonal and zeros elsewhere. In this
case, a matriA is said to benvertible or nonsingular If, however A is not the full rankp
(A) <n, the inverse matrix oA does not exist and it is said to f@ninvertibleor singular.

O

2.4.9 Linear equation

Typically, it is useful to represent the relationship between input and output signals in
terms of linear equation because its solution will then be simplified and can be solved easily.
In order to solve the linear equation, it is necessary to characterize the form of the solution in
terms of existence and uniqueness.

Consider a set of linear equation withunknown parameters; for i=1,2,...,m to be
estimated.

Yi=a,0, a,0,+.+ a8, g,
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Yo =a, 0,1t 8,0, ..+ a8, g,

Yn=ano ta,qt...+q,0q,

These linear equations can also be written in matrix form as

I:yl B |}'ll a12 a]n B I:gl B
5’2 D: %21 a22 aZ‘nD %2 |:| (250)
0: 0 O: : 00: g
g o0 od o
Eyn D @'nl an2 aan @ mD
or, equivalently,
Y=A0 (2.51)

whereY =[ vy, Vo,...% 1", 0=[ 91, %, ..., G ]" andA is given in Eq.(2.43). The solution of
finding 6 depends upon the sizerok mand the rank of matrik.

e Square matrix (m =n)

If Ais a squar@ x n matrix, the solution to the linear equations depends on whether
or notA is singular. IfA is nonsingular, then the inverse matiix exists and the solution is
uniquely defined by

0=A'Y (2.52)
Nevertheless, iA is singular, there may be either no solution or many solutions.
* Rectangular matrix (for n < m)

When n < m, there are fewer linear equations than unknown parameters. If the
equations are nanconsistent there exists many vectors satisfying the equations, i.e. the
solution is underdeterminedr incompletely specifiedThe approach to obtain a unique

solution is to find the vector satisfying the equations that have a minimum norm, i.e.
min|@] such thatyY = A8 (2.53)

If the rank ofA is n, then x n matrix AA" is invertible and theninimum norm solutiois
0=A"(AA")Y=0Y (2.54)
where
O=A"(AA")T (2.55)

is called thepseudo-inversef the matrixA for the underdetermined problem.

* Rectangular matrix (for n > m)

2. Preliminary Theory and Terminology 14



When n > m, there are more linear equations than unknown parameters and, in
general, no solution exists. The equations iaponsistentand the solution is said to be
overdeterminedHowever, the parameter vectbcan be solved by means of tbast squares

methodwhich will be discussed in section 4. The aim is just to find the optimal paradneter
leading to the best approximation¥o
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3. Fundamental of System Identification

System identification deals with the problem of constructing the mathematical model
of a dynamic system based on a given set of experimental data. Several fundamental concepts
about system identification are introduced in this section. The procedures of building the
estimated model by means of system identification technique are also given.

3.1 Dynamic System

The dynamic system can be conceptually illustrated as in Fig.3.1. The system is
commonly stimulated by external stimuli. External signals that can be controlled by users are
called inputu(t), while the other which cannot be manipulated is called disturbgtjcdhe
observable signals we are interested in are called owfputTypically, for anydynamic
systemsit implies that the current output value depends not only on the current external
stimuli but also on their past values.

Disturbance
l v(t)

Input Output
—> System

u() v

Figure 3.1: A dynamic system.

3.2 Type of Models

The purpose of a model is to describe how the various variables of the system relate to
each other. The relationship among these variables is cafteielof the system. Modeling

the system of interest is considerably useful in many areas of science as an aid to properly

describe the system’s behavior. A good model must reflect all properties of such an unknown

system. There are several kinds of models which can be classified as follows:

* Mental models which do not involve a mathematical formula. For instance, when driving
a car, one is required the knowledge of turning the wheel, pushing the brake, etc.

» Graphical models which are also suitable for some certain systems using numerical tables
and/or plots. For example, any linear systems can be uniquely described by their impulse,
step, or frequency response which can be obviously represented in graphical forms.

» Mathematical models which describe how the variables relate to each other in terms of
mathematical expressions such as differential and difference equations.

The mathematical models are useful in practice because they provide a description of the
system’s behavior by mathematical expressions which are simply to examine and analyze.
Mathematical models can be derived in two ways, i.e.

3. Fundamental of System Identification 16



* Modelingrefers to derivation of models from basic laws in physics, economics, etc., to
describe the dynamic behavior of a phenomenon or a process. It is done by subdividing an
unknown system into subsystems, whose properties are well known from the basic laws,
and thus combining these subsystems mathematically to obtain the whole system.

» Identification refers to the determination of dynamic models from experimental data. It
consists of the establishment of identification experiment, the determination of a suitable
form of a model coupled with its parameters, and a validation of the model.

3.3 System Identification Procedures

The system identification problem is to build a mathematical model from a given set
of observed input and output data. These data can be obtained from the experiments which
are carefully designed and performed on the system. A model is then fitted to the recorded
data by assigning suitable values to its parameters. In many applications, the unknown system
is so complicated that it is not possible to obtain a reasonable model by using only physical
insight. This usually happens when a model based on physical insight contains a number of
unknown parameters even if such a model is derived from physical laws. As a result,
identification techniques must be applied to estimate its unknown parameters.

Generally, the models obtained by identification techniques have limited validity; for
example, they are valid for a certain experiment, a certain input, etc. Furthermore the
resulting estimated parameters can be solely used as tools to provide a good representation of
the system’s overall behavior. However, it is still an attractive method to build the model due
to simplicity and flexibility. The system identification procedures can be categorized as the
following steps:

3.3.1 Experiment design

The experiment is performed by exciting the system with some sort of chosen input
signal, and thus observing and recording the output signals over a certain time. The aim of
this experiment is to obtain the input and output data as maximally informative as possible in
the presence of unknown disturbances.

3.3.2 Structure and order estimation

Practically, the stable LTI system can be sufficiently modeled by a linear black box
model structure which can be written as

B, (g o SO

F(q) b " (3:1)

A * (D =

where yo(t), u(t) andnk are the output, input and delay respectively. The na(peis white
sequences with zero mean and unit variance. The time shift is then represeptediyhat
q'u(t) = u(t-1). Each polynomial transfer function in the shift operatis given by

A(Q=1+aq '+ aqi+..+a, g°
C(@=1+qq'+ ¢ gi+..+ ¢ q"
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D(g)=1+d,g”" + d g°+..+ dy g™
F(g) =1+ f,q™ + f,q2+..+f g"

B(=hq'+bag’+..+h g

where na, nc, nd, nf and nb are known as the order of each polynomial. Several model
structures can be derivétl3] from Eq.(3.1). For example, FIR model is derived whAé) =

C(q) = D(q) = F(q) = 1, ARX model corresponds ©6(q) = D(q) = F(q) =1, OE model is
obtained wheA\(q) = C(q) = D(q) =1, etc. FIR, ARX, and OE models will be more described
in section 5.

3.3.3 Parameter estimation

Having selected the model structure, the next step is to estimate its parameters in
order to completely characterize the system of interest. This is known as a key step in system
identification. In the literature, many methods aimed at minimizing the influence of noise on
the estimates can be found. In most of these the identification and estimation steps are linked
together, because it is almost impossible to verify the quality of a model without estimating
its parameters, and it is essential to define a model structure before its parameters can be
estimated. The approach that is used to estimate the model parameters based only on a given
set of observed data is often callgi-line or batch In section 4, we shall present the least
squares method which is usually used to find the optimal values of the model parameters.

3.3.4 Model validation

After the model structure and its parameters have been suitably chosen according to a
certain criteria, such a model is needed to verify whether it can well characterize the system
or not. There exists many tools for model validation for which we shall address only three
principle methods, namely residual check, model fit and cross validation.

* Residual Check

Due to a presence of noise, there will be some differences between the observed
output and the estimated output. These differences are knoresidsals.By investigating
them, it is possible to infer whether or not there still exist errors from the estimated model. If
so, this result will be fed back to the model building process. This check can be done by using
the command “resid” in Matlab program in which the auto-correlation function of the error
and the cross-correlation between error and the input data are computed and displayed within
99% confidence interval. The model could be acceptable if the residue plot lies inside this
region, but it would be rejected if the residue plot goes outside this interval. A significant
peak at lag shows that the effect from inpuft-k) ony(t) is not appropriately described. A
rule of thumb[11] is that a slowly varying cross-correlation function outside the confidence
region is an indication of too few poles, while the shape peaks indicate too few zeros or
wrong delays.

* Model Fit (Fit of Error)

Model fit is used to verify whether or not the signal generated from an estimated
model differs from the true signal. It can be viewed as the differencdijt avf “error”,
between the true signal and the estimated signal which is given by
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V(6) = E|(1(D) - ¥16))?] (3.2)

where Ee] is the expectation operation.
Since the measurdédidata points are random variables, the estimated paraéueﬁer

also a random variable. To evaluate the fit of error, we shall take the expectaNAQéNQf
with respect to the estimation data, i.e.

Fy = E[V(6,)] (3.3)

This fit of error will typically rely on the used model structure as well as its model order, the
number of data point®l, and the properties of the data, such as input spectra, possible
feedback, etc., employed for estimatid@nd calculating the fit of error. Basically, if the fit

of error is small according to our purpose, we have then achieved in modeling the system.

» Cross Validation

To guarantee the quality of an estimated model, the another method to confirm such a
model should be performed. This is referred to a<thes validationrmethod. It is done by
splitting up the data into two parts, the estimation dafa that are used to estimate the

model parameters

6,, =arg minv,, 6 Z.: (3.4)

est

and the validation datZ "> for which the criterion is evaluated such that

val

Fu, =V, (0, Z0%) (3.5)

val

whereVy corresponds to the criterion in Eq.(3.2) a%gwill be an unbiased estimate of the
measurd-y defined by Eq.(3.3). The procedure would then be to try out a number of model
structures and choose the one that miniml%,gs

The cross validation approach is somewhat attractive because if the result from Eq.
(3.5) is minimized, one has some confidences in the proposed model, irrespective of any
probabilistic framework that might be imposed. It is therefore the most normally used method
to verify the estimated model. Consequently, we shall primarily evaluate our proposed models
based on the cross validation approach.

3.4 Summary

All procedures in system identification technique discussed earlier can be summarized
in the flowchart as depicted in Fig.3.2. It is most likely that the first estimated model will not
pass the model validation test due to some following deficiencies.

» The selected model structure was not appropriate to characterize the system.
» The data set was not informative enough to provide guidance in choosing good models.
» The numerical procedure failed to find the best model according to criterion used.
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e The employed criterion was not good.

One must go back and revise the various steps in the procedures. As a consequence, in order
to obtain a good estimated model, one must perform each step in system identification
procedures carefully because the result of the current step will affect that of the next step.
Clearly, every step in modeling the system is closely related with each other.

Y

» Design of experimen}< A priori knowledge

Y
Perform experiment
and collect data

Y

»{Choose model structr&

Y

»| Estimate parameters

Y

A

Model validation

Model
accepted?

New data set

Yes

Figure 3.2: System identification proceduf@€].
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4. Least Squares Method

Given a set of experimental data, the problem of modeling an unknown system is to
find a good estimated model and its parameters which can characterize the system’s behavior
as accurately as possible. Having chosen the best estimated model, the next task is to find the
values of its parameters. There are many estimators, which possess nearly all properties of an
ideal estimator, leading to good estimated parameters, such as Bayes estimator, Maximum
Likelihood estimator, Markov estimator and Least Squares estiffifjorBayes estimator is
the most powerful estimator, but it, however, requires the most a priori information, e.g. a
probability density function (p.d.f.) of the unknown parameters and the p.d.f. of the noise on
the measurements. On the contrary, the Least squares estimator can still be used even if there
is no a priori information available. In this section, we shall then introduce a least squares
method. The statistic properties of an ideal estimator are also given.

4.1 Least Squares Method

The Least Squares (LS) method is normally used to determine the optimal values of
the estimated parameters based only on a given set of experimental data. The framework of
using LS methodi20] can be described as follows.

Assuming that the input-output relation of a stable LTI system is given by

y( =G’ (U t-nk+ H(z W (4.1)

where G°(2) = ZL g’ Z* is a rational stable transfer functiogy are the true parameters,

Z' is the delay operatoy(t) andu(t) are known output and input signaisis the delay, and
w(t) is white sequences with zero mean and unit variance. We shall déneté’(z)w(t) as
unknown noise disturbance.

The estimated outpu§(t,08) can be considered as the output of the linear transversal

filters of ordem with tap weightg) which can be expressed as

9(t,6) = ngﬁk(z)u(t— R 4.2)

whereg is the parameters to be estimated #)@z) stands for a basis function used in the

estimated model; for example, whef) (z) = Z* the Eq.(4.2) corresponds to a FIR model.

Typically, a proper choice of basis functions can increase the rate of convergence and reduce
the bias and variance of the estimated model. This leads to less number of parameters to be
estimated but still guarantee a useful model. Regardless of any choices of basis functions
used, the optimal values of estimated parameters can be obtained by the least squares method

GivenN samples of the observed output and input data, Eq.(4.2) can then be rewritten
in the matrix form
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9 0 0B(@ul-nk  B(3 @- nk ... B, (¥ d- nKJ ro,
¥R E B@Au2-m0  B(362- nk .. B (X @ Nk,
O: 00 : : : 0 0:
NG B@UN-1R B(3¢ N nk ... B(2UN 9K b,

or, equivalently, in the linear regression form
y(1) =¢" (10 (4.3)

whered(t) = [ Bu(Z)u(t-nk) Bx(Z)u(t-nk) ... B(Z)u(t-nk)]", fort=1, 2, ..., Nand8 = [ g1 &
...th]". In general,y(t) is calledregressed variablehe elements in the vectg(t) are known
asregression variablesand @ is called theparameter vectoto be estimated. One can also
write EqQ.(4.3) in matrix notation as

Y =06

whereY =[9(1) §(2)... 9(N)]" and® = [¢'(2) $'(2) ..¢"(N)1".

A simple way to find@ is to choose the number of measuremBintequal ton in
order to makeb being a square matrix. So, if the matrix is nonsingular, i.e. its inverse matrix
exists and the solution is unique, the linear equation of Eq.(4.3) could easily be solged for
Nevertheless, it is a good idea to use a number of observedN\jajegater tham as a
consequence of the fact that the estimation should be improved with the additional data.
Unfortunately, wherN > n, ® becomes overdetermined and the exact solution will not exist.
The least squares method is therefore employed to solve this problem. The purpose is to find
the estimate 0® which gives the best approximationYfLet us consider the one-step ahead
prediction error, oerror equation which is given by

e(t,0)=y(t) - Zl 9B (U t-nk (4.4)
or in the matrix form
E=Y-®6 (4.5)

where the observed output vec¥r [y(1) y(2) ... y(N)' and the error vectdt = [(1,0) €
(2,0) ... &(N,6) 1" which is often calledesidual Theleast squares solutioof 6 is defined as
the vectorf that minimizes the norm of the error (loss function or squared error),

V(0) =[E* = Y- 6| (4.6)

The geometrical representation of least squares solution is depicted in Fig.4.1. As shown in
Fig.4.1, the least squares solution has the property that the error ¥dwrthogonal to

each of the vectors that are used in the approximatioi,fae. the column vectors b

which is given byBi(z)u(t-nk) wherei = 1, 2, ..., n andt = 1, 2, ..., N This orthogonality
implies that
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,(2u(t-nk)

. (2u(t-nk

Figure 4.1: Geometrical illustration of the least squares solution to an overdetermined set of linear equation.
The best approximation &fis formed wherk is orthogonal to the vectofis(z)u(t-nk) andp,(z)u(t-nk).

®"E=0 4.7)
or, equally,
oHoh =My (4.8)
where ¢)" denotes the Hermitian transpose which is definedas (@°)" = (@7)". If the

column of® are linearly independent, i.®. has full rank, then the matrir"® is invertible.
The least squares solution is then

6=(d"d) oY =0Y (4.9)
where the matrix
0= (d" o) " (4.10)

is called thgpseudo-inversef the matrix® used for the overdetermined problem. Therefore,

the best approximation of toY is given by the projection of the vectéonto the subspace
spanned by the vectofsu(t-nk) wherei =1, 2, ..., ni.e.

Y=0b6=p@" D) oMy (4.11)

Therefore, the minimum value & () can be obtained by expanding the square in Eq.(4.6)
and using the orthogonality condition given in Eq.(4.7), i.e.

V. (0)=Y"E=Y'Y- Y04 (4.12)

The identification of the unknown parametgggfor k=1,2,...,n through least squares
minimization of &(t,6) over the time interval is amentification methodwvhich has some
favorable properties. Firstly, it is a linear regression scheme leading to a simple analytical
solution. Secondly, it is the type of output error method, which has the advantage that the
systemG°(z) can be estimated consistently whenever the unknown noise distus{gnise
assumed to be uncorrelated with the input sifhZl
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4.2 Statistical Properties of the Ideal Estimator

Because any estimates are a function of the observed data, which are random
variables, the estimates themselves will then be random variables. As a result, it is essential to
examine the performance of an estimator by investigating its statistical properties which can
be considered in terms of bias, consistency, efficiency and robustness.

4.2.1 Unbiased and asymptotically unbiased estimator

Since the estimation problem deals with finding a true parantgtom a given set
of N random variables, the estimate will be a functiohl eéhndom variables. Lé}, denote an

estimate. In general, one would like to have the estimate to be equal, on the average, to the
true value. The difference between the true vdluand the expected value of the estimate is
calledbiasgiven by

B=6-E{6,} (4.13)

whereB is the bias an@&{+} denotes the expectation operationBIE 0O, the expected value
of the estimate will be equal to the true value,

E{6,} =6 (4.14)

and the estimate is said to trebiased If B # 0, 6, is said to béiased In practice, it could

be difficult to fulfill this requirement in some cases. It is then somewhat sufficient to consider
the bias in an asymptotic sense, i.e. if an estimate is biased but bias goes to zero as the
number of observed data goes to infinity, the estimate is then aalletptotically unbiased,

iim E{6,} =6 (4.15)

N - oo
Obviously, it is desired to have an estimator being either unbiased or asymptotically unbiased.
4.2.2 Consistent estimator

To ensure that the estimate will converge to the true value, it is also required that the
variance of the estimate should go to zero as the number of observations goes to infinity

. A — . A A 2 -
lim var{6, } = im E[|6N -6, } =0 (4.16)
If 6, is unbiased{8, } =6, it follows from Tchebycheff inequality [17] that, for ady O

% (4.17)

P[|éN L 5] s—
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Consequently, if the variance goes to zerd\as. o, the probability thaéN differs by more

than d from the true value will go to zero. In this caﬁ,is said to converge t@ with
probability one. Another scheme of convergence is mean-square convergence, i.e. an estimate
éN is said to converge t8 in the mean-square sense if

lim E{|éN —9|2} =0 (4.18)

No matter which definition is used, the estimator is said twobsistentf it is at least
asymptotically unbiased and has a variance approaching to z8f@@es to infinity. Note
that, a consistent estimator exists which is always either unbiased or asymptotically unbiased,
but an unbiased estimator exists which is not necessary to be consistent.

4.2 .3 Efficient estimator

Practically, it is of importance not only to have small errors, but also to have small
uncertainties on the estimate. That is, a biased estimator with a small uncertainty is
sometimes preferable to an unbiased estimator with a large uncertainty. The variations of an
estimate resulting from the presence of noise in the system can be described by the covariance
matrix. The variations of individual parameters appear on the diagonal, whereas the off-
diagonal represents relation between parameter pairs.

Consider two unbiased estimatd?s and P, with mean valueP, and covariance
matricesCp; andCp;, which is given by

C.. =E{(R-R)XR- )"} (4.19)
Cr. =E{(R-R)R- R} (4.20)

Accordingly, an estimatdp, is more efficient than an estimaey if Cp; < Cp,.
4.2.4 Robust estimator

So far, the estimate has been made based on the assumption that the noise is a
stationary white noise process. In some applications, this assumption may not be valid.
However, if some properties of an estimate are still valid in such applications, we shall call it
a robust estimator. This is crucial in practice because most estimators are used in situations
where some usual assumptions are not true. As a result, if it can be proved that an estimator
robust with respect to the consistency, then one can guarantee that it will converge to the true
value as the number of measurements increases.
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5. Linear Model Structures

In this section, a model of the acoustic echo generating system is described. Several
traditional linear model structures are introduced.

5.1 Model of the Acoustic Echo Generating System

The echo generating system can be approximately described by the linear model
structure. To deal with the problem of estimating the acoustic echo path, we first assume that
the echo path is linear and stationary for a short time interval. Although there exist some non-
linearity characteristics presented in the system, the assumption of linearity still gives rise to
satisfied results depending on an amount of non-linearity of the system. It is difficult to gain a
deep insight about the echo generating system for each specific purpose. Consequently, it is
suitable to model the system by using a black box model approach which is mainly based on
observed input signai(t) and output signal(t). The task is to estimate the impulse response
of the unknown system (echo path), since if the system is linear, its impulse response will
then completely represent it.

Supposing that the measured output signal is given by ther@glorrupted by the
near-end disturbancet), i.e.

y(t) = r(t) +x(t), wherer(t) =H_[u(t) (5.1)

where [0 denotes the convolution operation, anglis the transfer function of the true echo
path. The echo generating system is shown in Fig.5.1.

u(t)= Far-end signal

Y

He True echo path

r(t)= “True” echo
y(t)= Measured output signal x(t)= Near-end disturbance
i A

« U/

Figure 5.1: The echo generating system

Since one cannot know the true echo signal, the purpose of modeling is to find out the
model that can properly reproduce the true echo signal, given the input signal. It is not
possible to exactly obtain the model of true syskymHence, it is appropriate to introduce
modeling errorgqxy(t), in an estimated echo signdit), to represent the true echo signal as
shown in Fig.5.2. This modeling error can be used to determine how fit the estimated model,
H, could be. Ife(t) is equal to zero, then we have succeeded in modeling the true echo path.
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u(t)= Far-end signal

H Estimated model of the true echo path

r(t) =Estimated echo
&m(t) = Modeling error
r(t)=“True” echo

y(t)= Measured output signal
< Ll
- w -

X(t)= Near-end disturbance

Figure 5.2: An estimated moddlwith modeling error.

5.2 Review of Linear Model Structure

Again, the stable LTI system can be adequately modeled by a linear black box model
structure as given in Eq.(3.1). Its graphical representation associated with the echo generating
system is depicted in Fig.5.3.

. Estimated model H
u(t-nk)= Far-end signal it ssscemamaaaa e )

: F (1) :
y(t) = measured output sigr) Yo(1) ! 1 X, (1) @ EW([) - white noise
< %‘*" | Wa [€— D€ o0 [€
&xt) = Modeling error

Figure 5.3: A general linear model structure.

whereyy(t) is considered to be the optimum estimated output that can be obtained within a
specific model class and a fixed model size. Note th@}) represents the poles that are
common between the input and the noise. Simil&{g) corresponds to the poles that are
unique for the input, where®{q) determines the poles that are unique for the noise.

The advantage of this model is that the effect of disturbance is also taken into
consideration to obtain a more accurate result. That is, since the actual near-end disturbance
(t) is unknown, it is often more convenient to maoxi{¢l as being obtained by filtering a white
noise sourc&v(t) through a linear filter@(q)/(D(q)A(q)]. The modeling errog.(t) represents
the inability of the proposed model structure to correctly describe the relationship between the
input and the output. Herein, three basic linear model struettifRs ARX and OE are
presented.

5.2.1 The Finite Impulse Response model structure (FIR)
FIR model is a widely used model structure to describe the system of interest due to

its simplicity and stability. It is a special case of Eq.(3.1) whi@) = C(q) =D(q) =F(q) =1
which can be expressed as
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Yot) = B(@)u(t-nk+ v} (5.2)
kZlbkq‘kU(t- nk + v )
B+ g+ +h, g™ ul(nk+)wt()
Bu(t-nk-)+ B t= nk-2)+..+ h ¢+ nk npr )t

where the parameterp, for k = 1,2,...,nb represent the magnitude of truncated system
impulse response, and the signdt) is assumed to be uncorrelated with the input sig(tal
Fig.5.4 illustrates the FIR model. Observe that, the signi@lcan be perceived as the near-
end speaker’s speech signal and/or unknown disturbance.

) , Estimated model H

€m(t) = Modeling error

Figure 5.4: The FIR model structure.

In the view of the prediction error, the predicted signals are mainly based on the old
inputs. They are usually called the regressors of the model and can be collected in a
regression vectorg(t) = [u(t-nk-1) u(t-nk-2) ... u(t-nk-np) The parameter vector to be
estimated can be written &s=[by b, ... Qb]T.

Obviously, FIR model is suitable to represent the echo path because it does not model
the signalw(t) which is considered as the desired signal in this thesis project. However, it
leads to a large number of estimated parameters in order to obtain an accurate approximation.

5.2.2 The Auto Regressive model structure with an eXternal input (ARX)

This model structure can be derived from Eq.(3.1) by se@iay = D(q) = F(q) = 1
In this case, the poles representeddfry) can be possibly used to model the system with less
number of parameters. The output signal consists @ o Regressive partA(q)w(t), and
an &ternal input, B(q)u(t-nk) which is normally called theXegenerous variable. The
mathematical expression can be given by

A@)Dn0(t) = B(q)u(t—nk)+ w ) (5.3)

zaky()(t— k)=erleL(t— nk- B+ WY

na nb

yO(t)=—Z a Yo(t- k)+z b Ut nk- k+ Wk
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Manifestly, the output is a function of the old input and old output. The regression vector is
then given byd(t) = [-yo(t-1) -yo(t-2) ... -W(t-na) u(t-nk-1) u(t-nk-2) ... u(t-nk-B) and the
parameter vector is presented®y [a; a; ... &ha b1 by ... b1b]T. The ARX model is shown in
Fig.5.5.

u(t-nk) e Estimated model H ]

: F(t)
¥ Yo [ D W
f ;| A :

€m(t) = Modeling error

Figure 5.5: The ARX model structure.

Even though one may expect that the number of estimated parameters can be reduced
by using ARX model, it is not appropriate for modeling the echo path because thengtynal
will also be modeled by the poles from the polynomi@). As a consequence, ARX model
will not be considered in this thesis project.

5.2.3 The Output Error model structure (OE)

If the disturbance is assumed to be white sequences in the sense that it is uncorrelated
with the input signal, it is therefore sufficient to use the OE model to represent this unknown
system. This is because one can parameterize the transfer function independently, and the
number of estimated parameters can be reduced when compared with FIR model. The OE
model is depicted in Fig.5.6

u(t-nk) Estimated madel H

€m(t) = Modeling error

Figure 5.6: The OE model structure.

This model can be realized from Eq.(3.1) wia€qg) = C(q) = D(q) = 1 which can be
expressed as

Yo (t) = F(t) +w(t) (5.4)
y (t)=@*ll(t—nk) + W)
° F(q)
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or, equally,

IZJ1°|<3/o(t-i<)=kzzlel(t- nk- |9+kZO fwe k (5.5)

Sincefy = 1, one obtains

[yo<t>—Mt>]=an:qut— nk- @—:2:1 il y(t k- wt N (5.6)

Since f(t) =y, (t) —w(t), the Eq.(5.6) can be rewritten as a regression of measured inputs
and estimated outputs,

£(t) = nzbbku(t— nk— K —i £ 1(t- K (5.7)

Therefore,¢(t) = [ u(t-nk-1) u(t-nk-2) ... u(t-nk-nb)f¢t -1) -f(t-2)... -f{t-nf)]" is a
regression vector and the parameter vector is definédbyb; b, ...y f1 12 ... qu]T.

Clearly, OE model can be an efficient model for modeling the echo path because it
can reduce the number of estimated parameters, and it does not model thevg&ignal
Nonetheless, one may undergo some difficulties in using OE model for few reasons as
follows. Firstly, one cannot absolutely guarantee the stability of the system function in OE
model. Secondly, the presence of old predicted output in Eq.(5.7) prevents the use of a simple
linear solution to find the parametdng andf,. As a result, we shall not consider the OE
model in this thesis project.
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6. Orthonormal Bases for System Identification

The traditional approaches, as discussed earlier, for modeling the system of interest
lead to the approximation of very high order in case of rapid sampling and/or dispersion in
time constant, which is closely related to the dominating pole of a true system. Such a high
model order cannot be acceptable in practice due to some difficulties in terms of performance
and hardware complexity. By exploiting a priori information about the dominating pole of the
system, more appropriate series expansions related to the use of orthonormal basis functions
are proposed4]. These orthonormal functions are constructed by orthonormalizing a given
set of exponential functions. They are orthogondl.ff,«), and form a complete set in
(0,00) and L1(0,). Laguerre and two-parameter Kautz (or, more popularly, just “Kautz”)
functions are all special cases of orthonormal bases. Laguerre function is suitable for the
system with dominant first-order dynamics, whereas Kautz function is appropriate for the
system with dominant second-order resonant dynamics. They have indicated that the model
order can be substantially reduced when the dominating pole is chosen suitably. In this
section, Laguerre and Kautz functions are presented. The Laguerre and Kautz models can be
easily implemented with FIR and ARX structures by just replacing a traditional delay
operator of these structures with Laguerre and Kautz functions. We shall also introduce the
use of the two-stage echo canceller which consists of two stages, i.e. the first stage is a
conventional FIR model and the second one is a Laguerre or Kautz model.

6.1 Motivation

Consider a stable LTI system which is given by
y(t) = G(zO) [ t- nk+ H z6) W) (6.1)

wherey(t), u(t),andnk are the output, input, and delay respectively. The mefgas assumed
to be a stationary process with zero mean and unit vari@{e#) andH(z,0) are the set of
transfer function parameterized by the parameter v8dir the input and the noise, where
is the unit step delay (‘m(t) = u(t-1)). GivenN samples of observed data, thye means the
time at the sampling instants= kT, for k = 1,2,...,N,and T is assumed to be equal to 1 for
simplicity.

By assuming thaH(z,6) is minimum phase to guarantee thz,0)" is stable, and
normalized {H(«,8) = 1), the optimal one-step ahead predictoy(tfis thus defined as

§(1,0)=[H(z.0) " G(z0)| U + nk+[1- H B)™] ¢X 6.2)

We shall assume thad(z,0) and G(z 6) have the same unstable poles. It then follows that

H(z2.6) 6(20) = 5 b,B(2) 6.3)
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-H(z,0)™" = kiakﬁ(z) (6.4)

where the basis functiof, (z) = z*, |z|= 1, known as the delay operator. For a stable LTI
system, it is required that

i|bk|<°° and i|ak|<°° (6.5)
k=1 k=1

Practically, since botby anday tend to zero ag - o, we may truncate these expansions at
k = n to adequately approximate the system with the finite number of estimated parameters.
Hence, Eq.(6.2) can be rewritten in a truncated series expansion as

9t6)=Y BB AUt h+S B, (X ¢X 66)

=1

By taking the parameter vectér=[a; a; ... & by by ... b1]T, the well-known ARX model
structure is derived. Settirgg = 0, for allk, leads to FIR model structure, or by takbyg= O,

for all k, AR model structure is realized. In theory, the usefulness of the estimate is limited by
how fast the sums in Eq.(6.3) and Eq.(6.4) converge, i.e., the rate of the error terms

S| and S a| 6.7)

k=n+1 k=n+1

tend to zero a® - «. The rate of convergence is basically determined by the location of the
poles ofG(z,f) and the zeros dfi(z,6). Poles and zeros close to unit circle imply a slow rate
of convergence.

If G(zf) andH(z,0) are obtained by sampling a continuous time system, using a
sampling intervall, the continuous time poles and zesare approximately mapped to the
discrete time poles and zeros a'{}for small T. Since most digital applications require a
high sampling rate, i.&. — 0, one could get a serious problem of estimating this system due
to a very slow rate of convergence because the discrete time poles and zeros approach one.
Additionally, because the variance of an estimated model is proportional to the number of
estimated parameters, it is advantageous to use as few parameters as possible but still
guarantee an useful model. These problems have motivated to use an alternative operator
which is less sensitive to the location of poles and zeros. This is a consequence of the fact that
the delay operator has too short memory (only one sampling step). By introducing the
operator with longer memory, the number of estimated parameters necessary to obtain an
accurate approximation can then be reduced. This operator can be chosen as

B.(2) =

-~ =z + & 7P HETPHES T (6.8)
k

where the poles are chosen according to a priori knowledge of the true system. It is
desirable to construct the orthonormal basis function based on this operator. The procedure of
a unifying construction of orthonormal bases can be sef@h and the result is given by
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- 2 Dk 1
B@D=g l? Eﬂ @ fork> 1 (6.9)

where a variety of poles atéf &, ..., &} are incorporated. These basis functions are
orthonormal with respect to the following inner prodisjt

(B.@6,2)= 5 A @@ =0, fori#] (6.10)

and have unit normalization
IB.2)| =1, forok (6.11)

Several advantag¢s] are attained from employing the orthonormal basis functions in
system identification problem. Firstly, they have transforms that are rational functions with a
very simple repetitive form. This allows their practical realization with concatenated blocks
as illustrated in Fig.6.1. Secondly, the solution of transfer function estimation problems leads
to the normal equation having a diagonal structure. However, it holds only if the input is
white sequences. Furthermore, if the normal equation has a Toeplitz structure, much is gained
in terms of numerical algorithm, sensitivity, etc. Finally, as seen in Eq.(6.9), the orthonormal
basis function consists of a first order low-pass term lkafichll-pass terms. Such all-pass
filters are favorable in terms of numerical sensitivity, and they are often recommended to use
in filter design.

FIR, Laguerre and Kautz functions are all special cases of orthonormal basis
functions. Manifestly from Eq.(6.9), FIR function is realized by choosging O for all k.
Laguerre function is obtained whép= &, wheref is real-valued andg|| < 1, for allk, while
Kautz function is generalized when the pole is chosen sucl§tha, whereg is complex-
valued and § | < 1, for allk.

u( -k w| 1= ZZ
z =

-l 1-lgf 1-lef 1-lg [
z-§ - z-& z-§,

i \/
> —> (D> R é ¥

Figure 6.1: Discrete-time Orthonormal networks of order
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6.2 System Representation

The problem of modeling an unknown system from a given set of observed input and
output is of importance in many fields of science. Suppose that the input-output relation of a
stable LTI system is given by
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y =G’ (Qut- M+ ¢}, G'(=), 4z (6.12)

wherey(t), u(t), andnk, are the output, input, and delay respectively. The time shifts are
represented by the delay operatbu(t) = u(t-1). The complex-valued functio®®(z), wherez

00 C, is the system transfer function. For stable systir:f§1|gf| <o, it implies thatG%(z) is

analytic in |z | > 1 and continuous inz|| = 1. The noise/(t) is assumed to be a stationary
process with zero mean and unit variance.

System identification deals with the problem of finding the estima@’(@) from the
experimental data ofy{t), u(t}, wheret = 1, 2, ..., N TheoreticallyG°(z) can be represented
by an infinite number of given basis functions. In practice, a truncated series expansion, say
then™ order, is used to estimaB3(z) with the result that there is a truncation error. This error
can be minimized by a proper choice of basis function. In addition, the identification problem
can be simplified to a linear regression estimation problem if the model structure is a priori
linear in the parameters, i.e., if the model can be expressed as

G(2) = z 0.8, (? (6.13)

where B, (2) is a set of given basis functions agcare the parameters to be estimated. The
least squares estimation method is then applied to find the optimal values of the model

parameters of lower order terms. Since the proper choice of basis furonwill give

rise to a considerable increase in the rate of convergence and a significant decrease in the
asymptotic variance of the estimated transfer function, this leads to accurate approximation
with less number of estimated parameters. Herein, we shall investigate only two special cases
of orthonormal basis functions, namely Laguerre and (two-parameter) Kautz functions.

6.3 Discrete Laguerre Function

The Laguerre function has been extensively studiefd]in This function can be
obtained by the Gram-Schmidt orthogonalization process of the following sequences

fi(t,§) =t“&, fort=0, 1, 2, 3, ..andk=1, 2, 3, ... (6.14)

where E | < 1 is called the (real-valued) Laguerre pole. Dehtté) thek™ discrete Laguerre
function, thus

o K-l +t- | g 21+t-k ;
L& =0-8)"5 0 Hﬂ_llﬁ(—l)f k=1 (6.15)

1=0

This set of function is orthonormal, i.e.
S L& ¢.8)=9, (6.16)
t=1

whereg; is the Kronecker delta function. The discrete Laguerre functionsztaaesform
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J1-&2 m- &g

L. (z,¢) = - HZ—EH , fork=>1 (6.17)

and form a complete orthonormal setLinnorm. Additionally, it can also be obtained from
Eq.(6.9) by settingy = (real-valued for all k. Owing to the completeness of the Laguerre
functions, any real sequences belonging;taorm can be put in the form

G(@=3 g L(z9). forfz|>1 (6.18)
where the Laguerre parameters can be obtained by
6, = (6(2, L (28) = f G@AL,(2*.6)% (6.19)
= (60, L (20) = 55 f GOLE &) -

andr is a circle of radius higher than 1 and lower tha§ 1/[The estimated output can then
be written as

(0 =Y g L (2O (6.20)

The realization of using discrete Laguerre functions has a structure sketched in Fig.6.2.

Even if the performance of Laguerre model is much more better than that of FIR, it
still has some drawbacks in case of scattered dominating poles and resonant poles. Therefore,
the Laguerre model is extended and generalized to Kautz model which can cope with several
different possible complex poles.

u(t) z
— y1-1¢]

z-¢

H
m
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Figure 6.2: Discrete-time Laguerre network of ondeNote that the first block
is a low-pass filter and all other blocks are all-pass filters.

6.4 Discrete Kautz Function

The problem in system identification using Kautz function has been studé&gl. in
Since the system in real applications is much more complicated than modeling it by using one
real-valued pole, it is necessary to use a complex-valued pole to characterize the resonant part
of the system. To incorporate a complex pole, it is essential to recast the formulation in Eq.
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(6.9), since as soon as one pole, §ays chosen as a complex pole, then the impulse
responses for thg(z) for k > j become complex, and this is physically unacceptable in a
system identification problem. To avoid this problem, one needs to include its complex-
conjugated pole automatically whenever one complex-valued pole is chosen in Kautz basis
function. The detail of deriving Kautz basis function can be sef8j.in

Given then™ model order, the truncated Kautz series expansion can be written as

n/2

cxa:g{%ﬂwmmz+gﬁu(ﬂ (6.21)

where the Kautz basis function is given by

Wo1(2) = Kl(<l) ﬁ/\i(z) (6.22)
W, (2 = KlEZ) |k_‘|_1/\i(z) (6.23)

VA-y)(z-ay)

Ja-yA(i-a?)

where K® = and K®? = , 6.24
“ zz—ak(yk+1)z+yk ‘ zz—ak(yk+1)z+yk ( )
2 —a (y +1)z+10
A@=gE oWzt sk (6.25)
0z° —a;(y, +Dz+y O
_ fk +E_k _ 2 .
a, _T andy, =|&|", for which |ax | < 1and | <1, (6.26)
1+(¢,

andéy is a complex-valued pole. In this thesis project, we shall consider only two-parameter
Kautz functions wheréy is chosen equal to (complex-valugd)for all k. On account of an
orthonormal property, the Kautz parameteys.{, b} can be determined by the projection

on the basis functions, i.gx-.1= [B(2),Wax-1(z2)andgox = [G(2),Wo(2z)L] The discrete Kautz
network can be simply represented in concatenated blocks as illustrated in Fig.6.3. For higher
order properties such as convergence of generalized covariance functions, error bound,
consistency, asymptotic variance, etc., one can refd.in

u(t)

;{@-—»mm.w
wzm(z,a,m
D,

Figure 6.3: Discrete Kautz Network of orderThe sectioD, are sketched separately in the right picture.
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6.5 Implementation of Orthonormal Basis function

It is simply to construct the orthonormal model with FIR and ARX structure. The idea
is just to replace the traditional delay operator with the corresponding orthonormal basis
function. The construction can be shown as follows.

6.5.1 Orthonormal model with FIR structure

FIR structure is a widely used model structure to represent the system because it is
easy to implement and inherently stable. The general form of FIR model is

y()=G(2* - nk+ (X (6.27)

where G(2) = Z:il b Z* and the noisg(t) is assumed to be white sequences. By replaging

(z) by G(z0) = ZZZ 9.8, (2, the Laguerre model is realized [(z) corresponds to Eq.

(6.17), and the Kautz model is derivegBifz) is equal to Eq.(6.22) - Eq.(6.23). The estimated
output can then be written as

90 =15 6Bt b (629

GivenN samples of the observed output and input data, Eq.(6.28) can be rewritten in matrix
form

DY 0 DB (3@ 1K . By(F O PO 00,0
Dy(z)D 9B, (9u2- nk B3 @k o (- %S, 09 £

O: 00 : : OooO: o0
SvE B@UN- 1R B3N K . By(PUN R Bl

Thereby, the regression vector is givendi§t) = [ Bu(z)u(t-nk)Ba(2)u(t-nk) ...Bu(Z)u(t-nk)]",

fort = 1, 2, ..., N and the parameter vector is representeddby [0 @2 ... G’ The
parameter vector can be solved by means of an off-line method in the least squares sense as
discussed earlier.

6.5.2 Orthonormal model with ARX structure

Although the ARX model is not considered in this thesis project, it is noteworthy to
point out that the realization of orthonormal model with ARX structure is similar to that with
FIR structure except having some terms contributed from the output signaa &etinb be
a number of output and input parameters to be estimated respectively, thereby the estimated
output is given by

9(t>=—§akﬁk(z)><b+n;m< 3t nk (6.29)
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which can be written in matrix form

YO0 O-BAYY . ~Bu@DUD  B(AUI- PR ... B,(} @ nkOm,
PR o@D - ~B@DND)  B(FU2- G ... B3 @ 0k F
O: 0o : : : : : 0:
BvE Ba@AN - B.@YN BAEN nk . B(raN KB,

DDQD
Oooooo

In this case, the regression vector is determinepl(y= [-B1(2)y(t) LBo(2)y(t) ... Bra(2)y(t) B
12)u(t-nk) Bo(2)u(t-nkK) ... LBuw(z)u(t-nk]™ and the parameter vector is defined@y: [a; a ..
Ana b1 by ... b-lb]T. The solution to find the parametess(i=1,2,...,ng9 andb; (=1,2,...nY is
therefore identical to that of orthonormal model with FIR structure.

6.6 Two-Stage Echo Canceller

The typical echo impulse response can be decomposed into 2 parts, namely the first
part which normally has a rapid time variation, and the second part known as the tail of the
impulse response which is slowly decaying towards zero. By exploiting the characteristics of
such an echo impulse response, an approach of using a two-stage echo canceller is introduced
[9]. Its purpose is to reduce the number of estimated parameters as well as the computational
complexity of an echo canceller algorithm, particularly in case of the echo response with a
long tail. This can be done by dividing the structure of an echo canceller into two stages. The
first stage is a conventional transversal FIR filter that spans for the first few parameters of the
echo impulse response, while the second stage approximates the remainder or tail of the
response by a linear combination of orthonormal functions. In other words, the tail may be
well approximated by combining a few parameters, whereas a conventional transversal FIR
filter representation will involve far more parameters. As a result, if the number of estimated
parameters in an orthonormal model is not large, a substantial reduction in the model order
and the computational complexity can be achieved.

Fig. 6.4 shows the two-stage echo canceller which is divided into two parts. The first
is a conventional transversal FIR filter witb tap parameterdy for k = 1,2,...,nbh which
approximate the firshb of the first part of the echo impulse response. The second is an
orthonormal model witma parametersgy for k = 1,2,...,na which are used to approximate
the tail portion of the echo response. Note that, the orthonormal model can be either Laguerre
model or Kautz model.

FIR model

Orthonormal
model
(naparameters)

Yortno (1)

Ve (1)

»(+H)—» I

Figure 6.4: The two-stage echo canceller

The estimated output is therefore given by
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=0 bz W+ ap (0t nk b (6.30)

yfir (t) yortho (t)

where B, (z) are the orthonormal basis functions, kor 1, 2, ..., nacorresponding to Eg.

(6.17) for Laguerre function and to Eq.(6.22)-Eq.(6.23) for Kautz function. The Eq.(6.30) can
also be expressed in matrix form,

09() 0 Ou@-nk)z: - u@-nkz™ B3 @- nk np - B.()z@ nk M b O
B D F-nhzt - u@-nkZ™  B(3 - nke np - Bu( )@ nk b, b, B
O : D_E : : : : : : 00: 0
F(NT W(N-nKZ* - uN-nZ™® B(FON-nk-nd - B.(3 4N nk 1] B

Consequently, the regression vector is givep(y= [ u(t-nk-1) ... u(t-nk-nb)B,(z)u(t-nk-nb)
... Bra(Z)u(t-nk-nb)] ", and the parameter vector@s= [b1...bnp 01 ... g1a]T which can also be
solved by the least squares method.
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7. Optimum Choice of Dominating Pole

Any stable LTI system can be modeled by an infinite series of orthonormal functions
which involve a free parameter, closely related to the dominating pole. Theoretically, when
infinitely many parameters are employed in the expansion, the choice of a dominating pole is
somewhat arbitrary. In practice, however, a truncated series expansion is used and results in
the truncation error. This error is basically a function of the model order and its dominating
pole. For a fixed model order, there exists an optimal dominating pole that minimizes the
truncation error. Hence, the choice of a dominating pole plays an important role in the quality
of an approximation of the system by Laguerre and Kautz models. The selection of a good
dominating pole is then a crucial problem. If this parameter is chosen appropriately, the
Laguerre and Kautz models can efficiently approximate a large class of linear system with
less number of estimated parameters when compared with FIR model. Three approaches are
presented here to determine the optimal dominating pole. Each approach has its own
advantage in the sense of complexity and performance. Finally, a remarkable suggestion on
model reduction by means of the orthonormal model is also given.

7.1 Based on a Given Set of Impulse Responses

This method was firstly introduced 23] which requires the knowledge of the
impulse responses of the system. It is used merely for Laguerre model where the dominating
pole is restricted to be real-valued. The key idea can be summarized as follows.

In theory, any stable LTI system (which usually contains at least one unit delay) can be
exactly represented by an infinite sum of discrete Laguerre function which is given by

G@=iauua (7.1)

wherelL(z€) is given in EQ.(6.17)gk is the Laguerre parameters to be estimated,éaisd
called the Laguerre pole wheré | < 1. The corresponding time domain sighlé) is the
inversez-transform ofL(z,€). Since each Laguerre function is realizable as the unit impulse
response of a stable LTI system, one can express such a unit impulse rdgppmseerms

of Laguerre sequences as

hm=imu@a (7.2)

Nevertheless, the truncated Laguerre series expansion is employed in practice to model a
system, and the least squares estimation method will be able to obtain the suitable values of
Laguerre parameters. Herein, we shall therefore introduce the optimal Laguerég wblieh
minimizes the followingperformance index
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J= kgt (7.3)

k=1

This performance index is selected because it linearly increases the weight of each additional
Laguerre parameter. To obtain a fast convergence rate in Eq.(7.3), the rate showing that the
coefficients of higher order Laguerre functions go towards zero, the minimum of performance

index must be achieved sincE:ﬂgf = Zio h?(t) is a constant for a given system.
Given the unit impulse responsgt), of a stable LTI system, we define

M, = 12 ithz(t) and M, :izit[Ah(t)]z (7.4)
" & Ih” &
where ||H|* = i h?(t) = i o (7.5)
it[Ah(t)]Z = i[Ah(t)][TAI’(t)], for Ah(t) = h(t+1) - h(1) (7.6)

Here, M;, My, and ||h || depend on a given system. Observe tilatand M, essentially
characterize the rate of decay and the smoothness of the impulse response of the system,
respectively. Therefore, we choose the Laguerre §sieh that the performance inde#g

o M+ (1-8 M, +E-¢2

Iy Inl* (7.7)

is minimized. Thus we set the derivative of Eq.(7.7) with respécetal to zero, to obtain
EE(M+I-D+&(M,-2M, +D+(M,-J)=0 (7.8)

For real-valued, it follows that
M,-2M,+1*»4M,+J-1 M,-J 20 (7.9)

The minimum performance index is

_1+/AM, M, - M - 2M,

J
min 2

(7.10)

and the corresponding optimal Laguerre pole is given by

B 2M, -1- M,
2M, —1+/4M,M, - M2 - 2M,

(7.11)

opt
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For any stable LTI system, it can be shown (a1, — M, - 2)|n|* = ZZO f{h(t) + h(t+ 3]’

which can not be negative, accordingh¥;M; - M,2 - 2Mp = 0 is always true. Therefore, the
optimum Laguerre pole given in Eq.(7.11) is definitely a real value. §@8&]Jifior proofs.

If there is a time delay in the continuous system, the sampled system will have more
than one unit delay. The values of bh andM, will then be affected by this delay. For the
system containing the delay( d > 1), we have to recast the solution in accordance with this
delay. Let us denotel; andM, by M;¥ andM,?, respectively, thus

M, =M® +(d-1) (7.12)
M, =M,® +2(d - )(1- D,) (7.13)

whereDj3 is independent of the deldyand is defined by:

ih(t)h(t+1)

D= (7.14)
hl®

When the delay igl, denoteD; = M;™ andD, = M, the optimal Laguerre pol& is also

derived from Eq.(7.11) where

M, =D, +(d-1) (7.15)
M, =D, +2(d - 1)(1- D,) (7.16)

Note thatD;, D, andD3 depend only on the delay-free system.

Clearly, the optimal Laguerre pole depends on characteristics of the system impulse
response, such as its rate of decay, its smoothness and the time delay. Note that, this method
does not consider about how large the model order should be in order to obtain an acceptable
approximation of the true system. This means that the optimal Laguerre pole deriving from
this method is just an approximation of the true dominating pole in asymptotic sense because
it is calculated from the whole set of given impulse responses. Then the optimal Laguerre
pole is primarily dependent of how good the given impulse response is. Furthermore, since
this optimum Laguerre pole will be used to evaluate the fit of error at every model order, one
can expect that the fit of error of Laguerre model with this pole may be worse than that of FIR
model at some model orders.

7.2 Based on Minimizing the Loss Function

Again, let the input-output relation of an estimated model of ardber represented by
. 8 O .
yO) = 9B (P = k=9 ()8 (7.17)
=1

wheref(z) corresponds to a set of chosen basis function, i.e. Laguerre or Kautz fug¢ion,
= [Bu(2)u(t-nk) Bx(Z)u(-nk) ...B(z)u(t-nk]" and® =[g: & ... g]". Consequently, the least
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squares solution @ is defined as the parametérthat by minimizing the loss function as
given in Eq.(4.6), i.e.

S (y(v-¢7(16) (7.18)

1
v(0) = —
6) N 2,

Now let us introduce the following notation:

d; (&) :%Z:\;y(t)ﬁj uWt-nk) forl<j<n (7.19)
Vo (&) = (d,(8),dy (&),......0, (&) (7.20)
ROEEDWRIOTAC (7.21)

Given a stable LTI system, the loss function will be a function of the model order and its
dominating pole. For a fixed model order, there exists an optimal dominating pole that
minimizes the loss function. The optimal dominating pole is therefore chosen as the one that
minimizes the EQ.(7.18), which is simply equivalenf2p

o =G S Y )77 F0(O) 7,0 (7.22)
or, equally,
£ = argmaly (O7F, (9 77,(9)] (7.23)

The solution in Eqg.(7.23) can be either a real value or a complex value. Accordingly, this
method will be applied to find the optimal dominating pole for both Laguerre and Kautz
models. The resulting optimal dominating pole from this method is more effective than the
first method given in section 7.1 because it is derived by minimizing the Eqg.(7.18) at each
model order.

Nevertheless, the drawback of this method is that we need to use the search method to
find the optimal dominating pole at each model order. It is done by varying the vaiue of
within unit circle in order to retain the stability of a model, and choosing the pole that yields
the maximum value in Eq.(7.23). Since the matrix size of each element in Eq.(7.23) will be
proportional to the number of estimated parameters in orthonormal model, if one is required
to find the optimal dominating pole at very high order, it will take long time for solving Eqg.
(7.23). Therefore, such wasted time can be viewed as the computational complexity, i.e. the
larger the matrix size, the longer the wasted time, and then the higher the computational
complexity. Evidently, this method requires much higher computational complexity than the
first method. As a result, to avoid the computational complexity of calculating the optimal
dominating pole at very high order, one need to subdivide the whole interval of the pole into
smaller subintervals of more manageable size.
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7.3 Based on the Derivative of the Squared Error Equation

For a fixed model order, the squared error (SE) equation given in Eq.(4.4) will be a
function of a dominating pole. Herein, we shall derive an optimal dominating pole for both
Laguerre model and Kautz model by setting the derivative of their SE equation with respect
to the dominating pole equal to zero. In general, the methods for deriving the optimal
dominating pole for Laguerre and Kautz functions are in essence identical. More details about
the optimality condition of Laguerre model can be readlll), [16], [18], [21] and[22],
while that of Kautz model can be seerjih

7.3.1 Optimality condition of discrete Laguerre model

Since the impulse response of any stable LTI system can be represented by a sum of
exponential terms (time polynomials), el (t) = z;Agﬁ‘ where A>0 and 0<¢i<1 are
real numbers, it seems reasonable to use basis functions of the same type to model this
impulse response. The main problem of an approximation is a suitable choice of the exponent
of the exponential, which is referred to as a dominating pole, because the squared error (SE)

surface of an approximation is a function of this parameter.
Suppose the input-output relation of the true system is given by

y(t) = 2h°(rr) (t- 1 (7.24)

wherey(t) andu(t) are output and input sequences, b9 is the true unit sample response.
Consider the case where the unit sample respdii3es represented by a set of orthonormal
sequencesdg(t)} such that

()= Y A (7.25)
where
g = ) P’(99.(9 (7.26)

is the K" coefficient of the series expansion. Herein, we shall consider only the case of
Laguerre model where the sequence@gt)} are replaced by the Laguerre sequendgs )}
as given in Eq.(6.15).

However, the truncated Laguerre series expansion, sa/ reler Laguerre model, is
used in practice with a result that there is a truncation error. An approximation of the true unit
sample respond®(t) can then be expressed as

)= g1t =h (Y (7.27)

If this approximation turns into an equality, the functit) is said to be within the model
set. Due to the orthonormal property, the squared error (SE) can be defined as the squared
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value of a discrepancy between the true impulse respgdieand the estimated impulse
responsé(t) which can be written as

£(t,&) = i[ho(t)— h(t)]" (7.28)

Since the Laguerre sequencégt{€)} are orthonormal, it is straightforward to show that Eq.
(7.28) is equivalent to

(&)= 3 [ - g o (7.29)

For a given stable LTI system, the SE will be a function of the model order and its dominating
pole. Hence, for a fixed model order, there exists the optimal Laguerre pole that mirdmizes

(t,&) or maximizeszizlgk2 , I.e. the optimal Laguerre pole is defined as
é=arg n;n{s t ,Ej (7.30)

or, equally,

£=argmax) i (7.31)

In order that Eq.(7.31) attains the maximum, we set the derivative of it with resgesqual
to zero, to obtain

d(Z:ﬂ g'f) . dg,

Based on the orthonormal property, it is easily to show| it

Ty,

The optimal Laguerre pol& that minimizes the squared error in Eq.(7.30) satisfies the
following equation,

OnGn+1 =0 (7.34)
which has the roots

0,=0 and/or g1=0 (7.35)
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Remarks:

» The problem of finding a minimum @ft,¢) with respect t¢, reduces to finding the zeros
of either of the parametegs or gn+1 as a function of (real-valued) and then checking
that the value of),g.+1 changes sign from positive to negative or vice versaiiasreases.
If the sign of the produd.gn+1 changes at roots of Eq.(7.34), the stationary point is either
a maximum or a minimum. Hence, the optimal valuean be obtained by determining

z:zlgf at all possible values gfand choosing the one that makEilgf largest.

» According to Eq.(7.35), it tells us that we are looking for the value,oWhich
corresponds to a zero gf.1, otherwise the model order can be reducen, tice. g,=0,
without any change in model accuracy.

7.3.2 Optimality condition of discrete Kautz model

An approximation of the true unit sample respoh¥® by a truncated Kautz series
expansion is given by
n/2

h(t) = kz:l{gzk—lwzk—l(D + 0, (Y} = ho( X (7.36)

where the Kautz sequencgs.i(t) and g»(t) are inverse-transform of¥,, 1(z) and ¥y.1(2),
given in EQ.(6.23) and Eq.(6.24) respectively. The squared error given in Eq.(7.28) can be
simplified as

00 2 n/2
et.5) =Y [ O] - Y { .+ &} (7.37)
t=1 k=1
The optimal Kautz pole is then defined as
é=arg n;nr[e t ,Ei (7.38)
or, equivalently,
/2 0
§=arg rr;a@{gsk_l s (7.39)
=1

wherearg minandarg maxare over the complex parameter a + 3, where [ | < 1. In

order that Eq.(7.39) attains the maximum, we set the derivative of it with respect to the real
part,a, and to the imaginary paf, of £ equal to zero by using complex gradient operator,
such that

0<(t,€) . [De(t,$) D=

P T F (7.40)
de(t,6) _  [Pe(t,§)0_
5[3 = WE_ 0 (7.41)

whered and [ denote real and imaginary part, respectively. Eventually, the optimal solution
satisfying the EQq.(7.40) - (7.41) is given [dy
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gn-]_ = gn = O (7.42)
and/or
On+1 = On+2 =0 (7.43)

Similarly, given then™ order Kautz model, the problem reduces to finding the zeros of
the product of consecutive Kautz parameters eitheigf) or (Gn+10n+2). Having found a set
of all possible Kautz pole§, the optimal Kautz pole can then be obtained by determining

Zﬁi{gik_ﬁggk} at all possible values o€, and choosing the value that makes

n/2 2 5 .
zk:l{ Ook-1 + 92k} maximum.

7.4 Suggestion on Model Reduction

So far, we have dealt with the problem of finding an optimal dominating pole for each
model order which leads to the minimum fit of error, regardless of how large the model order
is. Herein, we shall “just” give a remarkable suggestion on how to further reduce the order of
the proposed models given in section 6, but still retain an acceptable fit of error and hold
sufficient energy of the system.

Most applications are required to have the estimated model with the lowest possible
order according to some error criterion. This can be considered in terms of the energy of the
system in such a way that the model containing the maximum energy with less number of
estimated parameters will be mostly chosen, irrespective of how large the fit of error is.
Clearly, this is a compromise between the model order and the fit of error that one should
take into consideration for each specific purpose. The energy is usually contained in the
impulse response of the system. hé) be the system impulse response. The energy can then
be calculated in the time-domain, in the frequency domain using Parseval theorem, or from
the expansion coefficients in orthonormal function given in Eq.(7.26), i.e.

E- z oI =Y[a (7.44)

where ¢)” denotes the conjugate operation. Two schemes for model reduction, namely the
threshold technique and the ordering of the poles, are presented here and their applications
will be demonstrated in section 8.

7.4.1 Threshold technique

This scheme was proposed by P. Bodin [19]. The concept can be summarized as
follows. The system which is represented by the sum of orthonormal bases will have nice
interpretation properties. For example, the energy of the system is always preserved in the
coefficient magnitudes of the basis functions, and the coefficient estimates remain the same
although some basis functions are discarded. Since the signal is usually contaminated with
unknown disturbances or noise of some kind, the basis function should be chosen as “far
away” as possible from the disturbances to be able to recover the signal correctly. Given the
suitable order of an orthonormal model which yields a minimum fit of error, one can take a
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close look at each coefficient magnitude. The coefficient magnitudes that are small compared
to the noise in each basis function can be set to zero or, in other Woesholded For
instance, if the noise is assumed to be white in the sense that it is equally distributed over all
possible basis functions, small coefficients can be considered to mostly consist of noise.
Therefore, it is a good idea to choose a basis that collects the information in a few large
coefficients and many small ones rather than the other way around. For a deep detail, one can
see in [19].

By applying the threshold technique over an estimated model, one obtains the suitable
model that has less number of estimated parameters but still holds adequate energy.

7.4.2 The ordering of the poles

Since the systems in reality normally have many poles and zeros, it is then a good idea
to incorporate a variety of poles in orthonormal model. Albertus [2] had proposed the solution
of model reduction by considerintge ordering of the poleaccording to a criterion of the
system energy in such a way that the last sections contribute least or the first sections
contribute most to the overall energy of the system impulse response in quadratic sense.
However, he required a given set of possible poles which was estimated from the Prony’s
method [17] in order not to optimize over the poles within unit circle. See in [2] for more
details. To simplify our discussion here, we shall not require such a given set of possible
poles. Instead, each dominating pole will be chosen within unit circle based on the concept of
the ordering of the poles. This is of course a drawback of our modified method when
searching the dominating pole at each model order, especially at very high model order.

The steps of choosing each dominating pole are as follows:

1. Choose the first order section with a real-valued pole if
a. The absolute value of the weight associated with this pole is largest.

b. The squared absolute value of this weight is larger than the sum of squared absolute
values of the weights of two additional first order sections for complex-conjugated
pole pair.

2. Select two additional first order sections either with a complex-conjugated pole pair or
with two real-valued poles if there is no real pole satisfying the previous condition. This
selection is as before based on a maximum additional energy.

3. Go to the step 1 again to find the next dominating pole until the increment of an
additional energy is less than an acceptable level; for instance, an additional energy is
lower than 0.1 percent of the preceding energy.

Note that, in this thesis project, we shall not concern on how to employ these two schemes in
the real acoustic echo data to reduce the number of estimated parameters, because we are
focusing on the model leading to the minimum fit of error, based on the cross validation
approach.
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8. Simulated Examples

In this section, three examples are given to demonstrate the performance of using the
Laguerre and Kautz models, compared to FIR model. They are all implemented with the FIR
structure. We have also introduced and examined the performance of using the two-stage
echo canceller in the third example. Furthermore, we have illustrated the use of the concept of
model reduction as given in section 7.4, where the threshold technique is applied in the first
two examples and the ordering of the poles is described only in the third example.

Example 1: Given a continuous time system being sampled with a rapid time sampling, we
shall investigate the performance of using Laguerre model, compared to FIR model.
Let the continuous time transfer functiorsidomain be given by

3
G(9 = ot 1 (8.1)

and be sampled with T = 0.1. The corresponding discrete time transfer functidonmain
then has a pole located at 0.904814&"), a statistic gain of 3 and the delay of 1. The system
is excited by white sequences as the input.
Firstly, let us estimate the impulse response of this system using a FIR model of the
order 100 as shown in Fig.8.1.

The estim ated im pulse response

0.1 |+ -

0.05 H -

0 20 40 60 80 100 120
Tim e [in sam ple]

Figure 8.1: The estimated impulse response using a FIR model of the order 100.

By using the proposed method given in section 7.1, Eq.(7.11), to calculate the Laguerre pole
&, one obtain it equal to 0.9048. Undoubtedly, the resulting Laguerre pole is exactly equal to
the true discrete time pole because the system is the first order and has no disturbance.

Having found an optimal (Laguerre) pole, we shall compare the performance of using
the Laguerre model with FIR model. Th& order Laguerre model with an optimal pole is
then compared with thé" order FIR model. The bode plots of the true system, FIR model
and Laguerre model are illustrated in Fig.8.2.
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Figure 8.2: Bode plots (Magnitude and Phase) of transfer function approximations,
where True system (X-mark), FIR (Circle) and Laguerre (Solid).

Obviously, only thel® order Laguerre model with an optimal pole is quite close to the true
transfer function if compared to t6& order FIR model.

Next, to evaluate the fit of error, let us defil2 model as the Laguerre model
where the optimal Laguerre pole is calculated from Eq.(7.11) and is used to compute the fit of
error at every model order. We shall compare the performance between M12 and FIR models
by using the cross validation approach. This is done by splitting the data into 2 different sets
which have 4000 samples each. The first one, ZE, is used to estimate the model parameters
and the other one, ZV, is used to calculate the fit of error based on the resulting model
parameters. The fit of error and the DB improvement of M12 model with a pole of 0.9048 are
compared with those of FIR model as illustrated in Fig.8.3, wheiZ¥E

FIR(X-mark) and M12(Circle)
1 DB Improvement of M12 model with respect to a FIR model
48
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Figure 8.3: Left: Fits of error between FIR model (X-mark) and M12 model with a pole of 0.9048 (Circle).
Right: The DB improvement of M12 model with respect to a FIR model at each model order.

Secondly, let us now demonstrate the other methods given in section 7.2 to find the
optimal pole. The fits of error of FIR, M12 and Laguerre models are computed wk&V ZE
and ZE=ZV, as given in appendices Al and A2 respectively. The plots of DB improvement of
the proposed models (M12 and Laguerre) with respect to a FIR model are depicted in Fig.8.4,
whereDB = -20*log10(Fit of error of the proposed model / Fit of error of a FIR model).
Several conclusions can be drawn from these results. Firstly, the optimal pole obtained from
the first method given in Eq.(7.11) is sufficient to use for modeling a stable LTI system,
particularly when it is the first order system. Secondly, the second proposed method given in
section 7.2 in which the optimal pole is computed from EQ.(7.23) leads to a better
performance. This can be shown when the set of data ZV=ZE is used to calculate the fit of
error as depicted in the Fig.8.4 (Right) because it gives an optimal pole at each model order.
Accordingly, the second method given in section 7.2 is much more efficient to find the
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optimal pole than the first method given in section 7.1 as a consequence of the fact that the
optimal pole is dependent of the model order. Finally, as illustrated in the Fig.8.4 (Left), one
gains less DB improvement when the model order gets higher. This is because the correct
choice of an optimal pole is not crucial since the transfer function can be arbitrary well
approximated by an orthonormal model for any choice of §4IEE | < 1) by just increasing

the model order substantially large enough [6]. However, since the variance of an estimated
model is proportional to the number of estimated parameters, we shall therefore interest of
using as few parameters as possible but still give the reasonable approximation.

—&— Laguerre —&— Laguerre

1 2 3 4 5 6 7 8 9 0 20 30 40 1 2 3 4 5 6 7 8 9 10 20 30 40

Model order Model order

Figure 8.4: The DB improvement of the proposed models with respect to a FIR model at each model order,
where the Leffigure is forZEz£ZV andthe Rightfigure is forZE=ZV.

Thirdly, we shall investigate the concept of model reduction based on the threshold
technique as given in section 7.4.1. Obviously, it is sometimes “preferable” to have the model
with as few estimated parameters as possible but still preserve the energy of the system
sufficiently, regardless of how large the fit of error is. Since the energy can be considered as
the magnitude of the estimated coefficients, let us plot the coefficient magnitude<26f the
order Laguerre model with a pole of 0.9763 (a Laguerre pole @ttherder given in an
appendix Al) and with a pole of 0.9048 (a true pole), as shown in Fig.8.5.

Coefficients of the 20th Laguerre model with pole=0.9763 Coefficients of the 20th Laguerre model with pole=0.9048
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Figure 8.5: The coefficient magnitudes of the Laguerre model with pole 0.9763(Left) and 0.9048 (Right).

Based on the threshold technique, it is apparent that one may need abagf teler
Laguerre model with a pole of 0.9763, whereas it is quite enough to use odff tiheer
Laguerre model with a pole of 0.9048. This is because the coefficient magnitudes that are
very small can be negligible according to the concept of model reduction.

Eventually, let us now increase the number of estimation/validation data from 4000
samples to 8000 samples and then evaluate the fits of error of FIR, M12 and Laguerre models,
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when ZE£ZV. The fits of error are given in an appendix A3 and the plot of the corresponding
DB improvement up to the order of 40 for the data length of 8000 and 4000 samples is
depicted in Fig.8.6. Clearly, one obtains a better DB improvement when the data length
increases. This is a basic property of using the least squares method to estimate the model
parameters, i.e. the larger the data length used, the better the performance that we shall get
from an approximation. Furthermore, the optimal pole at each model order given in an
appendix A3 is slightly different from that given in an appendix Al because the optimal
dominating pole calculating from Eq.(7.23) is also dependent of the data length.
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Figure 8.6: The DB improvement of the proposed models with respect to a FIR model at each model order,
whenZ£/ with the data length of 8000 (Solid) and 4000 (Dashdot).

Example 2: Given the second order resonant system, we shall investigate the performance of
using Kautz model, compared to FIR, M12 and Laguerre models.
Consider the discrete time transfer functioz-shomain

Z—l

1-16z7'+Q8%°

G(2 = (8.2)

which has the system poles located a+0.8i within the unit circle. The system is excited by
white sequences as the input.

The estimated impulse response of this system using a FIR model of the order 200 is
given in Fig.8.7. By using the Eq.(7.11), one obtains the optimal Laguerre pole equal to
0.5562.

The estim ated im pulse response
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Figure 8.7: The estimated impulse response using a FIR model of the order 200.
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The bode plots of the true system, 18 order FIR model, and 12 order Laguerre model

with a pole of 0.5562 are shown in Fig.8.8. Similarly, by using the cross validation approach
(ZE£ZV), the fit of error and the DB improvement of M12 model with a pole of 0.5562 is
compared to those of a FIR model as depicted in Fig.8.9.

True system (X'mark), FIR(Circle). LAGUERRE (Solid) True system (X-mark), FIR(Circle), LAGUERRE (Solid)
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Figure 8.8: Bode plots (Magnitude and Phase) of transfer function approximations,
where True system (X-mark), FIR (Circle) and Laguerre (Solid).

DB Improvement of M12 with respect to a FIR model
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Model order Model order

Figure 8.9: Left: Fits of error between FIR model (X-mark) and M12 model with a pole of 0.5562 (Circle).
Right: The DB improvement of M12 model with respect to a FIR model at each model order.

Even though the M12 model gives a better performance than FIR model, one can still obtain
higher improvement if the optimal pole is chosen as a complex value according to the true
dynamics. In this case, t1#8? order Kautz model with a pole of 0.8+0.5i is instead used. The
bode plots of the true system, th@" order FIR model and th2" order Kautz model are
shown in Fig.8.10. It is evident that only tA¥ order Kautz model with a pole of 0.8+0.5i is
guite close to the true system. Fig.8.11 demonstrates the plots of the fit of error and the DB
improvement between a Kautz model with a fixed pole of 0.8+0.5i for every model order and
a FIR model, when ZEZV.

True system (X-mark), FIR(Circle), KAUTZ(S olid)

True system (X-mark), FIR(Circle), KAUTZ(S olid) 50
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Figure 8.10 : Bode plots (Magnitude and Phase) of transfer function approximations,
where True system (X-mark), FIR (Circle) and Kautz (Solid).
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DB Improvement of Kautz model with respect to a FIR model
FIR(X-mark) and KAUTZ(Circle) 26
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Figure 8.11: Left: Fits of error between FIR model (X-mark) and Kautz model (Circle).
Right: The DB improvement of Kautz model with respect to a FIR model at each model order.

Let us now evaluate the fits of error of FIR, M12, Laguerre and Kautz models as given in an
appendix A4. Hence, the plot of the corresponding DB improvement of the proposed models
with respect to a FIR model up to the order of 40 is plotted in Fig.8.12, whetVZE

30

20

M12 A
DB —&—Laguerre
—¥—Kautz

0
2 4 6 8 10 20 30 40
Model order

Figure 8.12: The DB improvement of the proposed models with respect to a FIR model at each model order.

Evidently, Kautz model give a better performance than M12 and Laguerre models, which are
all better than FIR model. In general, since any stable LTI system in reality is likely to be a
resonant system, Kautz model is preferable to model such a system because it requires less
number of estimated parameters.

Next, we shall demonstrate the effect of existing zero over the optimal dominating
pole. Let the system in EQq.(8.2) have the zeros located #0.8i7 The zeros will basically
cause the optimal pole location slightly changed to other positions. Therefore, the estimated
impulse response using a FIR model of the order 200 is again calculated, and it is used to
compute the optimal Laguerre pole from Eq.(7.11) which is equivalent to 0.4697. The fits of
error for FIR, M12, Laguerre and Kautz models according to this system are given in an
appendix A5. The plot of the corresponding DB improvement of the proposed models with
respect to a FIR model is sketched in Fig.8.13, whetZXE Clearly, the proposed model is
still better than a FIR model. This is because the proposed methods to find the optimal
dominating pole as given in section 7 still give satisfied results.
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Figure 8.13: The DB improvement of the proposed models with respect to a FIR model at each model order.

Finally, we shall again examine the concept of model reduction based on the threshold
technique as discussed in section 7.4.1. Let us consider the plot of coefficient magnitudes of
the 40" order Laguerre model with an optimal pole of 0.52 (given in an appendix A4), and
the 40" order Kautz model with an optimal pole of 0.67+0.42i (given in an appendix A4) and
with a pole of 0.8+0.5i (a true pole), as depicted in Fig.8.14.
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Figure 8.14: The coefficient magnitude of the Laguerre model with a pole of 0.52(Left), the Kautz model
with a pole of 0.67+0.42i (Middle), and the Kautz model with a pole of 0.8+0.5i (Right).

Since the coefficient of Laguerre model at the order of 40 still contains some amount of the
system energy, it would then be difficult to use this Laguerre model of the order less than 40.
On the contrary, it seems that the whole system energy is kept in the coefficients up to the
order of 20 and 2 for Kautz model with a pole of 0.67+0.42i and 0.8+0.5i, respectively. As a
consequence, based on the threshold technique, or®{’tbeder Kautz model with a pole of
0.8+0.5i is quite enough to model this system because the coefficient magnitudes at higher
orders are very small which can be neglected.

Example 3: We shall examine the performance of using the two-stage echo canceller,
compared to FIR, Laguerre and Kautz models.
Consider the discrete time transfer functioz-siomain given by

z'(1+05271)(1- 0621)*(+ 122+ 04z%)?
(1-16"+ Q8% ?)*(H 14"+ 074%)( 1 02') (4 .09Y)°?

G(2) = (8.3)
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which has several poles and zeros within the unit circle. The system is excited by white
sequences as the input. The estimated impulse response of this system using a FIR model of

the order 200 is shown in Fig.8.15. By using the Eq.(7.11), one obtains the Laguerre pole
equal to 0.0972.

The estim ated im pulse response
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Figure 8.15: The estimated impulse response using a FIR model of the order 200.

As mentioned earlier, since the first part of this impulse response has a rapid time
variation, while the remainder or the tail of this impulse response is slowly decaying towards
zero, the model complexity can then be reduced if the tail can be modeled with less humber
of estimated parameters. The two-stage echo canceller is therefore introduced for the purpose
of reducing the number of estimated parameters and the computational complexity. To
evaluate the performance of using the two-stage echo canceller, the first stage, a FIR model
with NB parameters, is then fixed at NB=30 and NB=50. The second stage is a Laguerre or
Kautz filter with NA parameters. The fits of error of FIR, M12, Laguerre and Kautz models
are given in an appendix A6, while the fit of error of a two-stage echo canceller is illustrated
in an appendix A7. The plot of the corresponding DB improvement of the proposed models
with respect to a FIR model is shown in Fig.8.16, whenZAE

Model order

Figure 8.16: The DB improvement of the proposed models with respect to a FIR model at each model order

As shown in Fig.8.16, the performance of using the two-stage echo canceller has shown
satisfied results and it has gained in terms of reducing the computational complexity, when
compared with Laguerre and Kautz models. This is because the computational complexity
can be viewed as the matrix size of orthonormal model used for calculating the optimal pole
in Eq.(7.23). In addition, the two-stage echo canceller with Kautz filter as the second stage
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yields a better performance than that with Laguerre filter. Consequently, the two-stage echo
canceller is attractive method to model the impulse response of the system having a rapid
time variation at the beginning part of the impulse response and a slow decay towards zero at
the remainders.

Eventually, it is noteworthy to be pointed out here that, since the system given in Eq.
(8.3) has several poles and zeros, it is then a good idea to incorporate a variety of poles in an
orthonormal model. Let us now consider the concept of model reduction based on the
ordering of the poles as given in section 7.4.2. By using this scheme, one obtains the useful
orthonormal model with only th#1™ order with 3 complex-conjugated pole pair and 5 real-
valued poles as given in table 8.1. Apparently, the fit of error at ieorder orthonormal
model 0.0135 is close to that of the0" order Kautz model0(0140, given in an appendix
A6. When looking at the plot of coefficient magnitude of orthonormal model given in
Fig.8.17 (Left), we shall clearly realize that only &' order orthonormal model is possibly
sufficient to use because the coefficient magnitudes at higher orders are very small which can
be negligible.

In addition, it is also interesting to use the concept of model reduction on a two-stage
echo canceller. Since the first part of the impulse response, say at the order of 4, in Fig.8.15
has rapid time variation, we shall use the FIR model of NB=4 to represent this part and the
orthonormal model of the order that is resulted from the use of model reduction based on the
ordering of the poles. Table 8.2 shows the fit of error up to the order of 12. Obviously, at the
11" order, the fit of error in table 8.2.0134 is close to that in table 8.D.0135, but it
gains in terms of less computational complexity. The plot of coefficient magnitude is also
shown in Fig.8.17 (Right).

Table 8.1 Fits of error when ZEZV with data length of 8000.

Model FIR

order Fit Pole DB
2 0.4431 0.2670 -0.70+0.50i 4.40
4 0.3664 0.1331 0.80+0.50i 8.79
6 0.3438 0.0355 0.80+0.50i 19.72
7 0.2856 0.0263 0.15 20.72
8 0.2696 0.0184 0.15 23.32
9 0.2692 0.0161 0.85 24.46
10 0.2663 0.0145 0.85 25.28
11 0.2311 0.0135 0.15 24.67

Remark:

* FIR column contains the fit of error of FIR model at each model order.
* Model Reduction column isthe orthonormal model where a variety of poles
are incorporated in the model. For example 48tdhger, it means that the

ordering of pole§48.70+0.50i, 0.80+0.50i ] and then use them to compute the fit
of error.

Table 8.9 Fits of error when ZEZV with data length of 8000Qsing
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a two-stage echo canceller with NB=4.

Model FIR
order Fit Pole DB
1-4
6 0.3438 0.2589 -0.70+0.50i 2.46
8 0.2696 0.1043 0.80+0.50i 8.25
10 0.2663 0.0177 0.80+0.50i 23.55
11 0.2311 0.0134 0.9 24.73
12 0.2311 0.0126 0.9 25.27

Coefficients of the 11th order MODEL REDUCTION Coefficients of the 12th order MODEL REDUCTION
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Figure 8.17: The coefficient magnitude of a orthonormal model (Left) and a two-stage echo canceller (Right)

Consequently, we can conclude the results from these three examples as follows.
Firstly, Laguerre and Kautz models yield a better performance than FIR model for a given
stable LTI system. Laguerre model is appropriate for the system with dominant first order
dynamics, whereas Kautz model is suitable for the system with dominant second order
resonant dynamics. Secondly, a proper choice of the optimal dominating pole will improve
the performance of the proposed model. The methods to find the optimal pole given in section
7 have shown satisfied results. Thirdly, the performance of a two-stage echo canceller is
comparable to that of Laguerre and Kautz models but it gains in terms of reducing the
computational complexity. Finally, the concept of model reduction has illustrated that the
model order of the proposed models can be further reduce but still hold sufficient energy of
the system at the expense of a higher fit of error. Evidently, this is a compromise between the
model order and the fit of error that one should take into account for each specific purpose.

8. Simulated Examples 58



9. Experimental Result on Real Acoustic Echo Data

In this section, the process of generating and collecting the real acoustic echo data is
given. The performance of the proposed models given in section 6 is compared with that of a
FIR model.

9.1 Process of generating and collecting the data

Since the real acoustic echo data employed in this thesis project has been collected
from the system that is made as near stationary as possible in order to be able to use the off-
line method to estimate the values of the model parameters, it is noteworthy to explain the
process of generating and collecting the real acoustic echo data. Such a process can be
represented in Fig.9.1. The microphone is located approximately 80 cm from the loudspeaker
of high quality. The environment in which the recording is made is a hard acoustical room.
The dimension of the room is approximately 3 m by 6 m and the height is 3 m.

An office room
loudspeaker

White noise
Amplifier

u(t)

\ 4

RECODER
for
Input and Output

) Ty(t)
Acoustic echo
< o

microphone
Figure 9.1: The process of generating an collecting the acoustic echo data

The signal (white noise) of 10 ms is fed to the amplifier before being collected at the recorder
as the input signaly(t), and transmitted to the loudspeaker. The signal is propagated in the
room and then reflected back to the microphone as acoustic echo which is collected by the
same recorder as the output siggél. All signals collected at the recorder are sampled at 12
kHz. Nothing is moved in this room.

9.2 Assumption

To model the room impulse response based on a given set of observed inputisignal,

(t) and output signal(t), we shall firstly assume that the system (acoustic echo path) is linear
and stationary for a short time interval. Although there might be some non-linearity
characteristics presented in the system, the assumption of linearity still gives satisfied results
depending on an amount of non-linearity of the system. It is difficult to gain a deep insight
about the echo generating system for each specific purpose. As a result, it is suitable to model
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the system by using a linear black box model structure which is primarily based only on a
given set of experimental data. The task is then to estimate the impulse response of the system
(acoustic echo path), since if the system is linear, its impulse response will completely
represent it.

9.3 Experimental result

Let us estimate the impulse response of the acoustic echo path from the input-output
data as explained in section 9.1. The estimated room impulse response using a FIR model of
the order 3500 is shown in Fig.9.2. Clearly, the estimated impulse response is quite time
variation. Therefore, one might expect the difficulty to model this impulse response using a
FIR model because its model order is probably in the order of a few thousands.

The estim ated im pulse response of an office room

M agnitude
o

0 500 1000 1500 2000 2500 3000 3500
Tim e [in sam ple]

Figure 9.2: The estimated room impulse response using a FIR model of the order 3500.

Now we shall compare the performance of the proposed models as given in section 6
with that of a FIR model. The criterion used to evaluate the performance of each model is the
cross validation approach where Z&/. Each set of estimation/validation data of 8000
samples normalized by 15991 are employed in this thesis project. Several aspects are worth to
address here, such as how the segmented data used for estimation and validation affect the
resulting optimal dominating pole, and how large the data size used in an approximation
influences the fit of error and the optimal dominating pole.

Firstly we shall investigate how the segmented data used for estimation and validation
affect the resulting optimal dominating pole. Three different segments of data are randomly
chosen. We shall use the segment of estimation data at ZE=10000:17999 and validation data
at ZvV=20000:27999 as the reference set. The optimal dominating pole and the corresponding
fit of error from this data set are given in an appendix B1. The plot of the DB improvement of
the proposed models with respect to a FIR model is depicted in Fig.9.3. In addition, the
resulting optimal dominating pole given in an appendix Bl is used to calculate the fits of
error for the other two sets of segmented data which are given in an appendix B2 and the
plots of their DB improvement are sketched in Fig.9.4. As shown in Figs.9.3-9.4, the
performance of Laguerre and Kautz models is generally better than that of a FIR model.
Furthermore, one can adequately use the optimal dominating pole calculated from one
segmented data to evaluate the fit of error for the other segmented data.
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Figure 9.3: The DB improvement of the proposed models with respect to a FIR model
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Figure 9.4: The DB improvement for the other sets of segmented datasingthe same
dominating pole as given in an appendix B1 to evaluate the DB improvement wheni\ZE

Now let us recalculate the optimal dominating pole for each segmented data which is the
same as given in an appendix B2. The resulting dominating pole and the corresponding fit of
error are therefore illustrated in an appendix B3 and the plots of their DB improvement are
shown in Fig.9.5.

Figure 9.5: The DB improvement ftre two sets of segmented datas given in an appendix B2
usingthe new dominating polerecalculated from Eq.(7.23) to evaluate the DB improvement whe# ¥ E

Evidently, the resulting dominating poles given in an appendix B3 are slightly different from
those given in an appendix B1. This is because the optimal dominating pole calculated from
Eq.(7.23) depends on the set of segmented data used in estimating the model parameters.
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Next we shall examine how large the data size used in an approximation influences
the fit of error and the optimal dominating pole. The fits of error of two sets of data size, 4000
and 12000 samples, are shown in an appendix B4 by using the same dominating pole given in
an appendix B1 which was calculated from the data size of 8000 samples. The plots of DB
improvement for these two sets of data size are depicted in Fig.9.6, whgN A&oticeably,
the dominating poles computed from the data size of 8000 samples at each model order can
still be used for the data sizes of 4000 and 12000 samples. Using the data size of 12000
samples in an approximation yields a better performance than using the data size of 4000
samples. As a result, the larger the data size, the better the fit of error we shall get.
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Figure 9.6: The DB improvement fowo data sizes4000 samples (Left) and 12000 samples (Right),
usingthe same dominating polegyiven in an appendix B1 to evaluate the DB improvement whetZ YE

Now let us recalculate the dominating pole and the corresponding fit of error for each sets of

data size as given in an appendix B4. The results are shown in an appendix B5 and the plots
of DB improvement are illustrated in Fig.9.7.
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Figure 9.7: The DB improvement fowo data sizes4000 samples (Left) and 12000 samples (Right),
usingthe new dominating polerecalculated from Eq.(7.23) to evaluate the DB improvement whe# Y E

Similarly, the recalculated dominating poles are slightly different from those which are
derived from the data size of 8000 samples as given in an appendix B1. This is because the
optimal dominating pole calculated from Eq.(7.23) is also dependent of the data size used in
estimating the model parameters.

Eventually, the performances of using Laguerre and Kautz models as well as the two-
stage echo canceller up to order 2000 are given in an appendix B6. The plots of their
corresponding DB improvement are depicted in Figs.9.8-9.9, wheA\ZE
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Figure 9.8: The DB improvement of M12, Laguerre and Kautz models with respect to a FIR model at each
model order when ZEZV and the data length of 8000 samples.

Data: ZE=[10000:17999] & ZV=[20000:27999]
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Figure 9.9: The DB improvement of a two-stage echo canceller with respect to a FIR model at each
model order when ZEZV and the data length of 8000 samples.

From Figs.9.8-9.9, we can roughly conclude the results as follows:

» The proposed models given in section 6 generally yield better performance than a FIR
model when the dominating pole is chosen properly at each model order. The methods to
find the optimal dominating pole as given in section 7 have shown satisfied results.

* The performance of a two-stage echo canceller is comparable to that of Laguerre and
Kautz models but it has gained in terms of reducing the computational complexity.

* We obtain small DB improvement on the real acoustic echo data by using the proposed
models given in section 6 if compared with a FIR model. This might be because the
system (acoustic echo path) may have some non-linearity and time variation.
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10. Conclusions

As known in the literature, the effect of acoustic echo is quite complicated as
discussed in section 1. FIR model is widely used to model the room impulse response due to
simplicity and stability. However, it leads to the approximation of very high order, probably
in the order of 4000. By exploiting a priori information about the dominating pole of the
system, an approximation of the room impulse response by means of the Laguerre and Kautz
functions is proposed. In general, such a priori information about the dominating pole of the
system may sometimes not be available. To deal with this problem, we have presented three
methods to find such an optimal dominating pole in section 7.

The first method given in section 7.1 is restricted only in the case of a real-valued
dominating pole, and it requires a given set of the system impulse response to calculate an
optimal Laguerre pole by minimizing the performance indeas given in Eq.(7.11). The
advantage of using such a performance index is that it forces rapid convergence of the
Laguerre spectrum and gives an analytical solution. The resulting optimal dominating pole
will primarily depend on the characteristics of the system impulse response, such as its rate of
decay, its smoothness and the time delay.

The second method is much more efficient than the first one with an expense of the
higher computational complexity. This is because, since this method is based on minimizing
the loss function which is a function of the model order and its dominating pole, there exists
an optimal dominating time at each model order. The optimal dominating pole is needed to
calculate at each model order by Eq.(7.23) and its value can be either real-valued or complex-
valued depending on our intended use. The third method relies on the fact that the squared
error or loss function is a function of a dominating pole. The optimal dominating pole can
then be derived mathematically by setting the derivative of the squared error with respect to a
dominating pole equal to zero. Given i@ model order, the optimal condition of Laguerre
model is given in Eq.(7.34), while that of Kautz model is given in Eq.(7.42)-Eq.(7.43).
Obviously, the major shortcoming of these two methods is the necessity of subdividing the
whole interval of a dominating pole into smaller subintervals of more manageable size, in
order to avoid the computational complexity of approximation at very high order.

According to the results in simulated examples given in section 8, when modeling a
stable LTI system, all proposed models discussed in section 6 have performed quite better
than a FIR model, especially for a Kautz model. Therefore, Kautz model seems to have large
potential in real applications such as in signal processing and in control system, because the
system in reality is likely to be resonant system. In addition, the performance of two-stage
echo canceller is comparable to that of Laguerre and Kautz models but it has gained in terms
of reducing the computational complexity. The concept of model reduction given in section
7.4 has also shown that the model order of the proposed models can be further reduce but still
preserve enough energy of the system at the expense of a higher fit of error. Evidently, this is
a compromise between the model order and the fit of error that one should take into
consideration for each specific purpose.

Finally, we obtain small DB improvement on the real acoustic echo data by using the
proposed models if compared with a FIR model This might be because the system (acoustic
echo path) may have some non-linearity and time variation.
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11. Suggestions for Future Works

All proposed models given in section 6 and the methods used to find the dominating
pole given in section 7 have illustrated satisfied results. Their parameters is estimated and
solved by means of an off-line method in the least squares sense. Since the true echo path in
reality has some non-linearity and time variation, it might be difficult to obtain a large
improvement from modeling the true echo path by the proposed models, if compared with a
FIR model.

In order to enhance and improve the performance of the proposed models, it is then
essential to deal with the problems of non-linearity and time variation. Hence, several future
works of interest should be suggested here as follows:

* Implement the proposed models in the neural network to deal with the non-linearity of the
true echo path.

e Apply the on-line method to estimate the model parameters used in the proposed models
in order to cope with a constraint of time variation of the true echo path.

» Investigate and expand the concept of model reduction, as described in section 7.4, in real
applications.
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Appendix A\ (Used for section 8)

Al: Fits of error of thd™ order system wheBE#ZV and data length af000samples. (Fig.8.4(Left))

Model FIR M12 (0.9048) Laguerre
order Fit DB Fit Pole DB
1.0e-003* | 1.0e-003* [ (M12/FIR) | 1.0e-003 * (Laguerre/FIR)
1 178.9000 0.7822 47.19 0.7856 0.9049 47.15
2 161.9000 0.7737 46.41 0.7737 0.9050 46.41
3 146.5000 0.7541 45.77 0.7541 0.9059 45.77
4 132.6000 0.7356 45.12 0.7365 0.8890 45.11
5 120.0000 0.7211 44.42 0.7211 0.8950 44.42
6 108.5000 0.7070 43.72 0.7091 0.9321 43.69
7 98.2000 0.6979 42.97 0.6972 0.8450 42.98
8 88.9000 0.6877 42.23 0.6864 0.8239 42.25
9 80.4000 0.6801 41.45 0.6812 0.9411 41.44
10 72.8000 0.6708 40.71 0.6724 0.9350 40.69
20 26.7172 0.6318 32.52 0.6330 0.9763 32.51
30 9.7987 0.6251 23.90 0.6658 0.9750 23.36
40 3.6444 0.6237 15.33 0.8591 0.9850 12.55
Remark:

*  FIR column is the fit of error of a FIR model.

* M12(0.9048) column is the fit of error of Laguerre model which uses an optimal pole of 0.9048 derived
from Eq.(7.11) to calculate the fit of error at every model order.

 DB(M12/FIR) is the improvement of the fit of error between M12 and FIR columns which is calculated by
DB = -20*log,,(M12/ FIR) .

* Laguerre column consists of three columns, Fé&. column is the fit of error of Laguerre model according
to each optimal pole?ole column is the optimal pole computed from Eq.(7.23), BREfLaguerre/FIR) is
the improvement of the fit of error between Laguerre and FIR columns.

A2: Fits of error of thd® order system wheBE=7V and data length af000samples. (Fig.8.4(Right))

Model FIR M12 (0.9048) Laguerre
order Fit DB Fit Pole DB
1.0e-003 * 1.0e-003 * | (M12/FIR) 1.0e-003 * (Laguerre/FIR)
1 173.4135 5.1140 30.61 5.1136 0.9049 30.61
2 156.9210 4.6247 30.61 4.6247 0.9050 30.61
3 141.9999 4.1838 30.61 4.1838 0.9059 30.61
4 128.4885 3.7853 30.62 3.7852 0.8890 30.62
5 116.2698 3.4246 30.62 3.4246 0.8950 30.62
6 105.2122 3.0985 30.62 3.0985 0.9321 30.62
7 95.1795 2.8033 30.62 2.8030 0.8450 30.62
8 86.1095 2.5366 30.62 2.5365 0.8239 30.62
9 77.9039 2.2954 30.61 2.2954 0.9411 30.61
10 70.4811 2.0778 30.61 2.0776 0.9350 30.61
20 25.8956 0.7829 30.39 0.7810 0.9763 30.41
30 9.5107 0.3481 28.73 0.3356 0.9750 29.05
40 3.5030 0.2397 23.30 0.0941 0.9850 31.42
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A3: Fits of error of thd® order system wheBE#ZV with data length 08000samples. (Fig.8.6)

Model FIR M12 (0.9048) Laguerre
order Fit DB Fit Pole DB
1.0e-003 * 1.0e-003 * | (M12/FIR) 1.0e-003 * (Laguerre/FIR)

1 174.4000 0.3190 54.76 0.3158 0.9000 54.84
2 157.8000 0.2923 54.65 0.2923 0.9000 54.65
3 142.8000 0.2665 54.58 0.2665 0.9100 54.58
4 129.2000 0.2434 54.50 0.2433 0.8900 54.50
5 116.9000 0.2217 54.44 0.2221 0.9300 54.43
6 105.8000 0.2019 54.39 0.2029 0.9300 54.34
7 95.7000 0.1856 54.25 0.1853 0.8500 54.26
8 86.6000 0.1694 54.17 0.1683 0.8400 54.23
9 78.4000 0.1555 54.05 0.1555 0.9000 54.05
10 70.9000 0.1409 54.03 0.1416 0.8700 53.99
20 26.1000 0.0546 53.59 0.0590 0.9600 52.92
30 9.6000 0.0290 50.39 0.0470 0.9800 46.20
40 3.5000 0.0253 42.82 0.3277 0.9900 20.57

A4: Fits of error of the ™ order resonant system wheB#ZV and data length egf000samples. (Fig.8.12)

Model FIR M12 (0.5562) Laguerre Kautz
order Fit DB Fit Pole DB Fit Pole DB
(M12/FIR) (Laguerre/FIR) (Kautz/FIR)
2 1.0897 0.9815 0.91 0.9344 0.4550 1.34 0.0697 | 0.80+0.50i 23.88
4 0.8933 0.7898 1.07 0.7358 0.4700 1.68 0.0568 | 0.80+0.50i 23.93
6 0.8749 0.6355 2.78 0.5887 0.4970 3.44 0.0519 | 0.80+0.49i 24.54
8 0.7525 0.5116 3.35 0.4725 0.5106 4.04 0.0489 | 0.79+0.51i 23.74
10 0.6358 0.4114 3.78 0.3788 0.5188 4.50 0.0395 | 0.79+0.49i 24.13
20 0.3583 0.1400 8.16 0.1290 0.5900 8.87 0.0236 | 0.75+0.45i 23.63
30 0.2149 0.0483 12.97 0.0452 0.5000 13.54 0.0137 | 0.73-0.41i 23.91
40 0.1220 0.0173 16.97 0.0162 0.5200 17.54 0.0073 | 0.67-0.42i 24.46
Remark:

¢ Kautz column consists of three columns, F&. column is the fit of error of Kautz model according to each
optimal pole, Pole column is the optimal pole computed from Eg.(7.23), &B(Kautz/FIR) is the
improvement of the fit of error between Kautz and FIR columns.

A5: Fits of error of the™® order resonant system with zeros.a0.4i whenZE#ZV and data length gf000
samples. (Fig.8.13)

Model FIR M12 (0 4697) Laguerre Kautz
order Fit DB Fit Pole DB Fit Pole DB
(M12/FIR) (Laguerre/FIR) (Kautz/FIR)
2 0.1444 0.1334 0.69 0.1243 0.5800 1.30 0.1205 | 0.61+0.26i 1.57
4 0.1415 0.1201 1.42 0.1100 0.3500 2.19 0.0824 | 0.57+0.48i 4.70
6 0.1215 0.0900 2.61 0.0826 0.6000 3.35 0.0462 | 0.67+0.37i 8.40
8 0.1028 0.0698 3.36 0.0687 0.6000 3.50 0.0282 | 0.63+0.43i 11.23
10 0.1008 0.0559 5.12 0.0543 0.5800 5.37 0.0184 | 0.67+0.37i 14.77
20 0.0532 0.0204 8.33 0.0185 0.5200 9.17 0.0034 | 0.66+0.40i 23.89
30 0.0283 0.0075 11.53 0.0063 0.5600 13.05 0.0018 | 0.66+0.41i 23.93
40 0.0166 0.0026 16.10 0.0023 0.5342 17.17 0.0011 | 0.65+0.41i 23.57
50 0.0098 0.0010 19.82 0.0009 0.6010 20.27 0.0006 | 0.65+0.45i 24.26
Remark:

* The value (0.4697) in M12 column is the Laguerre pole calculated from Eq.(7.11). Clearly, it differs from
the previous one (0.5562) given in A4 because the zeros cause an optimal pole changed to another position.
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A6: Fits of error of the system given in Eq.8.3 wi&#ZV with data length 08000samples. (Fig.8.16)

Model FIR M12 (0.0972) Laguerre Kautz
order Fit DB Fit Pole DB Fit Pole DB
(M12/FIR) (Laguerre/FIR) (Kautz/FIR)
2 0.4431 0.4664 -0.45 0.3904 -0.3000 1.10 0.2666 |-0.71+0.50i 4.41
4 0.3664 0.3549 0.28 0.3044 -0.3800 161 0.2655 | -0.63+0.48i 2.80
6 0.3438 0.3538 -0.25 0.2758 -0.6000 191 0.2637 | -0.64+0.37i 2.30
8 0.2696 0.2818 -0.38 0.2564 -0.2300 0.44 0.2564 -0.23 0.44
10 0.2663 0.2375 0.99 0.2373 0.1000 1.00 0.2361 | 0.10+0.15i 1.05
20 0.1780 0.1514 1.41 0.1371 0.2000 2.27 0.1339 | 0.21+0.13i 2.47
30 0.1191 0.0992 1.59 0.0677 0.3889 491 0.0663 | 0.35+0.27i 5.09
40 0.0776 0.0624 1.89 0.0318 0.3200 7.75 0.0308 | 0.34+0.25i 8.03
50 0.0525 0.0374 2.95 0.0145 0.3100 11.18 0.0140 | 0.36+0.14i 11.48
60 0.0353 0.0214 4.35 0.0066 0.3100 14.56 0.0065 | 0.35+0.14i 14.70
70 0.0219 0.0118 5.37 0.0031 0.3600 16.98 0.0029 | 0.35-0.15i 17.56
80 0.0129 0.0065 5.95 0.0014 0.3600 19.29 0.0014 | 0.36-0.07i 19.29
90 0.0079 0.0037 6.59 0.0007 0.3534 21.38 0.0007 | 0.35-0.08i 21.05
100 0.0051 0.0021 7.71 0.0004 0.3482 23.18 0.0003 | 0.35-0.08i 24.61

A7: Fits of error of the system given in Eq.8.3 wi&#ZV with data length 08000samples. (Fig.8.16)

Model Two-stage echo canceler with NB=30 Two-stage echo canceler with NB=50
order Laguerre Kautz Laguerre Kautz
(NA+NB) Fit Pole DB Fit Pole DB Fit Pole DB Fit Pole DB
1-30

40 0.0538 | 0.53 3.18 | 0.0070 | 0.77+0.46i [ 20.90

50 0.0233 | 0.59 7.06 | 0.0045 | 0.65+0.45i | 21.34

60 0.0097 | 0.54 | 11.22 | 0.0031 | 0.64+0.45i [ 21.13 | 0.0223 | 0.46 3.99 0.0018 | 0.77+0.50i 25.85

70 0.0039 | 0.55 | 14.99 | 0.0016 | 0.56+0.40i [ 22.73 | 0.0090 | 0.51 7.72 0.0011 | 0.71+0.47i 25.98

80 0.0016 | 0.50 | 18.13 | 0.0009 | 0.50+0.35i [ 23.46 | 0.0037 | 0.59 10.85 | 0.0006 | 0.69+0.42i 26.65

90 0.0007 | 0.56 | 20.61 | 0.0005 | 0.50+0.24i [ 23.94 | 0.0014 | 0.53 15.03 | 0.0004 | 0.62+0.39i 25.91

100 0.0003 | 0.50 | 23.43 | 0.0003 | 0.46+0.27i [ 25.01 | 0.0006 | 0.60 18.59 [ 0.0003 | 0.60+0.40i 25.83

Remark:

 Two-stage echo cancelleis implemented by using the first stage as a FIR model with NB parameters and
the second stage as Laguerre or Kautz filter with NA parameters. Thus the total model order is equivalent to
NB+NA parameters. The optimal pole can be computed in the same manner where the regression vector is
modified in accordance with the discussion given in section 6.6.

Appendix A 70



Appendix A

71



Appendix B (used for section 9)

B1: Fits of error ashe reference seivhen ZEZV and the data length of 8000 samples. (Fig.9.3)

Model [8000] ze=(11000:17999) & zv=(20000:27999)
order FIR M12 (0.0812) Laguerre Kautz
Fit DB Fit Pole DB Fit Pole DB
2 0.2094 0.2094 0.0000 | 0.2073 | -0.7033 0.0875 0.1895 0.80+0.50i 0.8673
10 0.1463 0.1371 0.5641 | 0.1366 0.1173 0.5959 0.1345 0.14+0.30i 0.7304
50 0.1195 0.1192 0.0218 | 0.1191 0.4445 0.0291 0.1185 0.53+0.45i 0.0730
100 0.1174 0.1172 0.0148 | 0.1175 0.3230 -0.0074 0.1145 0.56+0.59i 0.2173
200 0.1100 0.1098 0.0158 | 0.1100 0.3137 0.0000 0.1063 0.44+0.64i 0.2972
300 0.1049 0.1042 0.0582 | 0.1027 0.1489 0.1841 0.0994 0.41+0.50i 0.4678
400 0.0991 0.0985 0.0527 | 0.0968 0.3236 0.2040 0.0931 0.35+0.39i 0.5425
500 0.0928 0.0925 0.0281 | 0.0901 0.2998 0.2565 0.0882 0.35+0.31i 0.4416

B2: Fits of error foitwo different segmented datausingthe same dominating pole as given in table B1

when ZE£ZV and the data length of 8000 samples. (Fig.9.4)
Model [8000] ze=(1:6000) & 2v=(30000:37999) [8000] ze=(30000:37999) & zv=(10000:17999)
order FIR M12 (0.0812) Laguerre Kautz FIR M12 (0.0812) Laguerre Kautz
Fit DB Fit Fit DB Fit DB Fit DB Fit DB
2 |o0.2125] 0.2125 | 0.0000 [0.2100| 0.1028 | 0.1929 | 0.8405 | 0.2090 | 0.2090 | 0.0000 | 0.2075 | 0.0626 | 0.1905 | 0.8050
10 |0.1469 0.1375 | 0.5744 [0.1370| 0.6060 | 0.1346 | 0.7595 | 0.1457 | 0.1359 | 0.6048 | 0.1354 | 0.6368 | 0.1327 | 0.8118
50 [0.1194| 0.1191 | 0.0219 [0.1188| 0.0438 | 0.1182 | 0.0877 | 0.1181 | 0.1178 | 0.0221 [ 0.1172 | 0.0664 | 0.1168 | 0.0961
100 |0.1171] 0.1171 | 0.0000 [0.1171] 0.0000 | 0.1138 | 0.2483 | 0.1163 | 0.1163 | 0.0000 | 0.1158 | 0.0374 | 0.1122 | 0.3117
200 |0.1094 [ 0.1090 | 0.0318 [0.1090| 0.0318 | 0.1057 | 0.2988 | 0.1093 | 0.1092 | 0.0080 | 0.1089 | 0.0318 | 0.1061 | 0.2581
300 [0.1049 | 0.1044 | 0.0415 [0.1033| 0.1335 | 0.0991 | 0.4940 [ 0.1041 | 0.1037 | 0.0334 | 0.1027 | 0.1176 | 0.0998 | 0.3664
400 [0.0999 | 0.0991 | 0.0698 [0.0976 | 0.2023 | 0.0936 | 0.5658 | 0.1002 | 0.0994 | 0.0696 | 0.0973 | 0.2551 | 0.0946 | 0.4995
500 [0.0940| 0.0929 | 0.1022 [0.0901| 0.3681 | 0.0881 | 0.5630 | 0.0946 | 0.0944 | 0.0184 | 0.0905 | 0.3849 | 0.0891 | 0.5203

B3: The new dominating poleand the fits of error fathe same segmented data used in table B&hen
ZE#ZV and the data length of 8000 samples. (Fig.9.5)

Model [8000] ze=(1:8000; & zv=(30000:37999) [8000] ze=(30000:37999) & zv=:(10000:1799¢)
order Laguerre Kautz Laguerre Kautz
Fit Pole DB Fit Pole DB Fit Pole DB Fit Pole DB
2 0.2100 | -0.7095 | -0.0249 | 0.1928 | 0.80+0.51i | 0.7174 | 0.2075 | -0.6982 | 0.0792 | 0.1906 | 0.80+0.51i | 0.8171
10 0.1370 | 0.1193 | 0.5705 | 0.1347 | 0.14+0.29i | 0.7175 | 0.1354 | 0.1167 | 0.6725 | 0.1327 | 0.14+0.30i | 0.8475
50 0.1188 | 0.4777 | 0.0510 | 0.1182 | 0.47+0.53i | 0.0950 | 0.1173 [ 0.5750 | 0.1614 | 0.1169 | 0.48+0.53i | 0.1911
100 0.1171 | 0.3357 | 0.0222 | 0.1141 | 0.55+0.61i | 0.2476 | 0.1158 | 0.3360 | 0.1192 | 0.1131 | 0.28+0.57i | 0.3241
200 0.1091 | 0.3090 | 0.0714 | 0.1056 | 0.47+0.63i | 0.3546 | 0.1091 [ 0.0770 | 0.0714 | 0.1066 | 0.51+0.54i | 0.2727
300 0.1033 | 0.1493 | 0.1335 | 0.0996 | 0.35+0.54i | 0.4503 | 0.1027 | 0.1496 | 0.1841 | 0.1022 | 0.40+0.50i | 0.2265
400 0.0974 | 0.2482 | 0.1503 | 0.0934 | 0.33+0.60i | 0.5145 | 0.0977 | 0.2489 | 0.1236 | 0.0946 | 0.35+0.39i | 0.4037
500 0.0902 | 0.3010 | 0.2468 | 0.0885 | 0.24+0.55i | 0.4121 | 0.0906 | 0.2893 | 0.2084 | 0.0891 | 0.35+0.31i | 0.3534
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B4: Fits of error of the two different sizes of data, 4000 and 12000 samplesthessgme dominating pole
as given in table Blwhen ZEZV. (Fig.9.6)

Model [4000] ze=(10000:13399) and zv=(20002:23999) [12000] ze=(10000:21999) ancl zv=(20000:31999)

order | FIR M12 (0.0812) Laguerre Kautz FIR M12 (0.0812) Laguerre Kautz
Fit DB Fit DB Fit DB Fit DB Fit DB Fit DB
2 0.2090 | 0.2090 | 0.0000 |0.2076| 0.0584 [0.1904|0.8096] 0.2110 | 0.2110 | 0.0000 [ 0.2089 | 0.0869 | 0.1911 | 0.8604
10 ]0.1443| 0.1361 | 0.5082 |0.1357 [ 0.5337 |0.1339|0.6497] 0.1471 | 0.1376 | 0.5799 | 0.1371 | 0.6115 | 0.1349 | 0.7520
50 ]0.1180( 0.1177 | 0.0221 [0.1172| 0.0591 | 0.1170(0.0739| 0.1195 | 0.1193 [ 0.0145 | 0.1190 | 0.0364 | 0.1186 | 0.0657
100 |0.1159( 0.1160 | -0.0075 |0.1169 | -0.0746 | 0.1138|0.1588| 0.1174 | 0.1172 | 0.0148 | 0.1171 | 0.0222 | 0.1143 | 0.2324
200 |0.1099 | 0.1102 | -0.0237 | 0.1100 | -0.0079 | 0.1069 | 0.2404] 0.1094 | 0.1093 | 0.0079 | 0.1093 | 0.0079 | 0.1058 | 0.2906
300 |0.1063| 0.1049 | 0.1152 |0.1036 | 0.2235 | 0.1011|0.4356] 0.1044 | 0.1038 | 0.0501 | 0.1024 | 0.1680 | 0.0985 | 0.5053
400 ]0.1008 | 0.1006 | 0.0173 [0.0994 | 0.1215 | 0.0961 [ 0.4147| 0.0990 | 0.0982 [ 0.0705 | 0.0959 | 0.2763 | 0.0921 | 0.6275
500 ]0.0952| 0.0956 | -0.0364 | 0.0929 | 0.2124 [ 0.0916 |0.3348] 0.0924 | 0.0916 | 0.0755 | 0.0889 | 0.3354 | 0.0870 | 0.5231

B5: The new dominating poleand the fits of error fathe same set of data size used in table B4dhen
ZE#ZV. (Fig.9.7)

Model [4000] ze=(10000:13999) and zv=(20000:23999) [12:000] ze=(10000:21€99) and zv=(20000:31999)
order Laguerre Kautz Laguerre Kautz
Fit Pole DB Fit Pole DB Fit Pole DB Fit Pole DB
2 0.2076 | -0.7015 | 0.0584 | 0.1904 | 0.80+0.50i | 0.8096 | 0.2089 | -0.7029 | 0.0869 | 0.1911 | 0.80+0.50i | 0.8604
10 0.1357 | 0.1186 | 0.5337 | 0.1339 | 0.14+0.30i | 0.6497 | 0.1371 | 0.1180 | 0.6115 | 0.1349 | 0.14+0.30i | 0.7520
50 0.1179 | 0.6111 | 0.0074 | 0.1174 | 0.50-0.51i | 0.0443 | 0.1190 | 0.4447 | 0.0364 | 0.1184 | 0.45+0.52i | 0.0803
100 | 0.1170 | 0.4486 | -0.0820 | 0.1142 | 0.55-0.60i | 0.1283 | 0.1171 | 0.3250 | 0.0222 | 0.1140 | 0.57+0.60i | 0.2553
200 | 0.1100 | 0.3141 | -0.0079 | 0.1074 | 0.50-0.57i | 0.1999 | 0.1092 | 0.3052 | 0.0159 | 0.1054 | 0.50+0.62i | 0.3235
300 | 0.1036 | 0.1481 | 0.2235 | 0.1014 | 0.50-0.40i | 0.4099 | 0.1024 | 0.1493 | 0.1680 | 0.0987 | 0.40+0.50i | 0.4877
400 | 0.0995 | 0.2490 | 0.1127 | 0.0961 | 0.35-0.39i | 0.4147 | 0.0960 | 0.2495 | 0.2673 | 0.0923 | 0.32+0.53i | 0.6087
500 | 0.0929 | 0.3096 | 0.2124 | 0.0916 | 0.35-0.31i | 0.3348 | 0.0890 | 0.2987 | 0.3256 | 0.0865 | 0.23+0.42i | 0.5731
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B5: Fits of error of FIR, M12, Laguerre and Kautz models for the real acoustic echo data, wi&hazid
the data length of 8000 samples. (Fig.9.8)

Model FIR M12 (0.0812) Laguerre Kautz
order Fit Fit DB Fit Pole DB Fit Pole DB
2 0.2094 0.2094 0.0000 0.2073 -0.7033 0.0875 0.1895 0.80+0.50i 0.8673
4 0.2094 0.2094 0.0000 0.2016 0.5960 0.3297 0.1786 0.52+0.56i 1.3819
6 0.2089 0.2037 0.2189 0.1762 0.5898 1.4787 0.1605 0.45+0.36i 2.2893
8 0.1768 0.1521 1.3071 0.1368 0.1429 2.2279 0.1368 0.14+0.02i 2.2279
10 0.1463 0.1371 0.5641 0.1366 0.1173 0.5959 0.1345 0.14+0.30i 0.7304
20 0.1225 0.1223 0.0142 0.1218 0.2761 0.0498 0.1217 0.28 0.0569
30 0.1218 0.1212 0.0429 0.1204 0.3036 0.1004 0.1199 0.42+0.27i 0.1366
40 0.1208 0.1200 0.0577 0.1194 0.4701 0.1013 0.1193 0.54+0.23i 0.1085
50 0.1195 0.1192 0.0218 0.1191 0.4445 0.0291 0.1185 0.53+0.45i 0.0730
60 0.1193 0.1191 0.0146 0.1189 0.6072 0.0292 0.1176 0.45+0.58i 0.1247
70 0.1191 0.1189 0.0146 0.1187 0.5692 0.0292 0.1168 0.53+0.53i 0.1694
80 0.1188 0.1188 0.0000 0.1184 0.3565 0.0293 0.1154 0.49+0.63i 0.2522
90 0.1186 0.1182 0.0293 0.1177 0.5086 0.0662 0.1149 0.50+0.63i 0.2753
100 0.1174 0.1172 0.0148 0.1175 0.3230 -0.0074 0.1145 0.56+0.59i 0.2173
200 0.1100 0.1098 0.0158 0.1100 0.3137 0.0000 0.1063 0.44+0.64i 0.2972
300 0.1049 0.1042 0.0582 0.1027 0.1489 0.1841 0.0994 0.41+0.50i 0.4678
400 0.0991 0.0985 0.0527 0.0968 0.3236 0.2040 0.0931 0.35+0.39i 0.5425
500 0.0928 0.0925 0.0281 0.0901 0.2998 0.2565 0.0882 0.35+0.31i 0.4416
600 0.0874 0.0852 0.2214 0.0838 0.1800 0.3653 0.0828 0.21+0.40i 0.4696
700 0.0811 0.0800 0.1186 0.0790 0.1600 0.2279 0.0778 0.16+0.28i 0.3608
800 0.0759 0.0758 0.0115 0.0755 0.1000 0.0459 0.0735 0.17+0.32i 0.2791
900 0.0706 0.0711 -0.0613 0.0705 0.0400 0.0123 0.0697 0.05+0.25i 0.1114
1000 0.0668 0.0666 0.0260 0.0666 0.0743 0.0260 0.0649 0.05+0.34i 0.2506
1100 0.0631 0.0636 -0.0686 0.0631 0.0600 0.0000 0.0620 0.31i 0.1528
1200 0.0601 0.0598 0.0435 0.0598 0.1184 0.0435 0.0598 0.10+0.30i 0.0467
1300 0.0575 0.0571 0.0606 0.0571 0.0911 0.0606 0.0563 0.10+0.18i 0.1832
1400 0.0559 0.0529 0.4791 0.0537 0.1000 0.3488 0.0528 0.15+0.23i 0.4956
1500 0.0526 0.0512 0.2343 0.0507 0.1200 0.3196 0.0504 0.15+0.13i 0.3711
1600 0.0507 0.0490 0.2962 0.0485 0.1000 0.3853 0.0477 0.12+0.25i 0.5298
1700 0.0472 0.0468 0.0739 0.0464 0.1000 0.1485 0.0450 0.08+0.28i 0.4146
1800 0.0452 0.0450 0.0385 0.0450 0.0400 0.0385 0.0432 0.12+0.33i 0.3931
1900 0.0432 0.0431 0.0201 0.0426 0.0403 0.1215 0.0411 0.10+0.38i 0.4328
2000 0.0411 0.0410 0.0212 0.0409 0.0650 0.0424 0.0394 0.05+0.33i 0.3669

B5(Continue): Fits of error of a two-stage echo canceller models for the real acoustic echo data,#den ZE
and the data length of 8000 samples. (Fig.9.9)

Model
NB=500 NB=1000 NB=500 NB=1000
Fit Pole DB Fit Pole DB Fit Pole DB Fit Pole DB

1-500

600 0.0857 0.46 0.1706 0.0838 0.38-0.45i 0.3653

700 0.0802 0.24 0.0969 0.0792 0.32-0.50i 0.2059

800 0.0756 0.12 0.0344 0.0747 0.30-0.35i 0.1384

900 0.0705 0.10 0.0123 0.0696 0.15+0.36i 0.1239

1000 0.0665 0.10 0.0391 0.0654 0.12+0.47i 0.1840

1100 | 0.0633 | 0.05 -0.0275 0.0634 0.18 -0.0412 0.0622 0.20+0.45i 0.1248 0.0621 0.20+0.54i 0.1388

1200 | 0.0596 | 0.13 0.0726 0.0595 0.28 0.0872 0.0596 0.17+0.35i 0.0726 0.0592 0.32+0.60i 0.1311

1300 | 0.0571 | 0.10 0.0606 0.0570 0.26 0.0759 0.0560 0.15+0.20i 0.2296 0.0565 0.30+.048i 0.1524

1400 | 0.0537 | 0.16 0.3488 0.0536 0.28 0.3649 0.0530 0.20+0.32i 0.4674 0.0529 0.24+0.50i 0.4791

1500 | 0.0507 | 0.20 0.3196 0.0516 0.22 0.1667 0.0499 0.20+0.30i 0.4577 0.0500 0.32+0.37i 0.4403

1600 | 0.0486 | 0.14 0.3674 0.0490 0.26 0.2962 0.0474 0.15+0.33i 0.5846 0.0479 0.23+0.36i 0.4934

1700 | 0.0466 | 0.07 0.1071 0.0468 0.10 0.0739 0.0455 0.10+0.30i 0.3164 0.0455 0.18+0.43i 0.3186

1800 | 0.0450 | 0.07 0.0480 0.0449 0.10 0.0652 0.0431 0.15+0.40i 0.4113 0.0433 0.20+0.45i 0.3812

1900 | 0.0426 | 0.05 0.1116 0.0426 0.08 0.1168 0.0415 0.15+0.38i 0.3535 0.0415 0.20+0.47i 0.3487

2000 | 0.0409 | 0.10 0.0490 0.0409 0.16 0.0439 0.0397 0.08+0.33i 0.3092 0.0397 0.10+0.38i 0.3010
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Appendix C

Matlab script files for “Modeling the Impulse Response of an office room”.

function fit = fit_arx(ze,zv,NN)

%FIT_ARX computes the fit of error of LS-estimates of ARX or FIR model

%

% FIT = FIT_ARX(ze,zv,NN)

%

% FIT: returned as the fit of error calculated from ARX madei(q) y(t) = B(q) u(t-nk) + e(t

% by using cross validation approach.

%

% ZE: the output-input data, ZE=[ye ue] with ye and ue as column vectors, used for estimation process.
%

% ZV: the output-input data, ZV=[yv uv] having the same size as ZE, used for validation process.

%

% NN: NN = [na nb nk], the orders and the true delay of the model. If na=0, the model will correspond to FIR model.

% Piya Kovintavewat
% Revision:1 Date: 1998/10/15

vz=1; if size(ze)==size(zv), if norm(ze-zv)<eps, vz=0; end; end,;
maxlength = length(ze(:,1));
NA=NN(1); NB=NN(2); NK=NN(3);

PHI=[]; PHIV=[]; TH=[];
[TH,PHI,PHIV]= mo_arxstruc(ze,zv,[NA NB NK]);
nmax = max([NA+1, NB+NK]);
ji=nmax:maxlength;

if vz==0, ysim=PHI*TH; else, ysim=PHIV*TH; end
fit = norm(ysim-zv(jj,1))/sqrt(length(jj));

function [TH,PHI,PHIV] = mo_arxstruc(ze,zv,NN);

%MO_ARXSTRUC computes the regression matrix and the estimated parameters of ARX-model.

0

02 [TH,PHI,PHIV] = MO_ARXSTRUC(ze,zv,NN)

0

02 This function was modified from a traditional "ARXSTRUC.M" in order to extract the regression matrices
% (PHI and PHIV) and the estimated parameter vector(TH).

0

02 TH: returned as the estimated parameters of the ARX mbd¥lq) y(t) = B(q) u(t-nk) + e(td .

0,

02 PHI: returned as a regression matrix which is generated by a set of estimation data (ze).

0,

02 PHIV: returned as a regression matrix which is generated by a set of validation data (zv).

0,

02 ZE: the output-input data, ZE=[ye ue] with ye and ue as column vectors, used for estimation process.

0,

0;3 ZV: the output-input data, ZV=[yv uv] having the same size as ZE, used for validation process.

0,

0;3 NN: NN = [na nb nk], the orders and the true delay of the model. If na=0, the model will correspond to FIR model.

% Modified from arxstruc.m which was written by L. Ljung in Matlab “System Identification Toolbox”
% Piya Kovintavewat

% Revision:1 Date: 1998/10/15

zZ=1z2e; nn = NN;
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[Ncap,nz] = size(z); nu=nz-1,;
[nm,nl] = size(nn); [Ncapv,nzv] = size(zv);

if nz>1, na=nn(:,1);nb=nn(:,2:1+nu);nk=nn(:,2+nu:1+2*nu);
else na=nn(:,1); nb=zeros(nm,1);nk=zeros(nm,1); end,;

nma=max(na); nbkm=max(nb+nk)-ones(1,nu);
nkm=min(nk); n=nma+sum((nbkm-nkm))+nu;
vz=1; if size(z)==size(zv), if norm(z-zv)<eps, vz=0; end; end;

% ---Set up default values
maxsdef=idmsize(Ncap,n); maxsize=maxsdef;

% ---Construct regression matrix
nmax=max(max([na+ones(nm,1) nb+nk]"))-1;
M=10000; (To avoid “out of memory”)
R=zeros(n); F=zeros(n,1);

if vz,Rv=zeros(n); Fv=zeros(n,1); end;

for k=nmax:M:max(Ncap,Ncapv) %k=1:25000:4 yields 1
if min(Ncap,k+M)<k+1, ntz=0; else ntz=1; end
if min(Ncapv,k+M)<k+1, ntzv=0; else ntzv=1; end
if ntz,jj=(k+1:min(Ncap,k+M));phi=zeros(length(jj),n);end
if vz & ntzv,jjv=(k+1:min(Ncapv,k+M));phiv=zeros(length(jjv),n);end
for klI=1:nma,
if ntz,phi(:,kl)=-z(jj-kl,1);end
if vz & ntzv ,phiv(:,kl)=-zv(jjv-kl,1);end
end
ss=nma;

for ku=1:nu
for kl=nkm(ku):nbkm(ku),
if ntz,phi(:,ss+kl+1-nkm(ku))=z(jj-kl,ku+1);end
if vz & ntzv,phiv(:,ss+kl+1-nkm(ku))=zv(jjv-kl,ku+1);end
end
ss=ss+nbkm(ku)-nkm(ku)+1;
end
if ntz, R=R+phi*phi; F=F+phi*z(jj,1);end
if vz & ntzv,Rv=Rv+phiv*phiv; Fv=Fv+phiv*zv(jjv,1);end
end

ji=0;
for j=1:nm
estparno=na(j)+sum(nb(j,:));
if estparno>0
=i+
s=[1:na()];
rs=nma;
for ku=1:nu
s=[s,rs+nk(j,ku)-nkm(ku)+1:rs+nb(j,ku)+nk(j,ku)-nkm(ku)];
rs=rs+nbkm(ku)-nkm(ku)+1;
end
RR=R(s,s); %RR=X"*X
FF=F(s); %FF=X"D
if vz,RRv=RVv(s,s);FFv=Fv(s);end
TH=(RR\FF);
end % if estparno>0
end;
PHI=phi; PHIV=[]; if vz==1, PHIV=phiv; end,;

function optimal_pole = M12_pole(impulse_response,delay)

%M12_POLE computes the optimal Laguerre pole by minimizing the performance index J as given in section 7.1.
% It requires a given set of the impulse response of the true system.
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0,

02 OPTIMAL_POLE = M12_POLE(impulse_response, delay)

0,

02 OPTIMAL POLE: returned as the optimal Laguerre pole which is derived by minimizing the performance index J.
0,

02 IMPULSE_RESPONSE: The impulse response of the true system.

0,

02 DELAY: The true delay of the system.

% Piya Kovintavewat
% Revision:1 Date: 1998/10/15

ir_length = length(impulse_response);
h = impulse_response(:);
square_h = h*h;

O-=mmmmmmmmm e M1 calculation
ml_temp=0;
for i=0:ir_length-1

ml_temp = ml_temp + i*(h(i+1)"2);
end
M1= ml_temp/square_h;

Op-=mmmmmmmmmemmm e M2 calculation
h(ir_length+1)=0; h(ir_length+2)=0;
m2_temp=0;

for i=0:ir_length-1

m2_temp = m2_temp + ( (h(i+2)-h(i+1)) * (i*( h(i+2)-h(i+1) ) ) );
end
M2= m2_temp/square_h;

Yo-------m-mmmmmme Optimum pole calculation
if delay > 1
ii = 1:ir_length;
D3 = (h(ii))*h(ii+1))/square_h;
M1 = M1+delay-1;
M2 = M2+(2*(delay-1)*(1-D3));
end
optimal_pole = (2*M1-1-M2) / ( 2*M1 - 1 + sqrt( 4*M1*M2 - M2/°2 - 2*M2) );

function fit = fit_orthonormal(ze,zv,NN,pole)

%FIT_ORTHONORMAL computes the fit of error of LS-estimates of Laguerre or Kautz model.

%

% FIT = FIT_ORTHONORMAL(ze,zv,NN,pole)

%

% FIT: returned as the fit of error which is calculated from the Laguerre or Kautz model with FIR or ARX structure

% O A(q) y(t) = B(g) u(t-nk) + e(td by using cross validation approach.

%

% ZE: the output-input data, ZE=[ye ue] with ye and ue as column vectors, used for estimation process.

%

% ZV: the output-input data, ZV=[yv uv] having the same size as ZE, used for validation process.

%

% NN: NN = [na nb nk], the orders and the true delay of the model. If na=0, the model will correspond to FIR structure.
%

% POLE: The dominating pole employed in the orthonormal model, where a real-valued pole corresponds to Laguerre
% model and a complex-valued pole corresponds to Kautz model.

% We use the same pole for every model order specified by [na nb] to calculate the fit of error.

% Piya Kovintavewat
% Revision:1 Date: 1998/10/15

NA = NN(1); NB=NN(2); NK =NN(3)-1; if NK<0, NK=0; end;
vz = 1, if size(ze)==size(zv), if norm(ze-zv)<eps, vz=0; end; end;
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maxlength = length(ze(:,1));
nmax = max([NA+1, NB+NK+1]); ii=nmax:maxlength;

if abs(imag(pole)) >0 %---Kautz model
aPHI =[]; aPHIV=[]; bPHI=[]; bPHIV=[]; PHI=[], PHIV=[];
poles=[]; poles(1:NB/2)=pole;
[bPHI,bPHIV] = phi_gobfilt_arx(ze,zv,poles,0);
if NA~=0 %---ARX structure
poles=[];  poles(1:NA/2)=pole;
[aPHI,aPHIV] = phi_gobfilt_arx(ze,zv,poles,1);
PHI = [aPHI(ii,:), bPHI(ii-NK,:)];
if vz==1, PHIV=[aPHIV(ii,:),bPHIV(ii-NK,:)]; end;
else %---FIR structure
PHI = bPHI(ii-NK;,:);
if vz==1, PHIV=bPHIV(ii-NK,:); end;
end;
else %---Laguerre model
aPHI =[]; aPHIV=[]; bPHI=[]; bPHIV=[]; PHI=[], PHIV=[];
poles=[];  poles(1:NB)=pole;
[bPHI,bPHIV] = phi_gobfilt_arx(ze,zv,poles,0);
if NA~=0 %---ARX structure
poles=[];  poles(1:NA)=pole;
[aPHI,aPHIV] = phi_gobfilt_arx(ze,zv,poles,1);
PHI = [aPHI(ii,:), bPHI(ii-NK,:)];
if vz==1, PHIV=[aPHIV(ii,:),bPHIV(ii-NK,:)]; end;
else %---FIR structure
PHI = bPHI(ii-NK,:);
if vz==1, PHIV=bPHIV(ii-NK,:); end;
end;
end
THETA = PHI\ze(ii,1);
if vz==0, ysim=PHI*THETA, else, ysim=PHIV*THETA; end;
fit = norm(ysim-zv(ii,1))/sqrt(length(ysim));

function [mPHI,mPHIV] = phi_gobfilt_arx(ze,zv,poles,NAflag)
%PHI_GOBFILT_ARX computes the regression matrices used in estimation/validation process for orthonormal model.

%
% [mPHI,mPHIV] = phi_gobfilt_arx(ze,zv,poles,NAflag)

%
% mPHI: returned as the regression matrix used for estimation process.
%
% mPHIV: returned as the regression matrix used for validation process.
%

% ZE: the output-input data, ZE=[ye ue] with ye and ue as column vectors, used for estimation process.

0,

02 ZV: the output-input data, ZV=[yv uv] having the same size as ZE, used for validation process.

0,

02 POLES: is a matrix containing the set of chosen poles in a row.

0,

02 NAflag: The index used for indicating the type of model structures, i.e. NAflag=1 corresponds to ARX structure, while
% NAflag=0 corresponds to FIR structure.

% Modified from gobfilt. m which was written by Brett Ninness (First written 9/8/94)
% Piya Kovintavewat
% Revision:1 Date: 1998/10/15

if nargin<4, NAflag=0; end;

vz = 1, if size(ze)==size(zv), if norm(ze-zv)<eps, vz=0; end; end,
ue_ap =ze(:,2); ye_ap=ze(;,1);

uv_ap = zv(;,2); yv_ap =zv(;,1);

mPHI =[1; mPHIV =[1;

%---- uap = u filtered through the all pass filter up to pole k-1
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for k = 1:length(poles)
if (abs(imag( poles(k)))>0)
denk = [1,-poles(k)];
%---If the pole is complex we have to include its conjugate automatically
denk = real(conv(denk,[1,-poles(k)7));
alpha = 2*real(poles(k))/(1+abs(poles(k))*2);
%---Kautz Numerator
numkl = sqrt((1-alpha”2)*(1+abs(poles(k))*2)*(1-abs(poles(k))*2))*[0 0 1];
numk2 = sqrt((1+abs(poles(k))*2)*(1-abs(poles(k))*2))*[0 1 -alpha];
if NAflag==0 %---FIR structure
phil =filter(numkl,denk,ue_ap); phi2 =filter(numk2,denk,ue_ap);
mPHI = [mPHI,phil(:),phi2(:)]; ue_ap = filter([denk(3:-1:1)],denk,ue_ap);
if vz
phivl = filter(numk1,denk,uv_ap); phiv2 = filter(humk2,denk,uv_ap);
MPHIV = [mPHIV,phivl(:),phiv2(:)]; uv_ap = filter([denk(3:-1:1)"],denk,uv_ap);
end;
else %---ARX structure
phil =filter(numkl,denk,-ye_ap); phi2 = filter(numk2,denk,-ye_ap);
mPHI = [mPHI,phil(:),phi2(:)]; ye_ap = filter([denk(3:-1:1)",denk,ye_ap);
if vz
phivl = filter(numk1,denk,-yv_ap); phiv2 = filter(numk2,denk,-yv_ap);
mPHIV = [mPHIV,phivl(;),phiv2(:)]; yv_ap = filter([denk(3:-1:1)7,denk,yv_ap);
end;
end;
else
numk = [0 sqrt(1-abs(poles(k))*2)];
denk = [1,-poles(K)];
if NAflag==0 %---FIR structure
phi = filter(numk,denk,ue_ap);

mPHI = [mPHI,phi(;)]; ue_ap=filter([denk(2:-1:1)",denk,ue_ap);
if vz
phiv = filter(numk,denk,uv_ap);
MPHIV = [mPHIV,phiv(})]; uv_ap=filter([denk(2:-1:1)"],denk,uv_ap);
end;
else %---ARX structure
phi = filter(numk,denk,-ye_ap);
mPHI = [mPHI,phi(:)]; ye_ap=filter([denk(2:-1:1)"],denk,ye_ap);
if vz
phiv = filter(numk,denk,-yv_ap);
mMPHIV = [mPHIV,phiv()]; yv_ap=filter([denk(2:-1:1),denk,yv_ap);
end;
end;
end;

end;

function optimal_pole = arg_max(ze,NN,real_part,imaginary_part)

%ARG_MAX computes the optimal dominating pole by minimizing the squared error as given in section 7.2.

0

02 OPTIMAL_POLE = ARG_MAX(ze,NN,real_part,imaginary_part)

0

02 OPTIMAL POLE: returned the optimal pole based on the ARX mddélq) y(t) = B(q) u(t-nk) + e(td

0,

02 ZE: the output-input data, ZE=[ye ue] with ye and ue as column vectors, used for estimating the model parameters.
0,

02 NN: NN = [na nb nk], the orders and the true delay of the model. If na=0, the model will correspond to FIR model.
0,

02 REAL_PART: real_part = [started_point:step_size:ended_point] (equattgdpwithin unit circle.

0,

02 IMAGINARY_PART: imaginary_part = [started_point:step_size:ended_point] (equaltedpwithin unit circle.

% Piya Kovintavewat
% Revision:1 Date: 1998/10/15
if nargin<4, imaginary_part=0; end,;
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NA = NN(1); NB=NN(2);

NK = NN(3)-1; if NK<0, NK=0; end;

maxlength =length(ze(:,1));

if length(real_part)>1, step_size_r=real_part(2)-real_part(1); else, step_size_r=0; end;

if length(imaginary_part)>1, step_size_c=imaginary_part(2)-imaginary_part(1); else, step_size_c=0; end;
nmax = max([NA+1, NB+NK+1]); ii=nmax:maxlength; N=length(ii);

a_max=1[];
for i=1:length(real_part)
for j=1:length(imaginary_part)
poles =[]; pole = real_part(i)+imaginary_part(j);
if abs(pole) < 0.99
aPHI=[]; aPHIV=[], bPHI=[]; bPHIV=[], PHI=[]; PHIV=[];
if abs(imag(pole))>0 %---KAUTZ model
poles=[];  poles(1:NB/2)=pole;
[bPHI,bPHIV] = phi_gobfilt_arx(ze,ze,poles,0);
if NA~=0 %---ARX structure
poles=[];  poles(1:NA/2)=pole;
[aPHI,aPHIV] = phi_gobfilt_arx(ze,ze,poles,1);
PHI = [aPHI(ii,:),bPHI(ii-NK,:)];
else %---FIR structure
PHI = bPHI(ii-NK,:);
end;
else %---LAGUERRE model
poles=[];  poles(1:NB)=pole;
[bPHI,bPHIV] = phi_gobfilt_arx(ze,ze,poles,0);
if NA~=0 %---ARX structure
poles=[]; poles(1:NA)=pole;
[aPHI,aPHIV] = phi_gobfilt_arx(ze,ze,poles,1);
PHI = [aPHI(ii,:),bPHI(ii-NK,:)];
else %---FIR structure
PHI = bPHI(ii-NK,:);
end;
end;
Town = (PHI*PHI)/N;
gamma = (ze(ii,1)*PHI)/N;
a_max(i,j) = gamma*inv(Town)*gamma’;
else
a_max(i,j) = 0;
end;
end;
end
[yimax,irow] = max(a_max);
[yimax,jcol] = max(max(a_max));
optimal_pole = (real_part(1)+(irow(jcol)-1)*step_size_r) + (imaginary_part(1)+(jcol-1)*step_size_c);

function fit = fit_2stages(ze,zv,NN,pole,firPHI,firPHIV)

%FIT_2STAGES computes the fit of error of the two-stage echo canceller

%

% FIT = FIT_2STAGES(ze,zv,NN,pole)

%

% FIT: returned as the fit of error which is calculated from the two-stage echo canceller as given in section 6.4, where the
% first stage is a FIR model of NB parameters and the second stage is an orthonormal model of NA parameters.

%

% ZE: the output-input data, ZE=[ye ue] with ye and ue as column vectors, used for estimation process.

%

% ZV: the output-input data, ZV=[yv uv] having the same size as ZE, used for validation process.

%

% NN: NN =[na nb nk], the orders of each stage(na, nb) and the true delay(nk) of the model.

%

% POLE: The optimal pole used in an orthonormal model, where real-valued pole corresponds to Laguerre model and
% complex-valued pole corresponds to Kautz model. We use the same pole for every model order specified by NA.
% [ firPHI, firPHIV ]: The regression matrices corresponding to FIR model which is computed by the first stage NB
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% parameters from [firPHI, firPHIV] = phi_gobfilt_arx(ze,zv,poles,0), where poles =(zex83.

% Piya Kovintavewat
% Revision:1 Date: 1998/10/15

NA = NN(1); NB =NN(2); NK = NN(3)-1; if NK<0, NK=0; end;

vz=1; if size(ze)==size(zv), if norm(ze-zv)<eps, vz=0; end; end;
maxlength = length(ze(:,1)); nmax = max([1, NA+NB+NK+1]);
il = nmax:maxlength; N = length(ii);

poles = []; if abs(imag(pole))>0, poles = ones(1,NA/2)*pole; else, poles = ones(1,NA)*pole; end;
bPHI =[]; bPHIV =[]; [bPHI,bPHIV] = phi_gobfilt_arx(ze,zv,poles,0);

PHI =[]; PHI = [firPHI(ii-NK,:), bPHI(ii-NK-NB,:)];

if vz==1, PHIV =[]; PHIV = [firPHIV(ii-NK,:), bPHIV(ii-NK-NB,:)];

THETA = PHI\ze(ii,1);

if vz==0, ysim=PHI*THETA, else, ysim=PHIV*THETA; end;

fit = norm(ysim-zv(ii,1))/sqrt(length(ysim));

function optimal_pole = arg_max_2stages(ze,NN,real_part,imaginary_part,firPHI,firPHIV)

%ARG_MAX_2STAGES computes the optimal pole for using in an orthonormal model of the two-stage echo canceller,
% where the first stage is a FIR model of NB parameters and the second stage is an orthonormal model with FIR
% structure of NA parameters. The optimal pole is calculated by minimizing the squared error given in section 7.2.
%

% OPTIMAL_POLE = ARG_MAX_2STAGES(ze,NN,real_part,imaginary_part,firPHI,firPHIV)

%

% OPTIMAL POLE: returned the optimal pole of the two-stage echo canceller.

%

% ZE: the output-input data, ZE=[ye ue] with ye and ue as column vectors, used for estimation process.

%

% NN: NN =[na nb nk], the orders of each stages(na,nb) and the true delay(nk) of the model.

%

% REAL_PART: real_part = [started_point:step_size:ended_point] (equatbedpwithin unit circle.

%

% IMAGINARY_PART: imaginary_part = [started_point:step_size:ended_point] (equaltgdpwithin unit circle.

%

% [ firPHI, firPHIV]: The regression matrices of FIR model which is computed by the first stage NB parameters from
% [firPHI, firPHIV] = phi_gobfilt_arx(ze,zv,poles,0), where poles = z€rneB).

%

% Piya Kovintavewat

% Revision:1 Date: 1998/10/15

NA = NN(1); NB=NN(2); NK =NN(3)-1; if NK<0, NK=0; end;

maxlength = length(ze(:,1));

if length(real_part)>1, step_size_r = real_part(2)-real_part(1); else, step_size_r = 0; end;

if length(imaginary_part)>1, step_size_c = imaginary_part(2)-imaginary_part(1); else, step_size_c = 0; end;

nmax = max([1, NA+NB+NK+1]); ii=nmax:maxlength; N=length(ii);
a_max=1[1];
for i=1:length(real_part)
for j=1:length(imaginary_part)
poles=[]; pole =real_part(i)+imaginary_part(j);
if abs(pole) <1
if abs(imag(pole))>0
poles = ones(1,NA/2)*pole;
else
poles = ones(1,NA)*pole;
end;
bPHI =[]; bPHIV =[]; [bPHI,bPHIV] = phi_gobfilt_arx(ze,ze,poles,0);
PHI =[]; PHI =[firPHI(ii-NK,:), bPHI(ii-NK-NB,:)];
Town = (PHI*PHI)/N;
gamma = (ze(ii,1)*PHI)/N;
a_max(i,j) = gamma*inv(Town)*gamma’;
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else
a_max(i,j) = 0;
end;
end;
end;
[yimax,irow] = max(a_max);
[yjmax,jcol] = max(max(a_max));
optimal_pole = (real_part(1)+(irow(jcol)-1)*step_size_r)+(imaginary_part(1)+(jcol-1)*step_size_c)

function [order, fit, selected_poles, Energy]
= model_reduction(ze,zv,true_delay,real_part,imaginary_part,no_iteration)

%MODEL_REDUCTION searches the ordering of the optimal dominating poles based on the criteria of the system energy
% in the sense that the first sections contribute most to the overall impulse response of the original system in a
% guadratic sense as discussed in section 7.4.2.

0,

02 ZE: the output-input data, ZE=[ye ue] with ye and ue as column vectors, used for estimation process.

0,

02 ZV: the output-input data, ZV=[yv uv] having the same size as ZE, used for validation process.

0,

02 TRUE_DELAY: the true delays of the system

0,

02 REAL_PART: real_part = [started_point:step_size:ended_point] (equattedpwithin unit circle.

0,

02 IMAGINARY_PART: imaginary_part = [started_point:step_size:ended_point] (equaltedpwithin unit circle.

0,

02 NO_ITERATION: The maximum number of iteration used in this function in order to stop the process.(Default=50)
0,

02 ORDER: The minimum model order obtained from this function, based on the system energy criterion.

0,

02 FIT: The corresponding fit of error at obtained order and selected poles

0,

02 SELECTED_POLES: The ordering of the chosen poles in the order of importance..

0,

02 ENERGY: The accumulated energy at each order calculated from the squared absolute value of coefficient weights.

% Piya Kovintavewat
% Revision:1 Date: 1998/10/22

if nargin<6, no_iteration = 50; end;

if nargin<5, imaginary_part = 0; end;

NK = true_delay-1; if NK<0, NK=0; end;

vz=1; if size(ze)==size(zv), if norm(ze-zv)<eps, vz=0; end; end

maxlength = length(ze(:,1));

if length(real_part)>1, step_size_r=real_part(2)-real_part(1); else, step_size_r=0; end;

if length(imaginary_part)>1, step_size_c=imaginary_part(2)-imaginary_part(1); else, step_size_c=0; end;
selected_poles =[]; Energy =[]; sel_NB=0;

for number_loop=1:no_iteration
nmax = max([1, sel_NB+1+NK+1]); ii = nmax:maxlength;

%---Compute the energy of a first order section (only real poles)
temp_Energy = []; temp_total_energy =[];
for j=1:length(real_part)
choice_pole = real_part(j);
poles=[]; poles=[selected_poles, choice_pole];
bPHI=[]; bPHIV=[]; [bPHI,bPHIV] = phi_gobfilt_arx(ze,ze,poles,0);
THETA = bPHI(ii-NK,:)\ze(ii, 1);
temp_Energy(j) = abs(THETA(sel_NB+1))"2;
temp_total_energy(j) = sum(THETA."2);
end
[Ymax,imax] = max(temp_Energy); Emax=Ymax;
total_energyl = temp_total_energy(imax);
r_pole = real_part(imax);
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%---Compute the energy of two additional first order sections for either complex-conjugated pole pair or
% 2 identical real-valued poles.
temp_Energy = []; temp_total_energy =[];
nmax = max([1, sel_NB+2+NK+1]); ii = nmax:maxlength;
for i=1:length(real_part)
for j=1:length(imaginary_part)
pole = real_part(i)+imaginary_part(j);
if abs(pole) < 0.99
if abs(imag(pole))==0, pole=ones(1,2)*pole; end,;
poles =[]; poles = [selected_poles, pole];
bPHI =[]; bPHIV=[]; [bPHI,bPHIV] = phi_gobfilt_arx(ze,ze,poles,0);
THETA = bPHI(ii-NK;,:)\ze(ii,1);
temp_Energy(i,j) = sum(abs(THETA(sel_NB+1:sel_NB+2))."2);
temp_total_energy(i,j) = sSum(THETA."2);
else
temp_Energy(i,j) = 0; temp_total_energy(i,j) = 0;
end;
end;
end;
[yimax,irow] = max(temp_Energy);
[Ymax,imax] = max(max(temp_Energy));
total_energy2 = temp_total_energy(irow(imax),imax);
c_pole = (real_part(1)+(irow(imax)-1)*step_size_r)+(imaginary_part(1)+(imax-1)*step_size_c);
if abs(imag(c_pole))==0, c_pole = ones(1,2)*c_pole; end;

%---Compare the increasing energy of real pole and that of complex pole

if Ymax>Emax
if isempty(Energy), Energy = total_energy2; else, Energy = [Energy,total_energy2]; end;
selected_poles = [selected_poles, c_pole];  sel_NB =sel_NB+2;

else
if isempty(Energy), Energy = total_energyl; else, Energy = [Energy,total_energyl]; end;
selected_poles = [selected_poles, r_pole]; sel_NB =sel_NB+1;

end;

%---Check an additional energy
if length(Energy)>1, Threshold = (Energy(length(Energy))-Energy(length(Energy)-1)); end;
if (length(Energy)>1) & (Threshold < 0.001) %---Less than 0.1% of the previous energy
selected_poles = selected_poles(1:length(selected_poles)-1);
Energy = Energy(1:length(Energy)-1); break;
end;
end;

%---Compute the order and the fit of error from the resulting optimal poles

real_p = selected_poles(find(abs(imag(selected_poles))==0));
complex_p = selected_poles(find(abs(imag(selected_poles))>0));

order = length(real_p) + 2*length(complex_p);

poles = selected_poles;

nmax = max([1, order+NK+1]); ii=nmax:maxlength;

bPHI =[], bPHIV=T]; [bPHI,bPHIV] = phi_gobfilt_arx(ze,zv,poles,0);

THETA = bPHI(ii-NK,:)\ze(ii,1);
if vz==0, ysim=bPHI(ii-NK,:)*THETA; else, ysim = bPHIV(ii-NK,:)*THETA; end,;
fit = norm(ysim-zv(ii,1))/sqrt(length(ysim));

function [mPHI, mPHIV, GAMMA] = orthobase(ze, zv, poles, NAflag, w, T, NK)

%ORTHOBASE computes the regression matrices used in estimation/validation process and the matrix used for calculating
% estimated model frequency response for orthonormal model.

%

% [ mPHI, mPHIV, GAMMA ] = orthobase( ze, zv, poles, NAflag, w, T,)NK

%

% mPHI: returned as the regression matrix used for estimation process.

%

% mPHIV: returned as the regression matrix used for validation process.

% GAMMA: Matrix such that the estimated model frequency response = GAMMA*THETA,
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0,

02 ZE: the output-input data, ZE=[ye ue] with ye and ue as column vectors, used for estimation process.
0,

02 ZV: the output-input data, ZV=[yv uv] having the same size as ZE, used for validation process.

0,

02 POLES: is a matrix containing the set of chosen poles in a row.

0,

02 NAflag: The index used for indicating the type of model structures, i.e. NAflag=1 corresponds to ARX structure, while
% NAflag=0 corresponds to FIR structure.

0,

02 W: Vector of frequencies to evaluate freq. response at NOT in normalized, but in real freq.
0,

02 T: Normalized sampling time interval.

0,

02 NK: The true delay of the system.

% Modified from orthobase.m which was written by Brett Ninness (First written 9/8/94).
% Piya Kovintavewat
% Revision:1 Date: 1998/08/08

if nargin<7, NK = 0; end;

if nargin<6, T =1; end;

if nargin<s, w =[]; end;

if nargin<4, Naflag=0; end; Aflag = NAflag;

NK=NK-1; if NK<0, NK=0; end;

vz=1,; if size(ze)==size(zv), if norm(ze-zv)<eps, vz=0; end; end

mPHI=[]; mPHIV=[]; GAMMA =[];
ww = exp(*w*T);
ww_NK=exp(-*w*T*NK);

% Initialize the construction
num = sqrt(1-abs(poles(1))"2);
den =[1,-poles(1)];

if abs(imag(poles(1))) > 0
%------- If a pole is complex we have to include its conjugate
den = conv(den,[1,-poles(1)7);
alpha = 2*real(poles(1))/(1+abs(poles(1))"2);

if Aflag==0 %--FIR structure

phi = dlsim(num*sqrt((1-alpha”2)*(1+abs(poles(1))*2)), den, ze(:,2)); mPHI = [mPHI, phi(})];

if vz, phiv = disim(num*sqrt((1-alpha”2)*(1+abs(poles(1))*2)), den, zv(;,2)); mPHIV =[mPHIV, phiv())]; end;
else %--ARX structure

phi = dlsim(num*sqrt((1-alpha”*2)*(1+abs(poles(1))"2)), den, -ze(:,1)); mPHI = [mPHI, phi(:)];

if vz, phiv = disim(num*sgrt((1-alpha”2)*(1+abs(poles(1))*2)), den, -zv(;,1)); mPHIV = [mPHIV,phiv(})]; end;
end;
gamma = polyval(num*sqrt((1-alpha”2)*(1+abs(poles(1))"2)), ww)./polyval(den,ww); GAMMA = [GAMMA, gamma(:)];

if Aflag==0 %--FIR structure
phi  =dlsim(num*sqrt(1+abs(poles(1))*2)*[1,-alpha], den, ze(:,2)); mPHI = [mPHI, phi(:)];
if vz, phiv = disim(num*sgrt(1+abs(poles(1))*2)*[1,-alpha], den, zv(;,2)); mPHIV = [mPHIV,phiv()]; end;
else %--ARX structure
phi  =dlsim(num*sqrt(1+abs(poles(1))*2)*[1,-alpha],den,-ze(:,1)); mPHI = [mPHI, phi(:)];
if vz, phiv = dIsim(num*sqrt(1+abs(poles(1))"2)*[1,-alpha],den,-zv(;,1)); mPHIV =[mPHIV,phiv()]; end;
end;
gamma = polyval(num*sqrt(1+abs(poles(1))2)*[1,-alpha], ww)./polyval(den, ww); GAMMA = [GAMMA, gamma(:)];

%------- Now put complex-conjugated pole automatically for the next iteration.
num = num*[-poles(1)',1];

else
if Aflag==0 %--FIR structure
phi = dIsim(num, den, ze(:,2)); mPHI = [mPHI, phi(:)];

if vz, phiv = dlsim(num, den, zv(:,2)); mPHIV =[mPHIV, phiv(})]; end;
else %--ARX structure
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phi = dlsim(hum, den, -ze(:,1)); mPHI = [mPHI, phi(:)];
if vz, phiv = dIsim(num, den, -zv(;,1)); mPHIV = [mPHIV, phiv(:)]; end;
end;
gamma = (polyval(num, ww)./polyval(den, ww)).*ww_NK; GAMMA = [GAMMA, gamma(:)];
end;

% Now iterate through for as many poles as specified.
for k = 2:length(poles)
if abs(imag(poles(k))) > 0
%------- First test to see if the pole is complex or not.
num = real(sqrt((1-abs(poles(k))*2)/(1-abs(poles(k-1))*2))*conv(num, [-poles(k-1),1]));
den = conv(den,[1,-poles(K)]);
%------- If a pole is complex we have to include its conjugate automatically.
den =real(conv(den, [1,-poles(k)7));
alpha = 2*real(poles(k))/(1+abs(poles(k))*2);

if Aflag==0 %--FIR structure

phi = dlsim(num*sqgrt((1-alpha”2)*(1+abs(poles(k))*2)), den, ze(:,2)); mPHI = [mPHI, phi(:)];

if vz, phiv = disim(num*sgrt((1-alpha”2)*(1+abs(poles(k))*2)), den, zv(;,2)); mMPHIV = [mPHIV, phiv(})]; end;
else %--ARX structure

phi = dlsim(num*sqgrt((1-alpha”2)*(1+abs(poles(k))*2)),den,-ze(:,1)); mPHI = [mPHI, phi(:)];
if vz, phiv = dIsim(num*sqrt((1-alpha”"2)*(1+abs(poles(k))*2)), den, -zv(;,1)); mPHIV = [mPHIV, phiv(:)]; end;
end;

gamma = polyval(num*sqrt((1-alpha”2)*(1+abs(poles(k))*2)),ww)./polyval(den,ww); GAMMA=[GAMMA, gamma(:)];

if Aflag==0 %--FIR structure

phi = dlsim(sqrt(1+abs(poles(k))*2)*conv(num,[1,-alpha]), den, ze(:,2)); mPHI = [mPHI, phi(:)];

if vz, phiv = dlsim(sgrt(1+abs(poles(k))*2)*conv(num,[1,-alpha]), den, zv(:,2)); mPHIV = [mPHIV, phiv(:)]; end;
else %--ARX structure

phi  =dlsim(sgrt(1+abs(poles(k))*2)*conv(num,[1,-alpha]), den, -ze(;,1)); mPHI = [mPHI, phi(})];
if vz, phiv = disim(sgrt(1+abs(poles(k))*2)*conv(num,[1,-alpha]), den, -zv(:;,1)); mPHIV =[mPHIV, phiv(:)]; end;
end

gamma = polyval(sqrt(1+abs(poles(k))*2)*conv(num, [1,-alpha]), ww)./polyval(den, wwy);
GAMMA = [GAMMA, gamma(:)];

%------- Now put complex-conjugated pole automatically for the next iteration.
num = conv(num,[-poles(k), 1]);

else
num = real(sqrt((1-abs(poles(k))*2)/(1-abs(poles(k-1))"2))*conv(num,[-poles(k-1)', 1]));
den = conv(den,[1, -poles(k)]);

if Aflag==0 %--FIR structure

phi = dlsim(num,den,ze(;,2)); mPHI = [mPHI, phi()];

if vz, phiv=dilsim(num,den,zv(;,2));  mPHIV = [mPHIV, phiv(:)]; end;
else %--ARX structure

phi  =dlsim(num,den,-ze(:,1)); mPHI = [mPHI, phi()];
if vz, phiv = dlsim(num,den,-zv(;,1)); mPHIV = [mPHIV, phiv(:)]; end;
end;

gamma = (polyval(num, ww)./polyval(den, ww)).*ww_NK; GAMMA = [GAMMA, gamma(:)];
end;
end
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