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Abstract

Echo cancellation in hands-free communication has been a widely investigated
problem. Rooms in general, have impulse responses of several of thousands samples
unequal to zero, when sampled at 8 [kHz]. A FIR (Finite Impulse Response) model of
a room would lead to thousands of parameters that would have to be adapted within
the sample time when the conditions in a room change (persons walking around etc.)

This report aims to model the room impulse response with an IIR (Infinite Impulse
Response) filter bank. One might expect IIR filter banks to approach the physical
problem better than FIR filter banks. A special realization of a IIR filter bank, the
Kautz filter bank is chosen for this purpose.

The complexity of the problem is researched with the aid of a physical model and the
Gabor transfonn. Several modeling methods are investigated to test their suitability to
model these room impulse responses. Also, to the problem dedicated methods have
been tested on their perfonnance.

From the investigated method, the Prony method shows the best results. 844 poles
were found with a suppression of 14 [dB] (without considering the adaptation
process). This in contrast to the FIR, which needed 1200 coefficients.
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Introduction

1. Introduction

During several years a lot of research effort has been put into hand free telephoning,
teleconferencing and other applications involving communication systems with a
microphone and a loudspeaker present in the same room. The old solution, a
microphone and loudspeaker acoustically divorced does not longer meet the
expectations of modem telecommunication systems.

The general situation for a hand free communication system is sketched in Figure 1-1.
In general, a speech signal enters microphone MI. This speech signal enters, after
passing the channel, via the loudspeaker L2 room 2. The same speech signal is then
filtered by the transfer characteristics of room 2. The transfer functions concerning the
microphones and the loudspeakers are omitted for convenience. The signal is
registered by microphone M2. Mter passing a channel again, the signal again reaches
room 1 via loudspeaker L1.

Room 1

Ml

Room 2
L2

E----Person 2

Figure 1-1: General setup for handfree telecommunication systems

This has two consequences. Due to the presence of amplifiers in this system, it is
possible that the amplification through the whole signal path is greater than one,
resulting in the well-known whistling noise. The other annoying property of such a
system is the fact that the speaker (in this case Person 1) hears himself with a slight
delay. This complicates communication in a severe way.

To avoid these effects, two filters are included in the communication system, one at
each side of the system. These fIlters 'try' to imitate the transfer functions. Hcompl

'tries' to approximate H Ll -+ M1 and Hcomp2 'tries' to approximate H L2-+ M2 • Hence

these filters are called compensators. In fact, these compensators are in the most ideal
situation, an electric replica of an acoustic system, the room.

H L1 -+ M1 and H L2 -+ M2 are called Room Transfer Functions (RTF's). The RTF is the

Fourier transform of the room impulse response. A complete system of loudspeaker,

7



Introduction

room and microphone in this configuration is called a LEMS (Loudspeaker Enclosure
Microphone System).

Figure 1-2 sketches the situation on one side of the communication system, with
nobody speaking in the microphone.

LEMS

x(t)

e(t) yet)

Figure 1-2: One side of the communication system

The LEMS also incorporates a person walking around in the room, and for example,
other, more slow processes, like temperature variations. These processes in general
alter the RTF. The compensator must be able to track these alterations in the RTF,
and must therefore be adaptive.

There is a strong relation between the reverberation time of the room and the length of
the acoustic impulse response of a room. The reverberation time, the time it takes for
an acoustic impulse response to reach a level of -60 [dB] beneath the initial level, may
very well be 0.4 [s] long. The signals involved, speech signals, typically sampled at 8
[kHz], forces us to model the impulse response of the room with several thousands
samples.

There are other options to solve the above problem, but all involve deficiencies like:
• a studio environment is required
• only half duplex communication is provided
• the speech signal is distorted
• the attenuation between loudspeaker and microphone is insufficient
(see [1]). Therefore, this report concentrates on the alternative, finding an electric
modeL

[1] And [2] report on several algorithms for the adaptation of the weights in the case
of FIR filter banks. However, alternatives for this FIR (Finite Impulse Response) filter
bank are not considered in [1] and [2].

[3] Develops a simple acoustic model of a room, and a person walking around in this
room (modeled by a sphere). With the aid of acoustic field theory, based on a ray
model and stochastic approach, the acoustic pressure Pscan (to ,xo) due to the
movement of the sphere, at the location of the microphone can be derived. The same
can be done for moving the sphere with a speed v to a new location xo+x' in a time t'.

8



Introduction

This expression can be used to find (lJl expression for the autocorrelation function

E {Pscalt (to, to) Pscalt (to, to + t')}. The authors use this expression to evaluate aLMS

algorithm. They conclude that the basic LMS algorithm is not capable to track the
nonstationarities caused by a person walking at normal speed through a living room if
the bandwidth of the system is that of speech or larger, and if the length of the filter is
so large that the error due to the nonstationarities is greater than the error due to the
finite length of the adaptive filter.

[4] Also reports on other methods for adapting the filter coefficients than the already
mentioned (inadequate) LMS algorithm. Examples are:
• NLMS algorithm, which improves the speed of convergence by appointing

individual step sizes for the coefficient updates;
• frequency domain algorithms;
• subband methods;
• block LMS structures;
• conjugate gradients algorithms;
• and RLS algorithms.

Perhaps a wrong point of departure is chosen for the modeling of the R1F. The idea of
using a tapped-delay line in modeling the problem, arises from the well-known
properties of such a filter. Faster adaptation algorithms [4] can be used to bypass the
inability of the LMS algorithm to track the highly non-stationary RTF. These kind of
solutions do however pass the more fundamental problem if the tapped-delay line is
the appropriate model for a R1F. Therefore, faster algorithms are not treated in this
report.

In [8] the authors point out by raising the question: "Does it make any physical sense
to fit a pole-zero model to the phenomenon underlying the echo?" that the properties
of a tapped-delay line (FIR filter bank) as model, do not stem from any physical
background related to the problem. They suggest an ARMA (Auto Regressive Moving
Average) model for the RTF. Such an ARMA model is based on a pole-zero model,
instead of an all-zero model and has an impulse response of infinite length. These
models can bear a better relation with reality, because damped oscillations do
resemble the modes (eigenvibrations) in a room.

The authors of [8] use balanced model reduction to fmd an ARMA model from a FIR
model. The results of theirresearch are encouraging, and hence, they conclude that IIR
(Infinite Impulse Response) adaptive filtering must be considered a possible
alternative to FIR adaptive ftltering for the acoustic cancellation problem.

[6] And [7] tested two criteria for performing system identification in order to find
and ARMA model: OE (Output Error) and EE (Equation Error). The EE model
structure used was an ARX (Auto Regressive with Exogenous input) structure. The
authors concluded that no substantial reduction in coefficients, compared to the MA
(Moving Average) FIR model can be made.

[5] Reports a similar fmding. The author justifies in first instance the choice for a RF
(Recursive Filter) by the fact, every single maximum in the R1F can be simulated by a

9
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general second-order recursive section. One example of a measured R1F is plotted in
Figure 1-3.

101
.-------------------------,

10-3

10-4~------------------------'

o

Figure 1-3: The RTF ofa LEMS

The author found in his measurements around 80 maxima, leading to 4x80=320 free
parameters (a second order recursive filter section has four free parameters). This
yields a coefficient reduction of 3 to?

The author used a transversal recursive filter, a tapped-delay line with at some
equidistant taps recursive sections. The result is added and forms the filter output. The
best results were achieved with 64 recursive sections placed at each 2 taps in a 128
taps long tapped-delay line. The result was comparable to a 200 taps tapped-delay
line. From this result the author concluded that nothing was gained, and the tapped
delay line seemed the appropriate choice as filter structure.

Judging on [1] to [8], there is a lot of disagreement if, and how the acoustic echo
cancellation problem can be solved satisfactorily. In the time, other new filter
structures have evolved based on Kautz functions [9,15]. These filters combine a lot
of the nice properties of the tapped-delay line, such as energy conservation along the
bank, and orthonormality of the filter outputs, however, the main advantage is the IIR
of the Kautz filter. When the poles in the model are kept at a fixed location, the Kautz
filter bank enables the use of many of the algorithms previously used in combination
with the tapped-delay line. Examples are LMS, RWLS (Recursive Weight Least
Square) and NLMS.

The goal of this report is to investigate if Kautz filter banks are applicable in finding a
solution for the acoustic echo cancellation problem. In order to do so, it is first
necessary to research the complexity of the problem. This research, gives an
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impression of the number of free parameters involved by evaluating a simple
acoustical model. This is also done with some measurements (impulse responses) of
the room. This is carried out in Chapter 2.

In Chapter 3 several methods are investigated to find an ARMA model. These
methods can be roughly divided in classical methods like Prony, Steiglitz McBride
and an iterative Prony method at one side, and at the other side some methods more
dedicated to the problem of modeling the RTF. In this chapter a selection from this
modeling methods is made based on partly a synthetic model and the real acoustic
impulse responses.

Chapter 4 gives a short description of the Kautz filter bank and its properties.

Chapter 5 discusses the results of applying the selected method to the measured
impulse responses. The model is reduced to one of a lower order.

Chapter 6 finally discusses the results..

The data in this report are impulse responses measured at Philips Research
Laboratories. Appendix I describes under which conditions and how they were
measured.

11



Investigating the complexity

2. Investigating the complexity

2.1 Introduction

There are numerous ways to get an idea of the complexity of the acoustic echo
cancellation problem. Some of these ways will be discussed in the next paragraphs,

The problem can be viewed upon as a physical problem. Information present in
advance such as physical dimensions, building materials used and decoration and
furniture in the room can be used to develop a model. These models are in general
very complex. This is shown in the next paragraph, where a model is developed solely
based on the room dimensions. Such a 'white box' model cannot be used as an
'electronic model' as in Figure 1-2, to actually suppress the echo, due to it's
complexity. The physical model is used to show how many acoustic modes are
present in the available bandwidth and how they are distributed along the available
bandwidth.

The next strategy is using a Gabor transform to investigate how the signal is
distributed in time and frequency. The Gabor transform does have a certain
relationship with the 'degrees of freedom' [15] in the model that is searched. How
these 'degrees of freedom' map on the model parameters is not investigated, the
Gabor transform is only used to make an estimate of the amount of 'degrees of
freedom'. Furthermore it can be used as a tool to demonstrate how many time samples
certain frequencies in a room impulse response playa role.

To conclude this chapter, a method known from control engineering is used to make
an estimate of the amount of parameters in an IIR model. This method is based on the
'black box' assumption. No a-priori knowledge of the system (room) is used. Another
similar method on can be found in [14].

2.2 The link to acoustic field theory

1IR models offer, in contrast with FIR models, the possibility to capture some of the
'true' system dynamics of a plant, process or other physical phenomenon. Many
authors [5,6,7,8] suggest that there is a possible relation between denominator
polynomial in this model and modes (eigenvibrations) in a room. To investigate this
for a FIR filter bank, the authors of [3] develop a statistical model and calculate the
effect of a person moving through this room on the autocorrelation function of the
pressure present at the microphone.

When movement is not taken into consideration it is possible to derive a simple
acoustical model. In this model an expression is derived for the sound wave velocity

13
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potential in a rectangular cavity (model for the room). From this quantity, the sound
wave velocity and the local pressure as function of time and space coordinates can be
derived.

The purpose of this simple model is twofold. The first goal is investigating how many
parameters are involved in the modeling of a room transfer function. In order to do so,
first the linear wave equation for acoustic airborne waves in a fluid (gas or liquid) is
derived. Several neglects are made during this derivation in order to end up with a
linear differential equation. This derivation can also be found in [11,12,13]. Secondly
a simple room model is developed to investigate how many modes this simple model
yields, and how their corresponding frequencies are distributed along the available
bandwidth.

The second goal is to show that there is a relation between linear systems and the
acoustical problem. There is shown that acoustical systems can be dealt with as linear,
but time varying systems. This justifies the use of a linear model.

2.2.1 The acoustic linear wave equation

The Navier-Stokes equation

The first equation to investigate is the Navier-Stokes equation of motion given by:

P Fluid density [kg. m-3
]

U Velocity vector [m. s-I]
P Pressure [Pa =kg ·m-I

'S-2]

g Gravitional acceleration vector [m. s-2 ]

J1 Bulk Viscosity for Newtonian Fluids [kg' m-I
• S-I]

J1v Sheer Viscosity for Newtonian Fluids [kg· m-I
• S-I]

n' n a A a A a A [ I]
V LaplacIan operator ~ J:...= ax x+ ax Y + ax z m-

This expression can be derived by taking an infinitesimal volume element of fluid and
by taking in account the forces excited on this volume element. This volume element
resists being compressed and tries to return to it's original state, just like a spring does
when pulled.

Looking at this equation one can immediately see that an acoustic wave is a three
dimensional wave. The first part of the equation which is usual neglected are both
viscosity's parameters. Air is a fluid with a small viscose behavior when it is

14
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compared for example with water. This neglect is valid for an airborne sound wave
but not in the neighborhood of walls (see for example [10] IV.6).

FurthemlOre the vector U can be separated uniquely into two parts, a longitudinal or
irrotational part UL and a transverse or rotational part UT. Fluid motion due to
acoustic waves is per definition a longitudinal wave. This means that the transverse
part is usually neglected. However air circulation due to room heating can influence
this transverse part. In [13] is noticed that in case of sea water the fluid motion due to
internal waves is transverse. This can also be said of air circulation due to central
heating. If this is not taking into account the Navier-Stokes equation of motion can be
simplified to(2-2), which is better known as Euler's equation of motion.

U=UT+Uv UT=O- --
VxU L =0, V·U T =0

d 4 2
P dt U = -VP+ P ~ = (!Lv +3"!L)V U

a 2 a 2 a 2

With V
2

= a x2 + a·l + aZ2 and !Lv = !L = 0, Euler's equation of motion is now

given by:

The equation of continuity

a
P -U=-VP+pgat- - -

(2-2)

The next equation of importance is the equation of continuity, better known as the
equation of conservation of mass.

aatp dV +V. (p U) dV = p Q dV (2-3)

This equation can again be derived from taking an infinitesimal volume element dV.
An acoustic wave is by means of compressing and expanding the fluid adding fluid to
or respectively extracting fluid from the volume element dV.

a
The term at p reflects the, with time increasing density in the volume element dV

due to the influx - V· (p U) dV . Q is the volume flow rate per unit volume of fluid

due to the sound source. Equation (2-3) can be simplified to:

a
-p +V.(p U) =p Qat - - (2-4)
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The linear wave equation

Starting from Euler's of motion (2-4) the linear wave equation can now be derived.
The velocity of the fluid can be expressed as an ambient fluid velocity!!!!., which in
this case is assumed zero, and a change in this ambient fluid velocity !! due to the
presence of a sound wave. This leads to:

a
P at U =-Y'P + P~, U =Uo +!!

P (:t!!+(!!· V)!!) ~ -VP+ P gL

Furthermore the condensation s, which is the relative change in density of the fluid
due to the presence of an acoustic wave is introduced. po Is the ambient pressure, and
p is the pressure due to the acoustic wave.

P -Po
p =Po + p, S =..:.....---=---"-

P
S

p""'
ICE

(2-5)

P Is related to the condensation S by means of the adiabatic compressibility ICE in the
case of air (the entropy remains nearly a constant in the case of a passing sound wave).
In this report only sound waves with a relatively small amplitude s«l are
considered. With this knowledge first the equation of continuity can be simplified.

a a
-p- Il at -rOat

.Y'.(p !!)=!!.Y' p+p Y'.!!=!!.Y' [Po(s+l)]+Po(s+l)Y'.!!"",!!.Y' Po+PoY'·!!

P Q = Po(s+ l)Q "'" PoQ

Leading to:

a Y..P o
-s+--·u+Y'·u=Qat Po - -

The speed of sound is given by the following equation:

fI~
c=v~=vP;

(2-6)

(2-7)

With the aid of the expression derived for the pressure (2-5) the following expression
can be derived for the pressure p:

16
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2. 1 p
c =--z-

1(EPO sPo

2P z Po SC

Taking the gradient of (2-8) the following can be derived:

This can be substituted in (2-2), Euler's equation of motion leading to:

Differentiating on both sides with respect to t:

(2-8)

In case of homogenous fluids like air in a room, c and po are constants. Due to this,
Vc Y..P 0

the two vectors =- and -- reduce to zero vectors.
c Po

The assumption of air being homogenous, is not completely correct. People present in
a room, breathe and smoke, and hereby alter the homogenous distribution of the air.

Vc Y..P 0
However, if the fluid is assumed to be homogenous and the vectors - and --

c Po
are neglected, the following equation is obtained:

(2-9)

The velocity of sound in air of 293 [K] is 343 [ms-I
].

Ig~1 z 88.9.10-6

C

Let's assume that the wave equation is linear (this will be proven later on), with.li the
propagation vector and I the position vector:

17
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s =exp(-j~' r)exp(j27r f t)

The following quantities can then be derived:

as
-=kc
at

as 2
V-=kc-a t

With Ikl =2:f is the wave number with units of radians per meter (see 2-15 and 2

16).

Table 2-1 Approximate values of the terms involving the condensation s in (2-9)
several representative frequencies in the case ofair.

f[Hz]

1
50

250
1000
2500
5000

0.0183183
0.9159162
4.5795811
18.318325
45.795811
91.591623

IgLI~
Po at

558.6*10.6

27.93*10.3

139.6*10,3
558.6*10,3
1.396*10°
2.792*10°

2155*10°
107.8*103

538.9*103

2.155*106

5.388*106

10.78*106

as IgLI as
As can be seen from Table 2-1, the term V-a » -=- -a . Therefore(2-9) can be

- t Po t

reduced to:

1 a 2 as
---u--V
c2 a t2 - - - at

(2-10)

The velocity vector!! can be expressed in terms of a velocity potential cp by means of
the relation:

(2-11)

It is further possible to find a similar expression for the pressure. In general, the
pressure is viewed as the 'effort' variable, and the propagation speed and direction is
considered the 'flow' variable. It is also possible to define an characteristic
impedance, reflection and transmission coefficients similar like the behavior of
electromagnetic waves upon entering a different medium. To be complete, the
expression for the pressure is given by:

18
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(2-12)

For more details see [13]. Substituting (2-6) in (2-10), and using (2-11) leads to the
following:

l-~U=-V[Q- Y..Po 'U-V'U]c2 a t2
- - Po - --

(
Y..Po J 1 a2V(V·u)+V -·u ----U:::::Vn- - - - Po - c2 a t 2 - ~

( 2) (Y..P 0 J 1 a2v V qJ +v P;' VqJ --;;r at2 VqJ::::: YQ

(

2 Y..Po 1 a 2 Jv V fIl+-. VfIl----fIl ::::: vn
- 'f' Po _'f' c2 a t 2 'f' ~

Assuming the air is homogenous in a room, the term Y..P 0 can again be set equal the
Po

zero vector. This results in the following equation:

1 a2

V
2

qJ (t ,r) - c (r)2 at 2 qJ (t ,r) ::::: Q(t ,r)

Take xM (t ,r) =Q(t ,r) [S-I], the acoustic source to the fluid medium. The linear wave

equation for acoustic signals is now given by:

(2-13)

2.2.2 The solution of the homogenous linear wave equation

The solution of the homogenous (xM (t,r) =0) linear wave equation in a rectangular

coordinate system can be derived by means of separation of variables. But first it is
assumed that the velocity potential qJ (t,r) , r = X! + yy+z~ , can be separated in a

time dependent part and a place dependent part.

qJ (t,r) = qJt (rJexp(j2n f t)

When this is substituted in the time-dependent wave (2-13), this yields:
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which is known as the time-independent Helmholtz equation. The solution of this
equation can be found by separation of variables:

(2-15)

(2-16)

The factors Ai correspond with waves traveling in the positive direction and the
factors Bi correspond with waves traveling in the negative direction. When the wave
propagation is present in an unbounded medium, where no reflections are present the
solution of the Helmholtz equation can also be written as:

where

making the total solution:

qJt Ct,!:) = Aexp(-j!i"!:)exp(+ j27C f t)

2.2.3 The rectangular cavity as room model

In first approximation a room can be modeled as a rectangular cavity with ideal rigid
boundaries as pictured in Figure 2-1. This is however a very crude approximation. A
rectangular cavity is in general not a good approximation for a room, but it can be
used as an 'building block' to make better approximations. In this particular case it is
used to demonstrate the large amount of 'mathematical degrees of freedom' which a
simple model leads to.

z

~------+---f-7---+ Y

x
Figure 2-1: Rectangular cavity
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Also the assumption that all the materials are (acoustically) rigid is a very crude
assumption. A wide range of materials are used, like bricks, plaster work, curtains,
windows etc. Some materials have some 'nasty' resonating properties. Examples are
windows and wall panels. These materials do not only reflect sound waves local on
the place where the sound wave is incident, but also global. The vibrations travel over
the whole surface of for example a window and set air in motion over the whole
surface of the window. Other materials have a rough surface, which diffracts the
sound waves in various directions. In general, rooms do have furniture and other
objects which scatter sound waves.

Now lets start again with the solution of the linear wave equation:

qJ t(x,y,z) = X (x)Y(y)Z(z)

X(x) = A.:ce-jk•.:c + B.:cejkx.:c

Y(y) = A e- jkyY +B ejkyY
Y Y

Z(z) = Aze-jk,z + Bzejk,z

qJ (t ,r) = qJt (r) exp(+2n f t)

ut,n (r) = ft, V qJt (r) exp(+j2n f t)

With ft is the unit normal vector perpendicular to the boundary surfaces, pointing

outward on every boundary surface.

~ [ d ~ d ~ d~]ut,n(x,y,z)=!!' Y(y)Z(z) dxX(x)!+X(x)Z(z) dyY(y)I+X(x)Y(y) dZZ(z)~

(2-17)

The first boundary condition is at x=O, which corresponds to the YZ plane (Figure 2
1). The unit vector ft points to the negative x direction: ft = -,g. With the use of this,

and since the normal component of the acoustic fluid velocity vector must be equal to
zero on a rigid boundary (2-17) reduces to:

Ut,n (O,y,z) =- Y(y)Z(z)~ X(X)I =°
dx .:c=o

Substituting the component for X(x) in this equation leads to the following equation:

jk.:cy(y)Z(Z)(A.:c - BJ = °
and since this expression must hold for all allowed values of y and z at x=O,

B.:c =A.:c (2-18)
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At the other side, at Lx, of the cavity a similar derivation can be made. The normal
vector here is pointing in the positive x-direction: !1 = !.

With the aid of the expression for X(x) and (2-18) the following equations can be
found:

2Ax k xY(y )Z(z) sin(kx Lx ) =°
sin(kxLx ) =0

k x Lx =I1r, 1=0,1,2, .

or:
11r

k x = L' 1=0,1,2, .....
x

In order to satisfy the boundary conditions, the propagation component is only
allowed at certain discrete values. Similar expressions can be found for kyand kz:

11r
k x =T' 1=0,1,2, .....

x
m1r

ky = 4' m = 0,1,2, .....

n1r
kz = L' n = 0,1,2, .....

z

Substituting these wave numbers and the amplitudes Ax, Ay, Az, Bx, By and Bz back
into the expression for the wave equation 2-14, the following expression can be found:

11r 11r 11r
qJ t.lmn(x,y,z) =Almn cos(Tx)cos( T y)cos(L z ), l,m,n =0,1,2, ....

x ~ Z

Almn = 8AX AyAZ

where the subscript lmn corresponds with the (l,m,n) eigenfunction or normal mode of
the cavity. This solution is of the solutions of the homogenous solution for the time
independent Helmholtz equation. The total solution is given by the summation of this
solution over all values of (lmn).

~

qJ t(t,r) =LLLqJ t.lmn(r)exp(+21r hm/)
1=0 m=O n=O

~ ~ ~ 11r 11r 11r
qJ(t,x,y,z) =LLLAlmn cos(-x)cos(-y)cos(-z)exp(+21r Ilmnt)

1=0 m=O n=O Lx 4 Lz
(2-19)
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Withfimn equal to:

This is the solution for the homogenous case.

The amount of eigenvibrations (modes) and the distribution of the modes present in a
room, can be demonstrated in a small calculation example, take for example the
measurements of the room which is used in this report.fmax=4 [kHz], Lx=7.80 [m],
Ly=3.60 [m], Lz=3.45 [m] and c=343 [mls] (at 293 OK);

Each combination of lmn fulfilling this inequality is a candidate for an eigenvibration.
It can be verified that 658,047 combinations of lmn fulfill this inequality. This simple
calculation example shows how many modes are possible in the worst case. However,
there always will be a smaller set of dominating modes. Therefore the set of necessary
modes can perhaps be smaller in practice.

The result can be plotted in a figure. This can for obvious reasons not be done for all
658.047 combinations. In order to demonstrate the distribution of the modes over the
frequency range 0 - 4000 [Hz], the original 658.047 combinations can decimated by
sorting the modes in ascending order, taking the median value over sets of 6000
modes and plotting them in Figure 2-2.

Yes

No
o 500 1000 1500 2000 2500 3000 3500 4000

~

Frequency
Figure 2-2: Decimated modes present in the measurement room

From Figure 2-2 can be concluded that the modes become more dense, when the
frequencies are higher. In reality, the walls could absorb these higher modes more than
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the lower modes. However, the effect is so clearly present that after modeling the
room transfer function, a similar effect should found and even dominate the modeL

In real cases however a loudspeaker (source) is present, which forces sound waves
into the cavity. Assume a point source 8 (r - r o) is taken as a source. When
neglecting the time dependent part, this gives rise to the following expression [13]:

rp /r) = Jxt,M(ro)gA rlro)d~
Vo

The function g is a Green function (see next paragraph). So is the surface of the
enclosed volume and no is the normal vector pointing outwards on this surface. The
first integral on the right hand side can be associated with the homogenous solution.

2.2.4 The description of an acoustical system with linear filter theory

A sound source can in first instance be modeled as a point source 8 (r - ro). This is a

omnidirectional unit-amplitude source, which is only present at r = ro . The solution

of the inhomogenous Helmholtz equation (2-13) with XM(r) = 8 (r -ro) and c, the

speed of sound, independent of the position r. The solution of this equation is a so
called Green function defined by:

In general, an acoustical system can be described with Fourier transform techniques.
A three dimensional Fourier transform can be defined for the space dependent part of
the Helmholtz equation and because the space and time part of the Helmholtz
equation are completely separable, a 'normal' time Fourier transform can be applied
to the time dependent part. In this way, an arbitrary sound source can be modeled.

~

<1>(1] ,r) = 1'; {rp (t ,r)} = Jrp (t ,r) exp(- j21r 1] t)dt

~

<1>(1] ,~) =1';. {<I>(1] ,r)} =J<1>(1] ,r) exp(j21r~. r)dr

The variable 1] corresponds with the frequency and Ii corresponds with the spatial
frequency. The frequency and angular spectrum <1>(1] ,~) corresponds with the
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direction of the harmonics in the signal and the frequency of the signal. The time
dependent Helmholtz equation can be Fourier transformed in respect to time. This
leads to the following expression.

When this expression is Fourier transformed with respect to position, a product form
can be derived for example in the case of free space propagation in an unbounded
medium.

V 2 <1>(1J r)+(2;
1Jr<1>(1J,r) = X M (1J,r) =exp(-2n71 t o)8 (r-ro)

Fr
)

- ((27rfix Y+ (27rf3r Y+ (27rfiz Y)<1>(1J ,~) + (2;1Jr<1>(1J ,~) = exp(-2n71 to) exp(+27r ~ . ro)

I

with

the transfer function of free space propagation. In the time - space domain this can be
described as an convolution integral:

(2-20)

The one-integral-sign over the space vector r is substituting three integral signs.
Because an arbitrary steady (not moving) point source Xm in an unbounded medium
leads to a time and space invariant expression, hm can be written as:

hm(t,r ;to,ro) =hm(t-to,r-ro)- -

The solution of the wave equation in the case of a not moving sound source in an
unbounded medium degenerates the problem to a time-invariant respectively space
invariant filter problem. For example, a moving source implicates a Doppler shift. In
the case of applying a sound source to the problem of the rectangular cavity, where is
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dealt with a bounded medium the problem is however time variant, and dependent on
the position of the listener.

In the case of a LEMS, the microphone is not moving. Persons in the room however
are moving. Assuming there is no movement, it should be possible to construct a
transfer function. Such a transfer function, can when coupled with the transfer
functions of the apertures (microphone and loudspeaker) be associated with the
compensating device. In such a place dependent transfer function H M (r., 1] ,~) the

position can be eliminated for example by setting this position equal to the position of
the receiving aperture (loudspeaker) and this result should be equal to the
compensating device transfer function.

2.2.5 Conclusions from an acoustical point of view

As one can see, several neglects are made in the derivation of the linear wave
equation. Let's start from the beginning, the derivation of the Euler equation of
motion. In this derivation the fluid is considered homogenous. This implies that the air
has the same composition over the room. This is however not always true. For
example, people can smoke in a room and must be able to breath (exhaling a more
carbon dioxide rich air) and so on. Further, a homogenous composition means also
that there is no density gradient in the equilibrium density, that is, in the absence of a
sound wave, examples of this are open windows. The effects of this however, are
minimal and the neglects made in this matter are justified.

Also the neglecting of the transverse part is justified. Central heating can locally
disturb the solution of the differential equation. Air circulation due to heating, moving
of people, wind trough an opened window are relatively slow when compared with the
speed of sound.

Temperature gradients due to central heating can also influence the expression for the
speed of sound (2-7). The density of air is of course also a function of the temperature.
This expression can be made linear, when assumed we are dealing with a perfect
diatomic gas [11].

Other, until now not considered neglects, are the thermal conductivity and the viscose
behavior of gas. These processes tend to transform the organized motion of sound into
the disorganized motion of heat. Both, the viscosity and the thermal conductivity of
air are small. Although it can be useful to look at a first order-approximation, the
energy transfer takes place so slowly that it's probably not or barely noticeable in a
room with relatively small dimensions. For a sound wave of 1000 [Hz] must travel
around 10 [km] in open for its intensity to be reduced by a factor 3. In the
neighborhood of walls however, these problems playa more important part [10,12].

All of these effects separately, playa minor role, but together they can add a noisy
component to the sound wave.
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If the room is modeled as a simple rectangular cavity, one can easily see that there are
a lot of possible combinations of wave numbers present in the solution for the
homogenous problem. Each permutation of lmn givers rise to a new mode and thus, to
one complex degree of freedom. It can be shown that the number of degrees of
freedom increases rapidly with increasing frequency (Figure 2-2).

The problem's complexity increases when a more real model is used as a model for
the room, and for example, when the damping of the walls is incorporated in the
model. This damping is much larger than the free-space damping. This means that
jumps in amplitude take place when a sound wave 'hits' the wall.

Another important conclusion is that there can be established a link between the
acoustical transfer function and the compensator model. This relation is complex and
of high order, but it should be possible to associate a mode with a complex pole pair.
This is based on the fact that linear techniques can be applied in order to derive the
acoustic transfer function. These are essentially the same techniques which are used in
network theory.

The damping of an acoustic wave in free space is small, and probably negligible when
compared with the dimension of a room. The damping caused by the walls however,
is not negligible. This damping also takes places in the form of discontinuities when
the time-dependency of the signal entering the microphone is considered. This makes
it virtually impossible to associate a damping factor with one oscillation. To bypass
this problem, there is also the possibility to delay some exponential sequences, and
'start' them when a sound wave 'hits' the wall in order to model the discontinuity in
the damping.

When the movement of persons and objects is taken into consideration one could only
hope that the variations in the room which take place in tree dimensions could be
modeled with an adaptive model in one dimension.

2.3 'Degrees of freedom' and the Gabor signal expansion.

2.3.1 Introduction, the Gabor signal expansion

To get an impression of the number of degrees of freedom a Gabor signal expansion
can be useful. This Gabor signal, expansion is a mathematical 'tool' to describe the
signal in the time domain and the frequency domain simultaneously. The available
data are measured impulse response data of a certain room. This data, is a set of
samples, sampled with a certain period T. Therefore the impulse response data is a
function of the time only.

The Gabor transform, is not simply a transform from one domain to another. It is also
a transform which has one 'source' dimension, and two 'destination' dimensions. This
implies that there are more possibilities for the inverse transformation.
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The Gabor transform also introduces a certain conflict. Time has the unit of seconds
and frequency has a unit of Hertz (seconds· I

). As a consequence of this, the Gabor
signal expansion must satisfy certain restrictions. These restrictions are similar to
'Heisenberg's uncertainty principle' in mechanics. This principle states that it's
impossible to determine accurately the position and velocity of a particle at the same
instance of time. Time is necessary to determine the direction and the velocity. The
position- of the particle changes during this time. In case of a local frequency
distribution function at certain infinitely small interval of time, the same problem
arises. A time interval which is not indefinitely small is required to determine a
Fouriertransform and hence, to measure a 'spectogram'.

Gabor originally restricted himself to an elementary signal. He saw the simultaneous
description of a signal in time and frequency as an 'information diagram' .
Furthermore he found that there exist 'elementary signals' which occupy the smallest
possible area in both domains simultaneous and therefore in his 'information
diagram'. Each elementary signal can be considered as conveying exactly one
'quantum of information', in other words, one (complex) degree of freedom. Gabor
restricted himself to Gaussian shaped elementary signal. Therefore the time signal can
be expanded into a set of properly shifted and modulated (shift in the frequency
domain) Gaussian signals [25,26,27].

2.3.2 The Gabor signal expansion

As pointed out in the previous section, Gabor restricted himself to an elementary
Gaussian shaped signal (2-21).

1 t 2
- -n(-)

g(t)=24e T (2-21)

(2-22)

1

Where the factor 2 4 is added to normalize the integral (2-22) to unity. The signal ~t)
can be written as a set of shifted and modulated versions of the elementary signal get)
(2-23).

gmk (t) = get - mT)e iknt (2-23)

Gabor states that a signal ~t) can be extended to a linear combination of shifted and
modulated elementary signals. In the expression for gmk(t) Tequals the time-shift and
a equals the frequency shift. Both must satisfy the relationship QT=2-rr.

cp(t) = LLamkgmk (t)
m k
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Because the elementary functions gmk(t) are not orthogonal to each other, a window
function w(t) has to be defined to establish orthogonality. This is expressed in the
inner product definition for Hilbert spaces. If the functions gnl(t) and gmk(t) orthogonal
to each other than this inner product must imply the Kronecker delta functions.

The integral above however, does not yield this Kronecker delta function, when a
Gaussian shaped function is used.

Orthogonality is necessary to define a inverse transform from the Gabor signal
expansion to the signal again. With the aid of the bi-orthogonality condition 2-24 a
transformation pair 2-25 and 2-26 can be defmed (see [15]).

ami< = Jcp(t)w~ (t)dt transform

(2-24)

(2-25)

(2-26)

To determine the coefficients, a Zak transform can be applied [15]. The Zak transform
of a signal is defined by tp (t, OJ ; 't') . Please note the tilde on top of the function,

stating that the function is a Zak transform. The Zak transform is defined as a Fourier
transform of the sequence cp (t+m't').

tp (t,OJ ;'t') =It cp (t +m't')e-im= Zak transform
m

't' J .cp (t +m't') =-2 tp (t,OJ;'t')eJmCJXdt Inverse Zak transform
1r 2~

This Inverse Zak transform is periodic in the frequency variable OJ with period 21r1't'
and quasi-periodic in the time variable t with quasi-period 't'.

This Zak transform can be used to rewrite the bi-orthogonality condition 2-24 into a
product form.

(2-27)

The Zak transform can also be used to rewrite the Gabor transform 2-25 in a product
form. This reads [25]:
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a (t,m;-r) =T· qJ (t,m;-r)· w· (t,m;-r)

The dash above the function a (t, m; -r) indicates that a (t, m; -r) is a Fourier

transform in two dimensions. This is related to the coefficients amk through the
following Fourier transform:

a (t,m;-r) = LLamke-j(mmT-kflJ)

m k

(2-28)

When this bi-orthogonality condition in product form 2-27 is used to determine the
window function w(t, m;-r) , care must be taken for zeros in the function g(t, m;-r)
because g (t, m;-r) forms the numerator in w(t, m;-r) . These zeros become delta

functions in a zero function z(t, m;-r) .

1
w(t,m;-r) = _ + z(t,m;-r)

T.g(t,m;-r)_( )0
g t,m;..- #

2.3.3 Implementation of a discrete Gabor signal expansion

To successfully implement a Gabor signal expansion, a discrete Gabor transform has
to be defined, equivalently to the discrete Fourier transform (DFT).

Analogous to the Fourier transform for time discrete signals (FTD) there is also a
Gabor transform for discrete time signals. When a FTD is applied to a discrete time
signal, replicas of the frequency spectrum are repeated along the frequency axes with
period .Q = 21elT. Care has to be taken that the signal is sufficiently band-limited, in
order to avoid aliasing problems. The same problem occurs with the Gabor transform.
Sampling of the time axes leads to repetition on the frequency axes. In the case of
Gabor, the Gabor lattice is repeated in the frequency dimension.

When this is taken one step further, and also the frequency axes is sampled,
periodicity occurs in the time direction also. Square brackets [] and the variable n
(short for n1) are used to illustrate the discrete time nature of the signals. The discrete
Zak transform can then be defined as:

t.:\ 2><
~ "" -jm(-)/

qJ [n,l;N,M] = qJ (n, M l;N) = £.JqJ [n+mN]e M

m

The following strategy can be applied:

(2-29)

1. Determine from the window w[n] the Zak transform w[n, 1;N, M]

Determine from the signal cp[n] the function qJ [n, 1; N, M]

2. With the aid of the bi-orthogonality relation for discrete signals
a [n,l; N, M] = NqJ [n,l; N, M]· w [n, 1; N, M] the Fourier transform of the
array Amk can be found.
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3. With the aid of a fast inverse Fourier transform algorithm the coefficients Amk can
be found. Amk is however periodic in both frequency and time.

4. amk can be found by taking one period ofAmk.

In a vector manipulating environment like MatLab, The Zak transform can easily be
defined as a vector product. Care has to be taken that the signal is zero outside the
elementary interval, that is for every n<O and n>MN. In this case, the transform can be
limited to the elementary interval.

2n:
-Ie M

2n: )T--(M-I)Ie M

p'[n]=(cp[n] cp [n+N] ... cp[n+(M-l)N])T

q5 [n,l ;N,M]=q5 n,l=eT[l]<p[n], nE[O,(N-l)], lE[O,(M-l)]

q5 0,0

q5 1,0

PSI = q5 2,0

q5 N-I,O

q5 0,1 q5 0,2

q5 1,1

q5 O,M-I

q5 N-I,M-I

With n, the variable associated with time down columns, and m associated with the
frequency across rows.

The Fourier transform of the coefficient matrixAmk, can be obtained by multiplying
the elements of W, the ZAK transform (obtained in a similar way as PSI) of the
window function element wise with PSI.

In the case of the Gaussian elementary signal get), the window function can be derived
by means of , the bi-orthogonallity condition, the discrete version of 2-27.

(1] is the theta function with S=wiD + j t/l'.

The function (H1 (ns) can be written as a Fourier series. The con~tantKo =
1.86407468 represents the complete elliptic integral for the modulus t..fi.
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with

- 1 1
~ -1t(n+-)(2m+n+-)

Cm= ..~./-l)me 2 2

n=O

The window function can be derived from it's ZAK transform by means the inverse
ZAK transform. This leads to the following expression for wet) in the elementary
interval -Y2T < t $ Y2T:

The approximation is valid in a interval (m-t)T $ITI < (m+t)T .. It should be
noticed that for the discrete versions of this function, the symmetry of the function in
respect to the raster is important. Therefor it is necessary to determine whether an odd
or an even amount of samples N will be used. The total number of samples in a
measured impulse response is 2048. The number of samples N in the determination of
the ZAK transform is set to 64 and the number of samples in the frequency direction
M is set to 32. This is done because M*N=2048. As limit case, all 2048 entries in the
Gabor transform matrix A are necessary. This equals the case when an FIR model is
used. Furthermore, in the case of MxN=2048 no aliasing is present.

The implementation of the inverse Fourier transform to obtain Amh is quite simple.
First perform aM-points IFFT across rows. After this action, perform aN-point IFFT
down columns. Transpose the result.

2.3.4 Results

A typical measured impulse response has a length of 2048 samples. The sample
frequency is 10 [kHz] for the impulse responses "direct" and "diffuus". The other
impulse responses are various impulse responses, measured with a person at different
locations in the room (Table A-I, Appendix 1) sampled at 8 [kHz]. The room is a
laboratory room with a typical reverberation time of 0.4 a 0.5 [s].

To model the impulse responses with a FIR model, 2048 coefficients are needed.
These 2048 coefficients (degrees of freedom) can be considered as a limit case, at
most 2048 coefficients are needed to model the signal.

Starting with the impulse response, a Gabor expansion of each impulse response is
derived with the aid of Matlab (see for example Figure 2-3). This Gabor expansion
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should, according to the previous paragraphs, represent the number of degrees of
freedom.

0.03

0.01

tim. 63 0

2pi

Figure 2-3: Gabor transformed impulse response "diffuus"

0.03

0.01

o
o

tim. 63 0

2pi

Figure 2-4: Gabor transformed impulse response "diffuus", and clamped at -20 [dB]

Because no coefficient is actually zero, a threshold is applied. Beneath this threshold,
Gabor coefficients are clamped to zero. A good measure for this threshold can be the
absolute value of the largest Gabor coefficient. Every Gabor coefficient beneath a
certain dB level below this absolute value will be suppressed (Figure 2-4). Note the
time axes is reversed. This is done deliberately, because an reverberation typically
damps exponentially. This means that the first reflection is the loudest and the
following reflections are less loud.
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The Gabor plots in Figure 2-3 and Figure 2-4 are symmetrical around n. Except for
the value atj=O. This should be repeated atj=2n. These values correspond with the dc
or mean component in the signal at a certain time, yielding one degree of freedom.
The other entries up to j=n yield a complex degree of freedom, meaning two degrees
of freedom, but they are symmetrical positioned aroundj=n. The most convenient
way to count the 'degrees of freedom', is counting the matrix entries unequal to zero
in the clamped Gabor lattice. Each entry unequal to zero yields 'one degree of
freedom' .

To determine how 'well' the clamped Gabor lattices describes the corresponding
impulse responses, an objective measure is necessary. This can be done by taking first
the absolute value of these Gabor lattice entries, and at the other hand, taking the
difference between the clamped Gabor entries and the original Gabor lattice entries. It
is then convenient to take the percentage of this difference relative to the original
energy. The measure called Relative Modeled Energy in the Gabor Lattice (RMEGL)
can be found in the last column of Table 2-2.

It is important to realize that the entries in the Gabor lattice are dependent. Hence it is
impossible to relate the percentage RMEGL obtained directly to the Relative Modeled
Energy (RME). To do this correctly, the signal must first be reconstructed from the
Gabor lattice. The RMEGL however, gives a good impression, especially when the
absolute values of the coefficients are small.

A first conclusion can be drawn from this table. The clamped Gabor transforms of -18
[dB] yields between 567 and 1159 degrees of freedom and an energy coverage higher
than 90% (except 'direct') . This is a reduction of a factor 2 compared with the FIR
model, in which 2048 coefficients are necessary. Also can be seen that the energy
coverage of impulse response 'direct' increases faster at low dB levels, with a small
increase in degrees of freedom compared to the other impulse responses. This impulse
response has a direct path with a lot of energy, compared to its own the reverberations.
This 'direct path' can be modeled with a relatively small amount of Gabor entries.
This effect is compensated later at lower thresholds.

An interesting question is: "which entries change in the Gabor lattice when the test
subject walks trough the room?". In other words, is there a possibility to appoint an
sub area of entries which can be used to describe all impulse responses. If this is the
case, an adaptive filter can be created with a smaller set of coefficients than in the FIR
case of 2048 coefficients.

Let's assume that the measurements impOl, imp02, imp03, imp04, imp05 and imp06
are representative for the majority of possible impulse responses. It should again be
possible to define a threshold. Above this threshold, coefficients are considered
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necessary, below this threshold, coefficients are considered obsolete. The coefficients
considered necessary can be represented with a one. Coefficients which are considered
obsolete can be represented with a zero. A good value for this threshold is given by 
18 [dB]. In Table 2-2 at a threshold of -18 [dB] all the above mentioned signals have
an RMEGL of 90 % or above.

Table 2-2: Clamped Gabor transforms ofthe measured impulse responses and their
degrees offreedom, dgfmeans # degrees offreedom and sec means signal energy
covered in percents.

dgf I RMEGL dgf I RMEGL dgf I RMEGL dgf I RME<;L dgf I RMEGL

-3 [dB] -6 [dB] -9 [dB] -12 [dB] -15 [dB]
diffuse 20 18 65 40 162 64 306 82 429 90.
direct 10 29 18 39 45 57 81 67 143 76
imp01 10 7 78 30 197 51 392 69 733 84,

imp01b 8 7 52 26 157 49 307 67 574 82,
imp02 14 9 83 32 213 55 401 72 763 88, .
imp02b 14 9 83 32 222 56 411 72 757 88
imp03 14 10 82 35 191 55 377 72 671 86, ,
imp04 10 10 48 26 139 49 275 66 501 80, .
imp05 10 9 59 28 184 56 333 72 570 85, ,
imp06 42 20 135 44 289 64 543 80 840 90

-18 [dB] -21 [dB] -24 [dB] -27 [dB] -30 [dB]
diffuse 567 ! 94 734 ~ 97 920 : 98 1108 99 1362 i 100
direct 244 1 84 400 l 90 655 95 941 97 1283 99
imp01 1143 : 94 1485 : 98 1738 99 1854 100 1958 100
imp01b 940 l 93 1209 ! 97 1470 99 1692 100 1822 100
imp02 1076 ; 95 1326 j 98 1559 99 1702 100 1862 100
imp02b 1066 95 1328 ~ 98 1559 99 1724 100 1857 100
imp03 970 93 1274 ! 97 1604 99 1801 100 1906 ! 100,
imp04 857 91 1186 : 96 1474 : 99 1701 100 1863 : 100
imp05 846 92 1119 1 96 1450 1 99 1710 100 1871 l 100
imp06 1159 96 1453 1 98 1731 1 100 1880 100 1950 1 100

The resulting matrices with entries zero or one for each impulse response can be
added over all impulse responses. The resulting matrix is a kind of histogram. The
value of each entry represents the amount of times an entry was present in a Gabor
transform of an impulse response. The results are displayed in Figure 2-5. The darkest
color represents no 'hits' and the lightest colors represent 6 'hits'.
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Figure 2-5: Histogram, 'entry hits' for the impulse responses impOI, imp02 ... imp06

Table 2-3: hits versus amounts

hits amount
0 600
1 235
2 156
3 115
4 172
5 149
6 630

Looking at these numbers, there is assumed that with 2 hits or more, a coefficient is
likely to be necessary for the model. This leads to 156+115+172+149+630=1222
coefficients.

Furthermore here should be pointed out that when a higher RMEGL is desired, more
coefficients are probably necessary. This is not sure, because it might just be that the
coefficients with hits 2 and 3 change into 5 or 6 hits. This means that the total amount
of coefficients remains the same.
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The Gabor transform shows us that almost all frequencies are contained in the impulse
responses over the complete time range. Although a threshold was applied to the
Gabor lattice, it can be argued that this threshold is not strict enough. The Gabor
lattice demonstrates that room impulse responses are complicated signals.

2.4 Order estimation based on Hankel matrices and SVD

Another way to get an impression of the order of the number of poles, needed to
model the impulse response is by means of the Hankel matrix and singular value
decomposition. This first estimate can be used as start order later on. Model reduction
methods can be used to decrease the order further. The method here is also described
in [14].

To obtain this impression, consider the room impulse response as a process which can
be perfectly modeled. The output of this process, y[n], is superimposed with Gaussian
white noise, which together form the measured room impulse response. Thus, the
measured room impulse response h[n] can be written as:

The impulse responses are all of length N (N=2048). This means the impulse response
can be perfectly modeled with a ARMA model of order NI2. For simplicity reasons,
take N even. The model impulse response can now be expressed in the Auto
Regressive (AR) parameters ap and the room impulse response h[n]:

h[n]

y[n]+n(J[n] = N-l

- lapy[n] = h[n]
N

P="2

N
O<n<--l- 2
N
-<n<N-l2 - -

The latter expression can be solved perfectly to obtain ap • If the ARMA order is not
chosen equal to N/2, the expression can be solved in least square sense. The energy
transfer from past inputs to future outputs can be investigated in order to find out how
many AR parameters are needed. The future outputs are entries in a vector:

The from the past inputs to the future outputs transferred energy yf [n] can be written

as:

N-l ()
Et = ~y~[n] = trace Y~ Yf

Il~

2
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The Hankel matrix is given by:

H=

h[N -1]

H can be separated in a Hankel matrix due to the model y[k] , and a Hankel matrix due
to the additive noise n[k].

E t is now given by the following expression:

trace(y~ Yf ) = trace(u~HTHup)

¢:> tracelu~(Hy +Hnr(H y+Hn)U p),

with

The above expresses how long energy passed to the system by the excitation ~

remains in the system formed by H.

Using singular value decomposition, the Hankel matrix can be written as a product of
three new matrices, The unitary matrices U and V, and the diagonal matrix S with
nonnegative elements in decreasing order so that:

This can be applied to the

trace(y~ yf) = trace~(US vTy (US VT)U p)

¢:> trace(u~VSTUTUSV TUp)

¢:::;> trace(u~VS IS V TUp)

¢:> trace(U~VS2VTUp)

The diagonal matrix S2 is given by:
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In this expression only the first P samples of S ~ , with P the true order are unequal to

zero. These P parameters cannot be retrieved from S2 however, because they are
biased with the cr:, the noise energy and a disturbance caused by the cross products

of the true system and the imposed noise: 2S y Sn co~X). For not too high noise levels,

most of the energy from past inputs to future outputs is transferred over the true
systems singular values.

This can be done for the measured room impulse responses. The result, of applying
this method to impOl, is plotted in Figure 2-6. The order can now be estimated and is
given by the number of squared singular values at which the squared singular values
approach the noise level. Normally a sharp decrease to a certain level (the noise level)
can be observed.

1.5

0.5

200 400 600 800 1000 1200
)

Singular Values

Figure 2-6: Square singular values ofthe Hankel matrix

From impulse response 2 and impulse response 2b (the latter is a repeated version of
measurement 2) the noise level can be estimated. It should be pointed out that this is a
very crude estimate of the noise level. More measurements have to be carried out to
find a more exact noise level. The noise level and the squared singular values are
plotted in Figure 2-7.
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Figure 2-7: Squared singular values and noise level

Looking at Figure 2-7, around 1000 coefficients are needed in the initial model.
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3. Modeling the impulse responses with an IIR model.

3.1 Introduction

To model a room transfer function, there are a number of options. The first option is a
MA model. This model can be easily obtained from the room impulse response of a
room, and is associated with a tapped-delay line (Figure 3-1).

x[n]

8[n]

Figure 3-1: The tapped-delay line

In the case of 'no direct speech' entering the microphone, an estimation .Hn] of the
signal from the microphone is made on the basis of the signal which enters the
'loudspeaker' x[n]. This estimation is subtracted from the undesired echo signal

y[n] coming out of the microphone (Figure 1-2).

In the case of a 'direct speech' signal s[n] entering the microphone, the signal coming
out of the microphone e[n] will be the sum of the unwanted echo e[n] and the speech
signal s[n]. The compensator now has to subtract the estimation of the unwanted echo
e[n] from e[n] (Figure 3-2).

Several thousands of coefficients WI - WN are necessary when a reasonable attenuation
of the signal e[n] entering the microphone is desired, considering the small amount of

time (sample time) available for the algorithm used to adapt these coefficients.

r[n] e[n]
----------''------------1+~---_{

x[n]

Coefficient
update

@[n]
e[n]

s[n]

Figure 3-2: model ofthe adaptive echo canceller
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As already suggested in the introduction, a reduction in the amount of model
parameters may be achieved when using an IIR model instead of a FIR model. This
reduction can not be achieved with a echo cancellation device based on a FIR filter
bank as shown in Figure 3-1.

The IIR model can be divided in a Moving Average (MA) part and a Auto Regressive
(AR) part. The MA part describes how the current output relates to the past input
values, the AR part describes how the current output relates to the past outputs.

y[n] = box[n] +b1x[n -1] +b2x[n -2] ... +bQx[n - Q]
-a1y[n-l]-a2 y[n-2] ... -apy[n-P]

(3-1)

The transfer function of the IIR model can in general be described in the Z-domain
with a nominator polynomial and a denominator polynomial, and in the form of the
summation of first order sections.

1 -I-zpz

In this expression P has to be greater than Q. The poles Zi can be found by searching
the roots of the denominator polynomial, for example with a Newton method. Because
the model describes a real model, the poles are real valued or complex conjugated.
The impulse response is infinite.

There are several procedures to find an IIR model from an FIR model. For example:
Prony, Iterative methods based on Prony and Steiglitz-McBride. These will be
discussed in paragraph 3.3.

To test these methods a synthetic model, from which the poles are known can be
generated. This model can be used as input for the different procedures. Mter using
the method, the poles found by the procedure can be compared with the poles from the
generated model. This will be discussed in the next paragraph.

Most of the procedures for finding the pole locations find their origin in the
(industrial) system/process identification. Most of the systems/processes in this area
are of relatively low order, compared to this acoustical problem. The available system
identification methods present in for example MatLab are not well equipped for these
kind of orders.

The amount of poles and the length of the impulse response lead to numerical
difficulties. For example, if we try to model the room transfer function with 800 poles
(400 complex conjugated pairs) (see Gabor transform) and the impulse response is
2048 samples long the iterative Prony method produces a 800 x 2048 Van der Monde
matrix. This leads to a very ill-conditioned matrix which has to be inverted.
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For the method of Steiglitz-McBride we need to find the roots of a 800th order
polynomial. This leads to numerical problems when for example a Newton method is
used. Paragraph 3.5 discusses a 'divide and conquer strategy'. 'Divide and conquer' in
this context, is reducing the problem by means of 'cutting' the impulse response in
smaller components. Three alternatives have been investigated, all based on the
assumption that the room impulse response can be divided in subbands.

The last paragraph in this chapter deals with the results of using the synthetic model
with the methods described above. A selection of a procedure is made on the basis of
the results.

3.2 Constructing a synthetic model

The need for a synthetic model is obvious. In the measured room impulse responses
the exact locations of the poles are unknown. If we want to find out how well an
algorithm performs, the location of the poles must be known in advance. Mter
running the algorithm the resulting poles can be compared with the ones in the
generated model. To make it more 'difficult' for the algorithm, noise can be added.

The noise level cannot be of a constant level. Because the impulse responses are
decaying exponentially, the addition of a noise floor of constant power would destroy
the small amplitude information in the tail of the impulse response. The addition of a
noise with constant power is also not related to a physical phenomenon. The noise is
for example related to scattering effects and small (not worth modeling) amplitude
interfering vibrations. Hence, the power of the noise is dependent on the amplitude of
the reverberations, which is exponentially decaying. The noise itself is chosen
Gaussian with a standard deviation equal to root of the energy in the signal (RMS
value). The dead time is not modeled (see Appendix I).

Half of the total amount of poles of the model can be chosen randomly on a positive
half circle in the complex Z domain (imaginary part greater than zero). The other half
can be calculated, taking the complex conjugated versions of the first half. The radius
of this circle can be calculated from the reverberation time, which was known during
the measurements. This reverberation time is 0.4 - 0.5 [s]. This reverberation time is
defined as the time 't'r, which it takes the impulse response to decay 60 [dB]. This
means that within one elementary time (sample time T) the signal is decayed by:

6
f
O [dB]

't'r s

with.fs the sample frequency. A pole can be represented in the time domain by the
decaying sequence:

1H(z) = "¢ 1 inverseZtransJorm >h[n]=a"e j ,,¢

l-ae J z

The radius is now given by:
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(
an) 60 __3

2010g - =-- ~ a = 10 T,f.
a n

+
1 'f fr s

For a sample frequency fs=8 [kHz] and 'fs=0.5 this leads to a=0.99827 (see Appendix
I).

O.OB

-ll.06

-ll.OB

500 1000 1500 2000

Figure 3-3: Envelope a=O.99827

The physical poles are probably not perfectly located on a circle. This because the
attenuation mainly depends on the walls and not on the free space attenuation. The
distance to the walls and the microphone is not in all directions the same. So to make
the synthetic model more realistic the poles are located with a random small deviation
from the circle 0.99827.

With this set of poles, a denominator polynomial can be constructed. The construction
of such a denominator polynomial however, involves the multiplication of a large
amount of factors:

N

A(z) = I1 (1- Z-1z;)
;=1

This multiplication can lead to numerical problems, and is therefore not preferable.

Better is the usage of a Kautz filter bank (see the next chapter) the poles are placed in
a Kautz filter bank. The energy conservation property through the all-pass sections
assures that the effect of all poles is present in the impulse response. This Kautz bank,
now being a synthetic model of the room, can be fed with a Dirac pulse. The weights
W /fl and W rp can be set to equal one. The impulse response of the synthetic model is now
given by:
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With G(J.l, (5) a Gaussian distributed stochastic variable with mean J.l and standard

deviation (5, Nz the noise level and hrp[n] the impulse response from the Kautz bank

with the random poles chosen according the above procedure. Thus, this model can
now be used to test the properties of modeling procedures. The roots of the
denominator polynomial are known and can be compared with the ones found by the
modeling procedures.

3.3 Some methods to determine an IIR model

3.3.1 Prony's method

Assume that the room impulse response is of length N. The Prony algorithm tries to

approximateh[n] on this N-point interval with h[n]. Thus, the impulse response h[n]
is defined as:

h[n] = {h[n] 0::; n ::; N -1
o n<Ovn~N

(3-2)

The solution in the Prony algorithm involves a separation of the moving average
(MA) part and the auto regressive (AR) part (3-1). In the (discrete) time, the model
can be written as:

h[n]+a}h[n-l]+a2h[n-2]+ ... +aph[n-P]

= boo [n]+b}o [n-l]+b2o [n-2]+ ... bQo [n-Q]

Now, use can be made of the property of the MA part. This MA part is zero in this
case for n>Q, Le. only when an impulse is present at the input of the modeL The
model is then only dependent on the AR part of the model:

The estimation h[n] can of course also be based on past values of h[n]:

This expression can also be written as a (overdetermined) matrix equation:

h[Q+ 1] h[Q] h[Q-l] h[Q- P+ 1] a}
h[Q+2] h[Q+ 1] h[Q] h[Q-P+2] a2

=
h[N -2] h[N -3] h[N-P]

ap
h[N-l] h[N -2] h[N -3] h[N -P+l]
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h=-H!!

!! =-(H;~eudo)h

There are several ways to detennine the pseudo inverse (H;~eudO). One of the better

methods involves using a singular value decomposition of the matrix:

H= USVT with UTU = VVT= I

H;~eudo = VS-1T

The MatLab 'left slash' routine gives a is the solution in the least squares sense to the
this overdetermined system of equations.

The MA parameters can be found in a similar way. Using (3-2) (h[n] is zero for n<O),
the values at n=O, to n=Q can be detennined:

h[n]+a/~[n-l]+a2h[n-2]+ +aph[n-P(=o =h[O]=h[O]

h[n] +a1h[n -1]+a2h[n -2]+ +aph[n - P(=l = h[I]+a1h[O]

h[n]+a1h[n-l]+a2h[n-2]+ ... +aph[n-p]ln=p =aph[P]+ap_1h[P-l]+ ... +h[O]

and

bali [n] +b1D [n -1] +b2D[n -1] + bQD [n - Q]ln=o = bo

boD [n]+b1D [n-l]+b2D[n-l]+ bQD [n-Ql=l =bl

Concluding, these 2 expressions could be reformulated in a matrix expression, and the
coefficients from the nominator polynomial could be calculated:

bo h[O] 0 0 I

bl h[l] h[O] 0 a1
=

0

bp h[P] h[P-l] h[O] ap

b=Ka- -
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The Prony algorithm is quite simple, but has some disadvantages. The approximation
of the denominator polynomial is based on the 'tail', the last N-Q samples of the
measured room impulse responses. In our case, 2/3 of the total amount of degrees of
freedom are necessary and therefore Q is around 1/3 of the length of the impulse
response. This means that this tail is 2/3 of the total length of the impulse response.
1/3 of the total available information is simply 'thrown away'. Hence, it is desirable
that a lot of dynamically behavior of the unknown system (the room) is still present
after 1/3 of this impulse response. This is no problem for poles located near the unity
circle. Poles present in the measured room impulse response, located to far from this
unity circle will due to this method, not be modeled.

Furthermore, to extract the poles from the denominator polynomial leads (probably) to
numerical problems due to the high order of this polynomial (see 3.5.1).

3.3.2 An iterative Prony method

The discussed iterative Prony procedure [17] starts with a set of initial poles. These
initial poles can be obtained by the 'normal' Prony procedure. An llR model can be
expressed in the Z-domain as:

Cp

1
-I with P > Q

-zpz

This expression can be transformed in order to obtain the impulse response of the
model:

The poles of the system can be found by taking the roots of the polynomial This
expression can be cast into a matrix expression.

1 1 1 h[O]

ZI ~ zp c1 h[1]
2 2 z; h[2]ZI Z2 C2
3 = h[3]ZI

cp
N-I N-I N-I h[N -1]ZI Z2 zp

Rc=h

Where R is called a Vander Monde matrix. In the first iteration, the coefficient vector
£ can be resolved in least square sense:
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A (-1 )h = Rpseudo £

In this expression, R ;~~dO is again a pseudo inverse.

The measured room impulse response vector h can now be written as a sum of an

equation error vector and the approximated impulse response .fi.

h=h+e- - -

The matrix R is a function of a root vector r.

The error can be minimized. A scalar function Qcan be introduced, depending on the
vector r. This scalar expresses the error in one quantity Q. In order to do so, the
above expression can be rewritten as:

~=h-R£

Q(r) =~h~ =(h -R£ f(h-R£)

To minimize this function an expression as function of r has to be found, Le. in the

neighborhood of r. Hence, the behavior of the function Q (r+.§.) is approximated by a

kind of power series. This is the first step in the Marquardt algorithm. The expression
for the approximation in the kth iteration is given by:

(3-3)

In this expression, g(k) and H(k) are respectively the gradient and Hessian matrix. The
expressions for these matrices can be found in Appendix Ill. Because it is also

possible to evaluate Q (r(k) +.§.) , it is simply possible to verify whether the

approximation is accurate enough.

The step ~ can be determined by a modified Newton algorithm:

In this expression, v (k) is a small positive constant determined by the accurateness of

the approximation q(k) (.§.). The step ~ has to point in the direction of the minimum,
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that is, against the gradient. Hence, the inner product (~(k) ,§.) must satisfy the

following relation:

(~(k) ,§.) < 0

~§f(_~»O

~ §f (H(k) + v (k)I)§ > 0

This implies that (H(k) +v (k)I) has to be positive definite.

The accurateness can be expressed in a quantity p(k).

The approximation is accurate when p (k) is in the neighborhood of one.

The Marquardt algorithm can now be summarized:

1. Determine initial value of r.

2. Calculate (H(k) +v (k)I) , if this is not positive definite, increase v (k)

(for example: v (k)= 4v (k».

3. Calculate the step~: § = _(H(k) + v (k)It ~(k)

4. Evaluate the approximation of (3-3)
5. If P (k)< a then v (k+1)= 4v (k) ,

if a :s; p (k)< f3 then v (k+1)= v (k),

V (k)

if P (k);::: {3 then v (k+1)= -2-

(for example: a=O.25 {3=0.75).
6. If P (k)< a , then r(k+1) =r(k) ,

else: r(k+1) =r(k) +§(k) •

7. Make an update step in the coefficients £, £ =(R-l)h

3.3.3 The Steiglitz-McBride algorithm

In 1965 Steiglitz and McBride suggested an algorithm based on an equation error, to
perform system identification [18]. This algorithm can be used to construct an ARMA
model of the system, when a impulse response of the unknown system is available.
The following figure depicts the calculation scheme for the Steiglitz-McBride. In this
scheme, the variable q is the unit advance operator.
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Figure 3-4: The Steiglitz-McBride calculation scheme (time domain)

In the iteration procedure the equation

will tend to 1. After some iterations, when this equation tends to 1, e[n] is
approximately equal to the output error. During the iteration process, the progress can
be indicated by the following expression:

If this eeq i+l is small enough, the model satisfies the output error model.

The expression for the output error is given by:

With ui[n] and Yi[n] filtered versions u[n] and y[n]. This expression can be written as a
vector equation.

!!i+t = (at .i +t a2,i+t

~,rn] = (- y,[n -1] - y,[n - 2] ... - y,[n - P] u,[n] u,[n -1] ... u,[n - Q]f
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This expression can be simplified:

N-l

J = Ly2[n] - !!~l R<py - R~y !!i+l +!!~l R<p<p !!i+l
n=O

N-l

J =L l[n] - 2 !!~l R<py + !!~l R<pq> !!i+l
n=O

In this expression the matrix R<p<p and the vector R<py are given by:

N-l

R<p<p =L~t[n]~;[n] =
n=O

N-l

L CPi)n]CPi, l[n]
n=O
N-l

L CPi, 2[n]CPi, l[n]
n=O

N-l

LCPj, p+Q+l[n]cpj,l[n]
n=O

N-l

LCPj)n]cpj,2[n]
n=O
N-l

LCPj l[n]CPi l[n]
n=O

N-l

LCPj)n]cpj,p+Q+l[n]
n=O

N-l

LCPj)n]cpj,l[n]
n=O

(3-4a)
N-l

LCPj)n]y[n]
n=O
N-l

L<Pj)n]y[n]
n=O

N-l

L<Pi,p+Q+Jn]y[n]
n=O

(3-4b)

The parameter vector !!i+J. at which J is minimal, are given by the normal equation.
The normal equation can be obtained by taking the derivative of the above expression.

Leading to:

(3-5)
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The matrix Rtptp and the vector Rtpy can be calculated each iteration. After that the

new ui+l[n] and Yi+l[n] can be obtained by filtering ui[n] and Yi[n].

3.4 Comparing the modeling methods.

Now three modeling methods are discussed, and a synthetic model of a room is
available, the opportunity arises to compare the performance of the modeling
methods. The impulse response of the synthetic model is called hs[n].

When a denominator polynomial is found with the aid of a certain method x out of
this synthetic impulse response hs[n], the roots can be taken to find the model pole set.
With these poles, a Kautz filter bank can be constructed. Each Kautz function is
generated by each pole in the model pole set (see chapter 4).

The weights Wl~ - WN~ and wl'l' - w2'P (Figure 4-1) can be found by taking the inner
product between the corresponding Kautz function and the impulse response from the
synthetic model hs[n]:

For simplicity reasons, the Kautz functions are now not longer separated into complex
pairs. This results in:

8 2Jn] =<l>Jn] and 8 2i+Jn] =,¥In] i =1.. .. .2P

=> W 2i =Wi~ and W 2i+l =wi'P i =1.... .2P

The Kautz filter bank functions now as a model belonging to method x. The impulse
response of this Kautz filter bank is called hAn] and is an approximation for the
impulse response of the synthetic model hs[n].

P

hx [n] =L wi8Jn]
i=l

Assume that an indefinite number of Kautz functions form a complete basis, with the
aid of which it is possible to describe arbitrary decaying signals on the positive time
axis. The impulse response of the synthetic model can now pe written as a truncated
summation of weighted Kautz functions hx[n] and the remainder, an indefmite
summation of weighted Kautz functions.

2P -

hJn] = hx [n]+hun[n] =L wi8Jn] + L wi8Jn]
i=l i=2P+l

52



Modeling the impulse responses with an IIR model

With huJn] the unmode.led part. The performance of an algorithm can now be
expressed as:

RME= ·100%

with RME, the Relative Modeled Energy. This expression can be written out:

I (h.[nl)2 - l(h.[n]-hJnl)2 2Ih.[n]hJn]- IhJn]
RME = n=O n=O 100% =---:..:...n=...:..O ....:.;nc...:=O'----_100%

I (h.[nl)2 I (h.[nl)2
n=O n=O

Replacing the approximation by the Kautz series:

2P ~ 2P 2P ~

2L w;Lh.[n]eJn]-LLWjW;LeJn]e)n]
RME = ;=1 n=O ;=1 j=l n=O 100%

l(hs [nl)2
n=O

And now recognizing the inner product and making use of the orthonormality of the
Kautz functions:

00 00 2P 00

Lhs [n]eJn] = (hs [n],eJn]) = w; ~ 2Lhs [n]L w;eJn] =2L W;2
n=O n=O ;=1 n=O

~ ~ 2P 2P ~ 2P
LeJn]e)n]=oij ~ Lh;[n] =LLWjW;LeJn]e)n] =LW;2
n=O n=O ;=1 j=l n=O ;=1

leads to:
2P
LW;

RME = N~~l 100 %
Lh; [n]
n=O

where use has been made that a limited impulse response of N samples is generated.
Outside this interval hs[n] is zero.

To test the modeling methods, each run a 20th order model is generated. Without the
addition of noise, all methods are capable of finding the exact poles. By subsequently
adding more noise to the generated model (see paragraph 3.2), it is possible to notice
some differences between the three methods.
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To start the modeling methods in a fair and comparable way, the denominator
polynomial of the Prony method is used as initial denominator for the Steiglitz
McBride method.

The performance of the algorithms differs significantly for each generated model,
although the same noise level is used. Hence, each noise level is tested five times
(with new models), for all three modeling methods. Figure 3-5 displays the standard
deviations for each test method. The results can be found in [Appendix lIB].
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Figure 3-5: The mean performance and standard deviations for 3 tested methods
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Figure 3-6: Mean Relative modeled energy [%] for three tested methods
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From Figure 3-6 can be concluded that the Iterative Prony method perlorms slightly
better than the Steiglitz-McBride and Prony methods. This can perhaps better be
concluded from Appendix II B, where in almost every calculation, the Iterative Prony
method perlorms better. Curious in this respect is the Steiglitz-McBride algorithm.
This algorithm perlorms slightly worse than the 'ordinary' Prony method. Especially
when one considers that this method starts with the Prony denominator polynomial.
Assumed is that one of the major cause contributing to this effect is the 'head', i.e. the
first samples of the model are responsible for this effect.

A higher order model does not automatically contribute to a better relative modeled
energy percentage. This is demonstrated in Appendix II A, where models are used
based on 20 poles and a noise addition of a factor N 2 to 20 [see paragraph 3.2]. For
each order and each noise level, a new model is generated and the three methods are
tested. A higher order model can contribute to a higher signal energy covered, see for
example table entries 'noise level 4' and 'approximation order 26', but this is not
necessary, table entries 'noise level 4' and 'approximation order 28'.

The question arises if this error criterion (relative modeled energy) is correct. Most of
the energy in the model is present in the 'head' i.e. the first samples of the impulse
response. This suggests that a Prony method would perlorm better, simply because the
(MA) parameters model this 'head' perlectly.

The question: 'Is this error criterion correct?' is difficult to answer. It depends heavily
on the implementation of the application. Until more investigation is carried out on
this subject, it is the best criterion available. Therefore this criterion is maintained
during the remainder of this report.

The Steiglitz-McBride algorithm perlorms in general a bit worse than the other
methods. Because it is a well documented method and because the ability to
reformulate this method, it is used to compare the subband methods discussed in the
following paragraph.

3.5 Reducing the calculation requirements with a subband methC?d.

3.5.1 Introduction

As discussed in the introduction, the mentioned methods to find an I1R model, depend
eitheron a large Van der Monde matrix or a numerical procedure to find the roots of a
polynomial. This means, that large bad conditioned matrices are created or a 'roots
command' is used to calculate roots from polynomials order six hundred or higher.
Therefore, in first instance, an attempt has been made to split up the problem in
smaller ones. This cannot be done in the time domain, because 'the information' for
exponentially damped oscillations is present over the complete time range of 2048
samples.
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To calculate the roots of a polynomial, use can be made of the Newton method. A
Newton method (or similar method) is based on successive substitution in a

polynomial P(Xi)' This implies that each iteration, a new value for Xi has to be

calculated. The calculation scheme is given by:

This means that this polynomial has to be evaluated each iteration. The polynomial

P(Xi) is given by:

If IXiI« I then x{ could well be exceeding the floating point resolution. For

example, 0.75600 =1.088 10-75
•

In this case, where the radius of the roots is expected to be around 0.9983 (Paragraph
3.2) it might be possible that a root location procedure is accurate enough. This
deserves attention, however, it is not certain that the majority of the poles is located
around this radius. Besides, root finding algorithms are computer power demanding. It
is therefore desirable to investigate other methods, which are less computer power
demanding.

When a time domain solution doesn't satisfy our requirements, it is perhaps a logic
step to switch to the frequency domain for a solution. In Figure 3-7 one can notice the
effect of a pole with radius 0.95 and angle 0.251t.
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Figure 3-7: IH(zt With poles at O.95t!°·25tr and O.95e-jO.25tr
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The unit circle represents the Fourier transfonn and should be evaluated from 0
(corresponding to 0) to 7t (corresponding to 0.5 is). lfthe majority of the effect of the
pole can be appointed to one small frequency band, it should be possible to split the
signal in frequency bands.

Assume a pole is located at a = Ial ej 'P. , with Ial the modulus of the pole, and <fJa the

argument of the pole. The effect of the pole on the frequency behavior can perhaps
best be described by the characteristics of a band pass filter. Thus, the transfer

function is evaluated at Izl = 1.

~
b

H(z) = -1 = ..
l-az Izl=l l-laleJ'P·e-JO

Now the transfer function is evaluated on the unity circle, the 3 [dB] bandwidth can be
determined.

The modulus of the transfer function at .Q = <fJa is given by:

Take B = 2(<fJa - 8 3dB ). The above expression can then be rewritten as:

.B

¢::> l-lal/2" =11-lalcos(tB)- Aalsin(tB~=2(1-lal)

¢::> (1-lalcos(tB)f +lal
2

sin2(tB) =2(1-lal)

¢::> 1-21 alcos(t B )+1 al
2

= 4(1-1 air

cos(B):::: 1-t(tB)2 when Ial:::: 1

~ lal(t BY =4(1-1 air -(1- 21al+1 al)= 3(1-1 air

<=>B = lR(I-lall

This demonstrates that a if the modulus Ial is close enough to 1, the effect of the pole

is confined to a limited band of width B. In the modeling of an acoustic impulse
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response in a room with a reverberation time of 0.5 [s], the average modulus will be in

the neighborhood of Ial = 0.9983. This is close enough to one for the above

approximation. Thus, the average bandwidth B = 5.98 10-3
, and hence 525x2poles.

3.5.2 Subband method I: filtering

Assume the impulse response is Fourier transformed and divided in S subbands of R
samples. The total length of the signal is N samples.

Consider the low pass band. This can be written as:

1 % j(211:)/al I % j(211:)/al
xLP[n]=- LX[k]U[k]e N =- LX[k]e N

N k=-% N k=-%

U[k] = {I Ikl ~-%
o Ikl>-%

With X[k], U[k] the N-point discrete Fourier transforms of u[n] and x[n]. Mter this
operation, the signal is decimated by a factor S. This can be achieved by defining a
sequence Cs[n] which is only equal to one, when S is a multiplication of n. This

sequence can be written as a Fourier series, because it is periodic with S samples. This
leads to the following expression:

_x[n_]~~ S 1 Cs[n]x[n]

Figure 3-8: Down sampler

The decimated sequence xLP[n]"/'s can then be written as follows:

I % "(211:)kn I S-l "(211:)1 I % S-l "2 (~)
xLP[n]"/'s =_ LX[k]/ N - L/ s n =_ L LX[k]/ 11: N S n

N k=-% S 1=0 NS k=-% 1=0

This only leads to a solution only if:

k l kS k
-=--<=>l=--=--
N S N R
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Leading to the following expression for xLP[n]..L.s :

R/ (k)I 72 j21r - n

xLP[n]..L.s = NS LX[k]e R

k=-%
(3-6)

Which is the R-point discrete Fourier transform. In the case of pass band signals, a
demodulation has to be included to shift the pass band back to the low pass band.
Concluding, this leads to the following operation:

demodulator

Figure 3-9: Filter bandwidth R samples, S bands

If we are able to reconstruct x[n] from all xJn] perfectly, it is possible to insert a
(reduced) models in the reconstruction. A problem which arises is 'how to translate
the model to the output'. Assume an up sampling is used to reconstruct the complete
model.

The up sampling process can be described. This is done by first introducing the Z
transform of x[n].

-
Xup(z) = Lxup[n]z-n

n=.....oo

{
D'

xup[n] = x[n],
if n:;:' kL

if n=kL

- -
¢:::> Xup(z) = LXup[kL]z-kL = LX[k]z-kL =X(ZL)

k=.....oo k=.....oo

De Steiglitz-McBride algorithm offers us the possibility to represent the signal as a
polynomial. This polynomial is on it's tum can be written as a summation of first
order sections.

When up-sampling, the signal then can be written as:
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P P L
L ~ ci ~~ cij

XU (Z ) =~ 1 -L =~~ . -I
i=1 - ~Z i=1 i=1 1-~JZ

L. ci ~ Cij
With -L =~ -I

l-ziz i=1 1-~iZ

The location of the new poles Zij can now be calculated:

The summation in the previous leads to a repetition of 'pie-slices' in the Z-plane.
Over the radius, a power operation is performed.

(3-7)

The function eiepL takes on the same values L times as eiep traveling around a circle in
the Z-plane. This is demonstrated in Figure 3-1O,where a pole is located at 0.95e iO

.
25

1t" ,

and it's complex conjugated value. The spectrum is sampled up a factor L=4. The
result is depicted in Figure 3-11.
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Figure 3-11

In general, the down sampling process expands the influence of a 'low pass pole' over
the whole Z-plane. The up sampling process, compresses this result again to one low
pass 'pie-slice', and repeats this 'pie-slice' over the whole Z-plane. Selecting the
appropriate band is now simply a matter of selecting the matching 'pie-slice'. Thus,
reconstruction is possible by means of up-sampling and selecting the appropriate
band.
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Implementation

To realize a subband method with the Steiglitz-McBride algorithm, a filter for
selecting the sth subband has to be designed. The filter must be FIR, because an IIR
filter would add poles to the impulse response. If the FIR filter is designed with the
aid of the 'windowing method' [19] the following problems are encountered:

1. In realizing such a filter we are bound to a limited time interval. Hence, the filter
function has be windowed. When a window function is used, oscillations occur in
the amplitude transfer function, and will be present in the stop and pass band.
These oscillations are dependent on the size of the filter kernel (Gibbs
phenomenon), and the window function. The amplitude of the oscillations can be
reduced by choosing another window function. For example a Bartlett-, Hanning-,
Kaiser-, Blackman- or Hamming window. These windows lead all to a broader
transition from pass to stop band when compared with the step window. Therefore,
using these windows will allways be a trade-off.

2. The filter function has to be made causal. This means, including a delay in the
impulse response of the transfer function. This delay causes a filtered measured
acoustic impulse response to have a delay. This can cause problems when modeling
this signal with an ARMA model. The (non orthogonal) basis functions have to
cancel each other at the start of the impulse response.

Figure 3-12 depicts the constructing of a band pass filter and the demodulating of this
pass band.

Figure 3-12a depicts the transfer function of the band pass filter. This function was
obtained by taking a 128 points DFT of the 128 points impulse response of the band
pass filter. Sample 128 corresponds to 21t.

In the demodulation process, this function is multiplied by a cosine function. This
multiplication invokes a mirror image of the band pass function to shift in the range.
Figure 3-12b depicts this effect. The transfer function is obtained by demodulating the
(256 points) impulse response of the band pass filter, and taking a 256 point DFT.
Sample 256 corresponds to 21t.

In Figure 3-12d the result filter transfer function is depicted, after low pass filtering
with Figure 3-12c.
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2
Band pass filter, 8 sub bands, 3rd subband

1

0
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:h T
Shift back to low pass band

n 0, \ [
0
0 50 100 150 200 250 300

2 T

1
Use low pass filtering to supress

mirror image

00 20 40 60 80 100 120 140

:h T
Result signal

t
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T
Figure 3-12: Constructing afilter bank. From above to beneath: figure 5a - 5d

To test the 'effectiveness' of the algorithm, a impulse response of the synthetic model
( see Paragraph 3.2) from which the poles are known can be applied to the algorithm.
This impulse response is of order 51 (50 poles, 25 complex conjugate~ pairs) and not
distorted by noise. This model room impulse response is depicted in Figure 3-13.

0.8
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-0.8

-10~---50LO----10LI00---1-5LI00---2-0LIOO---2--c::'~0a

Figure 3-13: Modeled impulse response
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To demonstrate the algorithm, 8 subbands are used. and Figure 3-13 depicts the down
sampled impulse response of the third subband.

0.3

50 100 150 200 250 300

Figure 3-14: Decimated signal, subband 3

On each demodulated subband, the Steiglitz-McBride (10 iterations) algorithm is
performed. After transforming the poles back according to (3-7) the found poles
should approximate the poles in the model. The result (pole location of the original
and of the approximation) is depicted in Figure 3-15.
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Figure 3-15: Pole location, x - original and + - approximation
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The algorithm is capable of covering 64,19 % (RME) of the energy in the original
impulse response. This is not enough, certainly not considering the fact that no noise
was added to the model. A part of the impulse responses of both the model and the
approximation are plot in Figure 3-16.

-1 '-----_-L--_--'-----_--L.-_---'----_---'---_----'---_----'---_-----L-_----'--_-----'

o 10 20 30 40 50 60 70 80 90 100

model approximation

-011>00 1010 1020 1030 1040 1050 1060 1070 1080 1090 1100

Figure 3-16: Some samples of the impulse responses ofthe original and
approximation

This algorithm, based on a subband method in the time domain, does not suffice the
requirements. This can be blamed on several causes. Possible causes are:

1. The Gibbs-effect. Oscillations in the pass band invoke non allowable distortions in
the signal. The Steiglitz-McBride algorithm tries to model these distortions,
resulting in deviating pole locations.

.
2. Insufficient suppression in the stop bands. Information from near subbands enters

the current subband.

3. The Steiglitz-McBride algorithm is not capable of placing poles just outside the
subband, although this may yield a better solution. These poles can later on be
disposed, because they are most likely also found in one of the surrounding
subbands.

4. The algorithm has problems with the delay introduced to make the filter causal.

3.5.3 Subband method II: Approximating integrals in the frequency domain

Considering the Steiglitz-McBride algorithm it is also possible to define a equation
error criterion in the frequency domain. Depicted in Figure 3-4 is the calculation
scheme. The Steiglitz-McBride algorithm is an iterative algorithm which tries to
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minimize the an error criterion. In the regular Steiglitz-McBride algorithm this
equation error is defined as:

with N the length of the measured impulse response. This equation error criterion can
be written as an integral in the (continuous) frequency domain, minimizing the
amplitude of the transformed error signal. Note that the phase is not taken into
consideration. Thus, this new criterion can be defined as:

n l

JIE(einf dO.
no

E(e )

(ein )
, H(ein )

Y(e
,

A ~ .n) A ~ 'n)B;+! eJ A;+! eJ

AXeln ) A;(ein )

~ + i-

in

u

Figure 3-17: The Steiglitz-McBride calculation scheme

This enables us to optimize the estimate for H, for a small frequency band. The
problem can now be reduced with a divide and conquer strategy, where the error
criterion is divided in subband problems. The estimate for the transfer function is now
given by the following expression:

This error criterion can be written out. This leads to the following expression:

n ( 'n) ( 'n) 2

JI A (in) Y e
J

A (in) U e
J

Ai+! e A ( in) -Bi+l e A ( in) dO.
n A. e A. eUo I I

with the subscript i denoting the previous iteration and i+1 denoting the current
iteration. Because the each quotient in this expression can be considered as one
function, dependent on the previous iteration, the equation can be written as:
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Q(

II A (jQ) (jQ) A (jQ) (jQ)1 2

Ai+\ e ~ e - Bi+\ e Uj e dO.
Qo

Now introducing the following vectors:

q>. (e jQ )=(- e-jQ~(ejQ) - e-j2Q~(ejQ) ... - e-jPQ~(ejQ) Ui(e
jQ )

-I

e-jQUi(ejQ) ... e-jQQUi(ejQ)f

the expression can be re-written as a vector expression:

Q, Q, 2

IIE(e jQf dO. = II~(ejQ) - !!~+1 ~i (ejQ)1 dO.
Qo Qo

The constants P and Q represent respectively the denominator and nominator
polynomial order.

With some effort, the absolute signs can be eliminated, also !!~\ equals !!~+\ because

the elements in !!~\ are estimates for the nominator and denominator polynomial

coefficients from a physical system. These coefficients are real valued.

Now, it is possible to minimize this expression with respect to the parameter vector
!! i+1 • This is done by taking the derivative of the above expression with respect to
!! i+1 and setting this to zero.

Assuming the argument of the integral is continuous on the interval D1 - D 2, the
derivative may be taken from the argument of the integral leading to:

This can be simplified:
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{?<pJe-jQ)~;(ejQ)dn+?<pj(ejQ)<p;(e-jQ)dn}!!\+t.
Qo Qo

Q 1 QJ

=J~(ejQ)~j(e-jQ)dn+ J~(e-jQ)~j(ejQ)dn
Qo Qo

This expression can be cast into a matrix expression:

leading to:

with:

QJ

J~(e-jQ)CfJtdn
Q2
QJ

J~(e-jQ )CfJ2dn
Q2

QJ

J~(e-jQ )CfJp+Qdn
Q2

R =R" =
'fHP 'fHP

QJ

JCfJtCfJ;dn
Q2
Q t

JCfJ2CfJ;dn
Q2

Q t

JCfJtCfJ;dn
Q2
QJ

JCfJ2CfJ;dn
Q2

Q[

JCfJ p+QCfJ;+Qdn
Q2

Lets first look at the expression for the vector~. The Fourier transform Y(e jQ )can be

determined easily.

-
Y(e jQ )= Ly[n]e-jnQ

n=~

Since the data (room impulse response) has a limited length of N samples, and can be
considered zero outside this interval, the Fourier transformation can be written as:
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N-l

Y(e jQ
) = Ly[n]e- jnQ

n=O

The input signal Urn] is a delta function. Therefore its transform equals 1.

With the aid of these equations, an expression for Y; (e jQ
) and Uj (e jQ

)

Now, having the expressions for Y;(e jQ
) and Uj (e jQ

), the vector.m can be

constructed, and consequently the vector Ry<p and the matrix RqJql. The matrix RqJql can
be built of 4 sub matrices, matrix R~~ dimensions PxP, matrix R~ dimensions PxQ,

matrixR~ dimensions QxP and matrix R~ dimensions QxQ. These can be found in

Appendix IV.

There are several ways to perform the integration in both the vector Ry<p and the
matrix RqJql. To perform a numerical integration procedure would mean performing
this procedure over N terms with P terms in the denominator, for the vector P+Q
times, and for the matrix (P+Q)*(P+Q) times for R subbands. Although use could be
made of the Herrnittian properties of the matrix RqJql' and the amount of calculations
could be divided roughly by two, this still would mean a lot of calculating.

However, there are simple algorithms to calculate the integrals in both the matrix and
the vector. For example, the trapezium rule uses frequency discrete values of the
functions in the nominator and denominator. These discrete values can of course be
calculated with fast Fourier algorithms. In fact, when more points are used in the
Fourier transform, it should be possible to use higher order polynomials in the
approximation process. The approximation can then be made more accurate using the
Newton Cotes formulas. More points can be acquired by adding trailing zeros to y[n].

As mentioned, there are several methods to approximate an integral. Let's first look at
the trapezium rule. To demonstrate this, take an arbitrary coefficient from matrix R ~~

(see Appendix IV). The parameter s in the exponential in the expression under the
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integral sign takes in account each coefficient in the matrix. The integral from Q]-Q2

can be represented by a sum.

N-I

0, Ly[r]e-
jrO

I (I) = JI...:.r_=:=-- I

0 0 ~ a .e- jpO
£..J p,l
p=O

2

M-I

ejsOdn = L
k=O

N-I

0o+(k+l)o Ly[r]e-
jrO

J I_r---==:=-- I

Oo+ko ~ a .e- jpO
£..J p,l
p=O

2

ejsOdn

With Mo = 0.1 - no' Now, an attempt can be made to approximate the integral in

this summation. To achieve this, use can be made of the trapezium rule.

N-I

0o+(k+l)o Ly[r]e-
jrO

J I...:.r--=;o"---- I

Oo+ko ~ a e- jpO
£..J p,n
p=O

2
N-I

Ly[r]e - jr(Oo+ko)

·0 1 °e Js dO. "'" -0 I...:.r-===-- I

2 -f -jp(Oo+kO)
£..Jap,ne
p=O

2

2
N-I

Ly[r]e-jr(Oo+(k+l)o)

! OI..:.r~=O'-------1
2 -f -jp(Oo+(k+I)O)

£..Jap,n e
p=o

The summation in the denominator could be extend to the same length as the
summation in the numerator. Doing this, the following coefficients are set to zero:

{
a, p> p

a -
p,i - a p,n' °~ p ~ p

Furthermore, the step size 0, can be chosen according to the length of the impulse
response N. The Fourier transform for time discrete signals FTD [19] is periodic with

2n
21t. If this FTD is sampled at frequencies N this finally results in taking the DFT

[19], the Discrete Fourier Transform.

N-I

Ly[r]e-jrO

r=O
p

~ a .e- jpO
£..J p,l
p=O

2
N-I

Ly[r]e-jrO

r=O
= N-l

~ a. e- jpO
£..J I,n
p=O

2

21rO=k
N

N-I 21r 2

Ly[r]e-jrkf.j

r=O
) N 1 21r

Y[k]
---

AJk]

2

Using this results, the integral can be approximated, the borders of the integral must
N

then be multiplied with -, to scale them to the new scale.
2n
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N-I

0o+(k+I)B Ly[r]e- jrO

J I..:.r--,~o:""'- I

°o+kB ~ a .e- jpO
£- p.1
p=O

2

12n
""'--

2N

12n
---
-2 N

[NO. ] 2 [NO.] 2
Y __0+k (21r) Y __0+k +1 ( 21r)

2n jr Oo+kN" 2n jr 0o+(k+I)N"

Ai[~~o +k] e + A{~~o +k+ 1] e

Resulting in the following approximation:

N-I

0
1
Ly[r]e- jrO

I (I) = JI..:.r--';O'-- I

no ~ a e- jpO
£- p.n
p=1

2

M-I 1 2rr

""'L
k=O 2 N

For evaluating the integral over the complete range (one frequency band), it is
important to note that the signal values at the frequencies between 1t and 21t are the
complex conjugated from those between 0 and 1t. Therefore it is sufficient if the
integral is only evaluated between 0 and 1t.

Approach

In order to compare the performance of this modeling method with the previous one, it
is necessary to use a similar model. Thus, a synthetic model is created of 50 poles and
2048 samples with no noise added to the impulse response of the synthetic model.

In this case, the expressions for the approximations of the parameter vectors of the
Steiglitz-McBride algorithm in the frequency domain are quite easy to interpret. The
frequency range is again divided into 8 subbands.

The Steiglitz-McBride algorithm is performed on each subband. The initial order of
the denominator and nominator polynomial were set to 14. The algorithm reduces the
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order until a matrix is found which is not rank deficient. Apparently, when the matrix
is rank deficient, the system is overdetermined. This rank deficiency is checked by
means of the condition number. This condition number is the ratio between the
smallest singular value and the largest. The threshold for reduction is set to condition
number smaller than 10-16

•

The algorithm is able to find solutions which lie outside the current subband. These
solutions are used in finding the optimal solution for the current subband. However,
only the poles in the subband are selected at the end of the iterations. Real poles are
only allowed in the first and the last subband.

The amount of iterations was set to 14. This amount was necessary for the error
criterion to reach values below the 0.1 (3.3.3).

Table 3-1: Subbands versus initial amount ofpoles and eventually selected poles

Subband nr. 1 2 3 4 5 6 7 8
# of poles reduced to: 5 7 8 8 10 9 6 4
# poles inside subband: 2 6 8 6 6 8 8 2

Starting with 14 initial poles in a subband, Le. a total amount of 112 poles, the amount
of poles is reduced to 57. From these 57 poles, 46 are selected because 11 poles were
located outside the subband under treatment.

Figure 3-18 shows how the impulse response of the model generated by this subband
method approximates the synthetic model impulse response. A total energy coverage
of 91.64 [%] was reached.
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Figure 3-18: impulse responses ofthe synthetic model and the approximation.
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Figure 3-19: Absolute error: Ihs -hi
From Figure 3-19 can be concluded that the error decreases with time. This is
obvious. The energy in the synthetic model decreases also with the time.
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Figure 3-20: Location of the poles, x synthetic model and + approximation
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Although the modeling method is capable to find many of the poles present in the
synthetic model, not all poles were found. This means that the approximation is not
accurate enough, especially when one considers the fact that no noise was added to the
impulse response of the synthetic model. Therefore the method is not suitable for the
acoustic problem.

3.5.4 Subband method III: Reformulating RIp(p and.&1/' in the frequency
domain.

The expression for the matrix RIp(p and the vector Ryl/' (3-4a and 3-4b) can also
directly be represented in the frequency domain. The elements of RIp(p and Ryl/' are
typically of the form:

N-l

~yJn]fJn-r]
n=O

r = O max(P,Q)

Wherefi [n] is either uj[n] or Yi[n]. Yj[n] in the above expression can be replaced by the

IDFf (inverse discrete Fourier transform, [19] ) of Y; (e jQ
) , the DFT of yj[n]. This

results in:

Because the expression has to be real (yi[n] is real), the above expression is equal to:

N-l N-l .(21f)
1~~Y;·[k]e-J N kn fJn _ r]

n=O k=O

N-l elf)
The sum ~fJn-r]e-JN kn can be approximated by its DFf:

n=O

~l [ ] -j(~)tn _ N~-r [ ] -f:)k(m+r)
£..if; n-r e - £..i f; me
n=O m=-r

fJn] =0 Vn:::;-l

N-l-r (21f)
~ [] - j - k(m+r)

~£..ifme N

m=O

In the case of the acoustic impulse responses and the associated synthetic model, the
impulse responses are all damped. Also, if P is small (P<<N) the energy in the 'tail'

73



Modeling the impulse responses with an IIR model

of the impulse response of the model is much smaller than the energy in the 'head' 0

Under this condition the following approximation may be made:

N-l-r .(2ItJ N-l .(2ItJ .(21t)
L [] -J Ii k(m+r) _ L [ ] -J Ii k(m+r) _ [] - J Ii kr

fme - £me -FkeJt Jj I

m=O m=O

Thus, the elements of Rrprp and }!yrp can be approximated by:

When a subband approach is chosen for this problem, the range k=O....N-l , can be cut
into S subbands. P can then be kept very small, so that the approximation is justified.

Approach

The same approach is chosen as with the previous method. The results are also
similar. A RME of 70.59 % with the tested synthetic model.

3.6 Results

From the previous paragraph it is clear that, although a lot of effort was invested in
finding a suited method for identification of a high order system as a room, the
investigated subband methods are not good enough. None of the subbands methods is
capable of finding a RME of 100% when a synthetic model is used without the
addition of noise.

From the in paragraph 3.3. discussed methods, only the Prony method is economically
enough with it's usage of computer memory and computer power. Used on the
impulse responses imp 1, imp2, imp3, imp4, impS, and imp6 it is capable of finding a
RME of around 96 %. The results can be found in chapter 5.
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4. Kautz filters

4.1 Introduction

IIR filters can be implemented in numerous ways. Based on one set of poles several
complete different realizations can be thought of.

Kautz ftlters possess some nice properties, commonly found in FIR filters, in fact, the
tapped-delay line can be considered a special case of a Kautz filter bank. Kautz filters
are based on Kautz functions. These functions are damped orthogonalized oscillations
defined on the positive axis. In paragraph 4.2, some properties of Kautz functions are
described. Later on, in Chapter 5, it becomes clear that the Prony method yield
complex conjugated pole pairs. Paragraph 4.3 discusses the Kautz filter bank, build
out of complex conjugated sections in advance.

4.2 Kautz functions

In the continuous time domain, the exponential functions exp(Pit) are linearly
independent ifPi"# Pj for i"#j. Complex-valued parameters are allowed as long as
9\{p;}<O, since only in that case they belong to L2(O, 00) [15].

When these functions are used as a base in L2(O, 00), they have to be orthogonalized.
This can be done with the aid of a Gram-Schmidt procedure. These orthogonalized
exponential functions are now called Kautz functions. In the remainder of this chapter
they will be denoted by ¢i(t), i=O,1,2,3 ....

The Gram-Schmidt procedure in the time domain lead to all-pass sections in the
Laplace domain:

<l>i(S) =ai ~- (Pi + Pi') fi s+ P; lail =1 and 9\{p;} <1
S- Pi j=O s- Pj

The Kautz functions can be generated as the impulse responses of the following filter
bank:

B(t)

'o(t) '1(t) '2(t) '3(t)

Figure 4-1: General Kautz filter bank
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In this filter bank, Aj represent the all-pass sections and Fj represent the filter sections.
The continue Kautz functions have also a discrete counterpart. The discrete Kautz
functions are defined in the Z-domain by:

The orthonormality property of lfI In] comes to expression in the following inner

product (window function w[nl=1):

(lfl i ,lfIj) =f lfI In]lfI;[n] =~j
n=O

These functions can constitute a complete orthonormal basis in ,e(O, 00) if the
following condition is met:

A Kautz series meeting this condition can describe an arbitrary function h[n] on £2(0,

00). A truncated Kautz series is able to approximate an arbitrary function h[n] on

£2(0, oo).The expansion h[n] reads:

~

h[n] =LCilflJn]
i=O

The orthonormality of the Kautz functions assures that the coefficients Cj can be
determined with a inner product:

(1-4)

(2-4)

The function h[n] can be considered as an impulse response of the 'filter bank' in
Figure 4-1, when weights are incorporated and a adder, in the outputs of the filters Fj.
For complex conjugated sectionssuch a filter can be found in Figure 4-2, and will be
called a Kautz filter ballie

It is important to note that this Kautz filter bank is not unique. There are N! ways to
order the poles in the Kautz bank, stemming from N! orders to perform the Gram
Schmidt m~thod.

The expansion in Kautz functions can be considered as a signal transform. Hence, the
energy E contained in the impulse response can be expressed with the Parseval
relation:
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- N
E = Lh[n]h'[n] = Llw;12

,

n=O ;=0

4.3 The Kautz filter bank

The room impulse response is real. Therefore poles can only be present as real or as
complex conjugated poles. These complex conjugated poles have to be kept together
in the filter bank. Figure 4-2 pictures such Kautz filter bank with complex conjugated
poles.

Let's first assume that the poles can be chosen fixed and there exists a set of poles
describing all the variations which can take place in a room. In this way, only the
coefficients w1<l> - wN<l> and w 1'¥ - w 2 '¥ have to be adapted.

There are algorithms to adapt the positions of the poles as well (in real time), but they
have some nasty properties. For example, an adaptation of the pole location of the first
filter section, alters the current contents of the memory element of this filter. It takes a
while before this alteration reaches the last filter section. During this time it is
impossible to alter this pole again, because the effect of the first alteration still isn't
known. In [21] a derivation is made in order to find a gradient expression for adapting
poles.

~[n]

Figure 4-2: Kautzfilter bank

(1- Zi )(1- z;)(l- z;z;)
2

(1 +z;)(1 +z;' )(1- ZiZ;')

2
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Figure 4-2 depicts such a (complex conjugated) Kautz bank. This Kautz bank is again
built out of all pass sections Biz) and filter sections Fiz). The filter blocks Nit[) and
NiP in the filter outputs <l>i and 'Pi are normalizing factors. In addition to the
orthonormality property, the Kautz filter bank has the attractive energy conservation
property. When a signal enters the ith filter all pass stage, the energy content of the
signal, is the same as at the input of the first filter all pass stage.

[23,24] have studied the possibilities of what they call Fixed Pole Adaptive Filters,
similar to the Kautz bank in Figure 4-2. They determine the modeling capabilities,
describe ways of selecting the appropriate poles and state that under certain excitation
conditions on the filter input, global convergence with several adaptation algorithms is
guaranteed.

[22] States that when a priori knowledge can be used to select N parameters for the
all-pass sections, LMS (Least Mean Square) adaptation used in conjunction with the
Kautz filter bank can outperform LMS applied to the tapped-delay line. This
conclusion was drawn by investigation the rate of convergence and the steady state
weight fluctuations.

The filter bank reduces to the FIR filter when all poles Zi are chosen zero. The filter
bank reduces to a Laguerre filter when all poles are chosen equal and real. [23,24]
Refer to the Kautz bank as the complex version of a Laguerre filter bank.

As one can observe, the Kautz filter bank offers some nice properties. These
properties can be exploited, but much depends on the modeling method used to find
the location of the poles of the Kautz bank.

The adaptation process is not considered in this report. When a Kautz filter bank is
actually used for echo cancellation, this adaptation process can add a considerable
amount of noise to the result. How well a Kautz filter bank performs in contrast to its
FIR counterpart, depends on the noise added in the adaptation in both realizations.
[22] Suggest that when a Kautz bank can be used, and 'consumes' less coefficients
than the tapped-delay line, faster convergence and therefore better tracking oft varying
room conditions should be possible.
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5. Results

5.1 Introduction

In chapter 3 several modeling methods were tested and investigated for their
suitability to model acoustic impulse responses. The conclusion was that although the
iterative method was better, the demands on computer power and memory were too
large to use this method. This was also concluded in the introduction of 3 for the
balanced realization. The developed subband methods didn't meet their expatiation.
The only method left to model such a large system was the Prony method.

In this chapter the Prony method is used to find a modeL The room impulse responses
(Appendix I) contain dead time. This dead time can perhaps best be modeled with a
tapped-delay line. The impulse responses from this tapped-delay line are orthogonal
on each other and on the impulse responses of the following Kautz sections. The
impulse responses of Appendix I are therefore shortened, Le. the first 70 samples are
thrown away.

In paragraph 5.2 the results of the Prony method are discussed. Furthermore, in
paragraph 5.3, the pole-set found in paragraph 5.2 is used to test the performance of
this pole-set on each of the impulse responses and the performance in comparison to
the FIR filter bank. To implement a Kautz filter in the future in a commercial
application, no extensive measurements and calculations can be carried out for a
room. In paragraph 5.3 finally, the performance of a fixed raster for the poles are
compared with the performance of the pole-set found by the Prony method.

Throughout the chapter the term suppression is used. With this term is meant the
maximum obtainable suppression. Suppression losses due to adaptation are not
considered.

5.2 Applying the Prony method

For experimenting purposes, 8 comparable impulse responses were present. In order
to use all the information present in these 8 impulse responses, they were added
together. In this way, a set of poles is created which has the capability of modeling all
measured 8 situations in the room.

When using the Prony method, it is possible to assign the half of the available
coefficients to the MA part and the other half to the AR part. The order of the AR part
is then: 2048-70=1978/2= 989. When using the Matlab roots command, this leads to
989 poles, from which 844 are stable and the rest is in-stable.

It is now possible to use a model reduction method suggested by [20]. This method
uses the fact that given a set of N poles, these poles can be ordered on N! different
ways. A Kautz bank is a non-unique representation.
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All poles are put into a initial Kautz bank in a random fashion. In [20] a method is
discussed which searches the pole from which the corresponding weight has the
largest magnitude. This pole is taken out of the initial Kautz bank and put in to the
first section of the Kautz bank. The remaining poles follow this first pole. The weights
are recalculated. From the remaining poles the next pole is selected according to the
same principle, and so on, until the set of remaining poles reduces to zero. In [20] is
also pointed out that this is a sub-optimal method. The resulting pole set is called the
overall pole-set.

The radia of the poles which are found can now be plotted in a figure. This is done in
Figure 5-1.

I I I I I I , I

ij
0.95

0.9

0.85

0.8

0.75

0.7

0.65

0.6

0.55
0 100 200 300 400 500 600 700 800 900

---+
sorted poles

Figure 5-1: Radia of the poles (imaginary part greater than 1)

In, Figure 5-1 one can observe that all the poles have (with a few exceptions) a radius
coinciding with the reverberation time.

II) 40
R
8.
:a:

30

20

10
54 poles

not in bins
c

0.994 0.995 0.996 0.997 0.998 0.999

Radius

Figure 5-2: Histogram, amount of radia per radia bin
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This is also demonstrated in the histogram of Figure 5-2. The mean radius is 0.9961
and the perhaps more representing medium radius is 0.9981. The mean radius does
not entirely coincide with the reverberation time (radius 0,9983), but this can be
expected when looking at the severe exception present in Figure 5-1. On the other
hand, the medium radius does coincide with the reverberation time.

More curious is the distribution of the angle of the poles. Remember the plot of .
Figure 2.2. In this plot the modes became more dense when the frequency approached
the 4 [kHz] bandwidth frequency. One expects to observe a similar effect after
locating the poles (which can show some coherence with the modes) with a Prony
method. This is however not the case, as illustrated in Figure 5-3.

1: Yes
(I)
UJe
Co...
'ai
Co
(I)

o
a. No

o 0.5 1 1.5 2 2.5 3 3.5

Figure 5-3: Angle (sorted ascending) of the poles (imaginary part greater than one),
decimated a factor 4 by taking the median value ofeach following 4 poles)

It is however very well possible that poles which almost have the same angle, and thus
have impulse responses which have almost the same frequencies, when entered in a
second order filter section, are substituted by one pole. If this happens for multiple
poles in the 'dense area' then it may very well be possible that a lot of poles here, are
substituted by one or a few other poles in the same area.

When investigating Figure 5-3, it seems that the Prony model yields a kind of subband
model, where each pole takes 'care' of a certain small frequency subband. This idea
stems from the fact that the a Kautz bank is built from an all-pass bank and several
almost equally spaced band filters, from which the room impulse response is
reconstructed (see Chapter 4).

5.3 Evaluating the performance of the Kautz filter bank

The RME of the Kautz bank, can be plotted against a certain number of Kautz sections
in the with the method described in [20] sorted order. Each extra Kautz section will
cumulate to a higher RME, as can be observed in Figure 5-4.
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1

Number offi/ter sections

Figure 5-4: RME against number offilter sections, left: Kautz, right tapped-delay

What also can be noticed from Figure 5-4 is that with less sections a higher RME can
be reached with a Kautz filter bank than with a tapped-delay line. When the number of
sections increases, this advantage disappears, until finally (around 1200 sections, if
the Kautz plot is extrapolated) the tapped-delay line performs better than the Kautz'
bank.

Filter under variable room conditions

Data from some variable room conditions are available. The opportunity arises to
enter the sorted poles in a Kautz filter bank, and determine the weights for each
available impulse response (Appendix I). The square of these weights represent the
RME. Subtracting this RME from 100 %, and plotting these values logarithmically
against the number of filter sections gives a good impression how many filter sections
are necessary for each impulse response to reach a certain suppression. When using all
844 poles the following table can be derived for the suppression:

Table 5-1: RME and suppression based on the overall pole-set

RME %
Suppression [dB]
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imp1

96.13
14.12

imp2

96.68
14.79

imp3

95.67
13.63

imp4

95.79
13.76

imp5

95.17
13.16

imp6

95.56
13.53
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Figure 5-5: Number offilter sections against suppression

Looking at Table 5-1 and Figure 5-5 one can see that impulse response imp2 scores
best, with the highest suppression. This can be expected, since imp2 was repeated
with imp2b, and both were used to determine the overall pole-set (see paragraph 5.1).
Both are virtually equal (Appendix I).

None of the plots in Figure 5-4 reaches the desired suppression level of 20 [dB]. The
tapped-delay line with 2048 coefficients is capable of reaching this 20 [dB].

5.4 Fixed pole-set

As mentioned in the introduction of this chapter, in commercial applications it is often
not possible to carry out extensive calculations and measurements, in order to locate
the system poles. Even if it were possible, these caJculations and measurements have
to be carried out when large pieces of for example furniture are moved.

There are two approaches to such a fixed pole model. The first is distributing the poles
according to the results of the Prony modeling method. I.e. a linear distribution along
the range O-p and all the poles placed on a radius coinciding with the median value of
the roots found by the Prony method. The angles are then located according to the
MatLab commando:

anglelin=linspace(0.001,pi-0.00l,422);
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The other is placing the poles according to the physical model, with a more dense
distribution toward the bandwidth. To assure that poles are present also in the lower
frequency range, one half of the poles is distributed logarithmic and the other half is
distributed linear.

anglelog=[logspace(O.OOl ,pi-O.OOl ,211),linspace(0.001,pi-O.OOl ,211)]

Both angle sets are used to find complex conjugated poles. The weights are
determined by means of taking the inner product with the added impulse responses
(paragraph 5.2).The results are plotted in Figure 5-6.

linear pole-set

logarithmic pole-set

overall pale-set

700 800 900
)

600500400
10-2 L--_----'--__--'-----_-----'-__---'----__L--_----'---__-'-----_-----'--_-------'

o 100 200 300

Number of sections

Figure 5-6: Performance of2 different fixed pole-sets against overall pole-set

Clearly a good identification is necessary in orde( to obtain sufficient suppression. At
844 poles, an RME of 98.24 % with the overall pole set on the added impulse
responses is achieved. This in contrast to the linear pole-set which achieves an RME
of 90.64 % and the logarithmic pole-set which achieves an RME of 83.29 %.

This can only mean that a linear distribution of the angles is preferred above the
logarithmic distribution of the angles, which is expected according to the physical
model of Chapter 2.
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6. Discussion

Concluding from the results (Chapter 5) it seems that a suppression of 14 - 15 [dB] on
all impulse responses can be reached. These results are obtained when a Prony method
is used to find the poles of the system. The poles are almost all placed on a radius
coinciding with the reverberation time.

Although it seems that the poles are found on a more or less constant radius, each
pole representing a small subband, replacing this pole set with a pole set where poles
are placed equidistantly at constant radius does yield a worse suppression. Replacing
the pole set with a logarithmically distributed pole set according to Chapter 5 also not
improves this result.

The above conclusions suggest that a good identification of the system (LEMS) is
necessary, and perhaps the desired suppression of 20 - 30 [dB] can be reached when
using a better system identification procedure. Generating a synthetic model and
testing several identification methods with this synthetic model suggest that there are
better methods to find these poles. For example in Chapter 3 is demonstrated that the
tested iterative Prony method "scores" better on the synthetic model than the
"standard" Prony method. Unfortunately, this method makes a too large demand on
computing power, and couldn't be used for this high-order problem.

Also, too less data was available on the noise present in the measurements. If the noise
level in the data is too high, the modeling methods are of course not capable of finding
a model with sufficient suppression.

When the found poles describe the LEMS properly (enough suppression over the
majority of possible room variations), and sufficient coefficient reduction can be
achieved, the idea of using an IIR structure to model the LEMS becomes attractive. In
Chapter 4 already is mentioned that a coefficient reduction can lead to faster
adaptation of the filter structure with the suppression remaining the same. This leads
to better and faster tracking conditions, Le. the capability of the filter to adapt to
changing room conditions.

Further research

In the future it is perhaps possible to develop identification methods specially
dedicated to this problem which use restrictions, and therefore could reduce the
amount of needed calculations and memory. A Suggestion for these restrictions is
including limitations on the radius in an identification method. See for example figure
5.2. The probability of selecting a good pole decreases according to a certain
probability density function, with the medium value at a radius coinciding with the
reverberation time. Such a probability density function can be included in a cost- or
error criterion.
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Another suggestion can be limiting the amount of poles per subband. The influence of
a certain pole on a subband is calculated in Paragraph 3.5.1. A similar approach can
be used here. Decrease the probability a pole is located near another by using its
influence on a certain subband as probability criterion. Try to find a probability
density function that fits this problem and use this probability density function again
in the cost criterion.

With good identification methods it is perhaps possible to develop some rules of
thumb for the location of the poles. In this way, using an IIR filter bank can be
included in commercial applications without extensive calculations and measurements
on the room in advance

To judge the modeling methods it is vital to know how large the contribution of the
noise is to the room impulse responses. Therefore, more knowledge has to be gathered
on this noise.
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Appendix I

Data acquisition

In this report use is made of measurements in a room. These measurements are room
impulse responses, the inverse Fourier transform of the RTF in different situations.
The impulse responses are obtained by exciting the room with a Pseudo Binary
Random Noise Sequence (PBRNS).

The room is excited with a signal u[n]. The registered output signal is y[n]. The room

impulse response is given by h[n]. The cross correlation function <l>uy[t] of the two

discrete variables u[n] and y[n] is defined by:

with J1u the mean of u[n] and J1y the mean of y[n].

The output signal y[n] can is given by the following convolution:

~

y[n] =Lh[p]u[n - p]
p=O

Substituting this expression in the expression for the cross correlation function <I>uy [t ]
and assuming that J1u and J1y are both zero yields:

~

~ L h[p}I>uu [t - p]
p=O

Now remember that u[n] was a PBRNS signal. This signal is filtered in such a way
that the power density spectrum is flat and the signal resembles a zero mean white
noise signal. In that case the autocorrelationfunction <l>uJn] = 8 [n]. Hence, the above
expression reduces to:
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Table A-I: Description of the measured impulse responses

measurement description sample frequency

direct The impulse response is measured, with the 10 [kHz]
microphone pointing directly to the source.

diffuse The impulse response is measured, with the 10 [kHz]
microphone pointing to the walls (away from the
microphone).

impOla A test subject sitting behind a terminal 8 [kHz]
impOlb The test subject stood up, walked around and sat 8 [kHz]

down again behind his terminal, after this, the
measurement was repeated.

imp02a The test subject has moved 50 [em] to another 8 [kHz]
position.

imp02b imp02 is repeated to test the reproducibility of this 8 [kHz]
measurement.

imp03 The test subject has moved for around 3 [m], still 8 [kHz]
sitting down.

imp04 The test subject has moved again for around 50 8 [kHz]
[em], relative to imp03.

imp05 The test subject is standing straight, on the position 8 [kHz]
ofimp04

imp06 The test subject moved for around 2 [m], standing 8 [kHz]
straight.

Testing the reproducibility ofthe impulse response measurements

For testing the reproducibility of the impulse responses the impulse responses imp02
and imp02b can be used. However before these impulse responses can be used, there
has to be checked if they start at the same moment. This is the case, as can be seen in
Figure AO-l.

Also, we are able to define a quantity which expressed how much imp02a differs from
imp02b. This is done by calculating the energy in the difference between imp02a and
imp02b and relating this to the energy in imp02a or imp02b.

N-l

L (imp02a[n] - imp02b[nl)2
1 = 71=0 *100%

N-l

L(imp02a[n]f
71=0

Applying this leads to 1=0.4773 %. This percentage can also be related to measuring
and background noise. Too less data is available to make a good noise estimation,
however an impression can be obtained from the above expression:

92



Appendix

0.1 Imp02

0.05

0

-0.05
64 66 68 70 72 74 76 78 80 82 84

0.1 imp02b

0.05

0

-o.O~ 66 68 70 72 74 76 78 80 82 84

Start of first reflection

Figure AO-l: Testing the starting point ofboth impulse responses

Determining the reverberation time

The reverberation time is defined as the time at which the energy in the signal is down
to 60 [dB] beneath the total energy present in the signal. This is a very strict norm,
,something which can also be concluded from Figure AO-2. There is simply not enough
data available to express the reverberation time in a figure. The last samples would
simply disappear in the noise. Also care has to be taken of the first 80 samples, which
consist out of dead time, i.e. the time it takes for the first reverberation to reach the
microphone.

However, to get an impression of the reverberation time, it is possible to extrapolate
the available data. This can best be done by estimating the slope on the reliable part op
the data (the mid section). In doing so, we find at -60 [dB] the time of 't'60 =0.51 [s],.
In this reverberation time is also included the dead time. This dead time is estimated
around 80 samples at 8 [kHz], corresponding to 0.01 [s]. So the total reverberation
time 't'r ::::: 0.5 [s].
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10°
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10.2

10-3

10-<4

10-5

10-6

10-7

0 0.25

't60

Figure AO-2 The log ofthe energy present after t seconds relative to the total energy.
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Appendix

A

Result of applying the Prony method, the iterative Prony method and the Steiglitz-
McBride method to the synthetic model of paragraph 3.2. The model generates 512
samples. The damping is chosen such that the model decays enough in these 512
samples. This way, it is almost not possible for the methods to generate non stable
poles.

Relative Modeled Energy [%]
Noise level Approximation order Prony Iterative Prony Steiglitz-

Method Method McBride
2 20 84.31 84.66 84.34

22 92.32 92.32 92.93
24 81.88 83.57 81.87
26 99.55 99.56 99.56
28 99.60 89.94 99.59

4 20 79.08 79.78 79.07
22 50.93 50.93 50.93
24 61.31 63.23 61.00
26 91.01 91.24 90.97
28 83.93 84.21 83.93

6 20 64.17 66.07 64.76
22 76.44 76.86 76.48
24 76.22 77.70 76.73
26 97.80 97.78 97.76
28 97.30 98.01 98.02

8 20 52.63 52.79 52.19
22 58.63 60.64 58.84
24 70.53 72.41 70.70
26 72.72 70.67 72.57
28 78.84 78.90 78.73

10 20 64.02 65.17 64.05
22 72.51 73.21 73.15
24 83.52 84.10 63.68
26 73.23 74.25 73.20
28 69.51 69.61 69.43

12 20 58.41 58.33 58.25
22 64.00 67.00 64.53
24 74.60 75.21 74.51
26 73.94 74.10 73.86
28 89.90 89.93 89.37

14 20 60.33 60.35 59.59
22 69.42 69.23 69.08
24 63.39 58.54 63.10
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26 76.10 77.07 76.10
28 75.02 75.64 73.86

16 20 60.72 61.88 60.22
22 42.09 40.77 42.09
24 76.51 76.66 76.40
26 80.03 79.64 79.60
28 68.39 69.55 67.46

18 20 44.30 46.07 44.55
22 50.83 50.75 49.06
24 59.94 54.06 54.75
26 58.86 60.34 85.50
28 79.78 79.06 79.51

20 20 70.04 71.07 68.66
22 70.04 71.67 68.66
24 70.25 68.95 69.28
26 61.88 62.18 60.95
28 62.14 63.22 61.95

B

Calculation 5 times repeated for each method, synthetic model based on 20 poles

Relative Modeled Energy [%]
Noise level Prony Method Iterative Prony Steiglitz-McBride

Method
2 54.31 54.74 54.27

78.31 78.31 78.29
84.05 84.48 83.99

71.05 72.88 70.98
69.64 70.72 70.06
66.67 68.10 66.63

4 81.27 81.21 81.30
88.81 89.09 89.15
55.08 58.10 55.09
83.61 84.89 83.61
90.61 90.49 90.51

6 50.90 52.77 45.28
64.72 59.89 64.64
67.46 69.06 67.04
63.83 65.27 63.85
60.02 61.14 60.00

8 54.67 56.53 54.28
39.42 42.22 40.87
71.41 64.43 71.21
64.40 66.22 64.49
69.49 70.38 69.31

10 58.99 59.99 59.25
41.60 43.96 41.38
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51.84 53.88 51.41
60.64 52.51 60.52
47.57 47.19 46.15

12 60.79 62.59 60.27
53.62 53.75 53.42
34.91 47.19 44.96
70.04 67.43 69.35
71.46 71.98 71.01

14 70.67 70.99 70.52
49.02 49.16 48.91
71.46 71.98 71.01
49.02 49.16 48.90
71.46 71.98 71.01

16 56.89 57.58 56.04
51.84 51.29 51.09
33.92 36.01 32.86
57.09 59.45 55.85
69.84 70.32 69.49

18 58.61 60.66 58.68
53.38 53.08 55.11
56.83 58.41 56.68
54.42 55.36 50.28
64.31 64.51 63.13

20 59.78 60.19 58.56
60.29 61.11 58.58
47.04 47.44 47.24
33.74 33.22 30.63
52.37 47.97 50.10
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Appendix III

This algorithm is based on the separation of the real and imaginary part of a root
vector !. A root rj is given by:

From this expression a root vector! can be built. In this root vector, the real and
imaginary part are separated, so the derivative can be taken of an expression with
respect to the real part respectively the imaginary part.

For the gradient expression can be derived:

f i ,; (0 1 2'i 3'i2 (N -1)'iN
-
2rci

F=(f1 f 2 f 3 )

de d R

{-}= {}c=f.d9\ 'i d 9\ 'i - ...!..

de d R

{- }= {}c = jf.dZ'i dZ'i - ...!..

For the Hessian can be derived:

Sj ,; (0 0 2 6'i 12'i2 ... (N -1)(N - 2)r/-2rcj

S =(SI S2 •.• SN )
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j(~hL -C~))

j(~hL -C~))

Appendix

This expression is obtained by applying the chain rule. &k is the Kronecker delta
function.

Xl 0 0

! =(Xl xNf

0 X 2
X 2

... diag(!) =
0

0 0 X N
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2

2
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(R~) ( R (2) )'P'P

R'P'P = (R~J( R (4)

J
'P'P

N-l N-l N-l

f
Ly[r]e-jril

Cl,. Ly[r]e-
jril

ill Ly[r]e-
jril

r=O dO. f r=O ejildo. f r~o ej(P-llildo.
P P

il, La .e-jpil il, La .e-jpil
il, La .e-jpil

N p,l p.
p=o p=o p=o

N-l 2 N-l 2

ill Ly[r]e-
jril

ill Ly[r]e-
jril

f r~O e-jildo. f r~ dO.

il, La .e-jpil ilo La .e- jpil
p. p.

R(l) = p=O p=O
'P'P

R(2) =
'P'P

N-l
n

J
Ly[r]e-i(P-Q-l)n

_ r=O dil

n, If '. _jpn l

2

£.Jane
p=O
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R(3) =
'P'I'

N-l

0, Ly[r]e- jrO

- f r=O e-j(Q-l)Odil

oolf ._jPOI2£.Jap.,e
p=o

R(e) =
'P'I'
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