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ABSTRACT

Electro-acoustical transducers with large dynamical range are needed for the
reproduction of sound. For the reproduction of bass the transducers will have impractical
large physical dimensions. Therefore it is important to find an alternative.
One possibility is a small transducer which can be placed on an existing panel. The
transducer consists of a mounted voice-coil and a free moving magnet. The main
disadvantage of such a panel-transducer combination is its nonlinear behaviour.
The main objective of this research project is to investigate the possibilities of using such
systems. For compensating the nonlinear behaviour, system identification and model
based control techniques will be used. Before a controller can be designed a
mathematical model of the acoustical process has to be estimated.

A literature study of the development and applications of such systems and the
identification of nonlinear systems in general has been done. A prototype transducer was
constructed. The dynamical behaviour of this nonlinear prototype has been analyzed and
modelled using a black box approach. Therefor the NARMAX-modelset was chosen.
The structure of the process has to be estimated to obtain a parsimonious model. For
detecting the process structure and estimating the parameters simultaneously an
orthogonal parameter estimation algorithm has been used. This algorithm has been
implemented in MATLAB.
The main goal has been defined as reducing the nonlinear behaviour of the acoustic
transducer. For this state-feedback will be used. These states can be the measured
process states or the states from a model. The acceleration of the transducer-membrane
and the transducer input current can be considered as two of the process-states and will
therefore be used as feedback signals. The process can be divided in three subprocesses.
The input of these subprocesses is the transducer input voltage. The outputs are the
current, membrane-acceleration and soundpressure respectively. Models of these several
subprocesses have been estimated.
Two main problems came into focus. The method is prediction error based which does
not necessarily guarantee that the dynamics of the process will be modelled adequately.
This has been shown by several simulations. This effect can be minimized by selecting
a proper sample-frequency which will maximize the prediction-horizon. Due to a
measurement problem, errors occurred in the dataset. Models have been fitted using a
small dataset without these errors. Although these two problems obstructed the algorithm
to fit a good model, it has been shown that the process identification using a combined
structure-detection and parameter estimation method is very powerful.
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1. INTRODUCTION

1.1 Problem description

For the reproduction of sound, in particular music, electro-acoustical transducers with
a large dynamical range are needed. Today most loudspeakers meet this requirement to
a great extent. For reproduction of bass however, there are two main disadvantages. In
general, a high quality (sub)woofersystem will have large physical dimensions and the
distortion at low frequencies is relatively high.
For some time now people are looking for alternatives. One possibility is a small
transducer which can be placed on any existing panel. The panel can be a door, a
window or a cupboard for example. The transducer is built up from a mounted voicecoil
and a free moving magnet. When the coil is electrically activated, this will induce a
displacement of the magnet. As a reaction the panel will respond by producing sound.
The main advantage of this kind of systems is the use of a existent large panel which
avoids the use of another voluminous box. The most important disadvantages are the
nonlinear behaviour and the low efficiency. The nonlinear behaviour will result in
resonances in the panel. Both effects need improvement in order to be able to use such
systems. Attention will be mainly focused on the nonlinear behaviour.

1.2 Objective

First of all a literature study into the development and applications of such systems has
to be done. The dynamical behaviour of a simplified prototype has to be analyzed. The
transfer characteristic of the transducer has to be modelled. The purpose of modelling
the dynamics of the transducer is to generate a mathematical model in order to design
a controller. This controller will improve the performance of the system. The sound
pressure at I meter will be taken as a reference.
Thus the main objective of this research project is to investigate the possibilities to
improve the behaviour of such acoustic systems. A system identification and modelbased
control approach will be used.
Two goals have been defined. First of all, decreasing the nonlinear distortion which will
result in less upperharmonics of the output signal. Obtaining a flat frequency response,
thus decreasing the linear distortion is the second objective.

1.3 Procedure

The problem can be divided into two phases. First of all, an sufficiently good model of
the transducer has to be derived. The second step will be the design of a controller which
will improve the performance of the transducer panel combination.

After constructing a prototype transducer, its characteristics were analyzed. It appeared
that the transducer itself showed an almost linear behaviour. The nonlinearities were
introduced by the panel. The intended purpose of using different panels, lead to a switch
for the chosen prototype. I decided to take not a transducer-panel combination but a well
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defined prototype with nonlinear behaviour. It is no use analyzing a nonlinear effect of
one specific panel, if not all the various panels are comparable. Compensating for one
panel does not guarantee the possibility of compensating a different one. Because the
composition of the system may _vary, the control ~ystem. has to be an adaptive system _
eventually. This is also supported by the fact that the acoustic response of the system will
be influenced by its surroundings.
That's why I choose to use a black-box approach with an other transducer. Black box
approach means no a priori information about the nonlinearity will be used to model the
system. When the approach, model the system and design a controller, works for this
application it will also work for similar systems. Later on the controller can be extended
to an adaptive one to cover all possible configurations.

First the results of a literature study is presented in chapter 2. A choice for the
NARMAX modelset and a method to model the system is made and described in
chapter 3 and 4. The prototype transducer is described in detail in section 5. A short
review of different controller strategies for this application is outlined in chapter 6.
The implementation in MATLAB of the method to model the transducer is considered
in chapter 7. The whole proces of system identification with resulting models is presented
in chapter 8.
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2. LITERATURE STUDY

The literature study has been done mainly at the library of the Philips laboratory of
physics. Besides the internal computer assisted search possibilities, connections were
made with an international database in Rome to have complete and up to date
information.

First of all, articles were sought to get acquainted with the problematic of distortion
within conventional loudspeaker systems [Birt '91, Gander '84, Greiner and Sims '84,
Mills and Hawksford '89, Stahl '81]. This selection of diverse articles together give a
short introduction of the existing problems and different techniques to tackle these.

I have searched for literature which combines identification and/or control of nonlinear
systems with acoustics, in particular transducers. Although the search class looks wide,
only three articles were found.

The Volterra approach (see chapter 3) is shown by Kaiser ('87) and Klippel ('90).
Kaisers article deals with the modelling of the distortion of a loudspeaker. He uses a
Volterra series expansion. By inverting the process model he creates a feedforward
controller. The controller is used to decrease the distortion components. He compares
the theoretical derived results with the measured distortion components. Klippel
describes an improved method for measuring the nonlinear parameters of electrodynamic
loudspeakers.
Modelling a loudspeaker with a Wiener-Hammerstein structure (see figure 2.1) is shown
by Ihlenburg in his article of '85. He takes the frequency domain measurements as a
starting point and models the distortion. Using the Wiener-Hammerstein structure, the
nonlinearity is supposed to be static. However, he gives no information from which this
conclusion can be drawn.

In stead of estimating the structure, both writers derive the structure of the system
beforehand. Strictly speaking they estimate the parametervalues of the derived model.
Any structural mismatch between the true system and the model, the so called model
errors, can not be compensated.

Because only three articles have been found using this search-class, it is broadened to
linear identification and/or control with acoustics. Although it is not the objective to do
linear identification, it may lead to interesting methods or applications. Now several
articles have been found.
Knudsen et al. describe the estimation of the Thiele-Small parameters of a loudspeaker
using a system identification technique. The Ljung [see Ljung '87] system identification
toolbox within MATLAB is used. This article from '85 is the first reporting this
combination of system identification and an acoustic process. As mentioned before linear
models are used. Here also the structure is derived a priori.
Several articles were found dealing with motional feedback (MFB). This is a system in
which the acceleration of the conus of a bass loudspeaker is used as a feedback signal.
A special designed control system enables then control of the conus movement. This
results in improvement of sound quality for low frequencies. A lower frequency range
and less distortion are possible in the same cabinet when this active control system is
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implemented. The articles Adams and Yorke '76,de Boer '61,Hall '89,Klaasen and de
Koning '68 give a nice impression of performance improvement. Motional feedback
systems are compared to conventional passive loudspeaker systems.

;"put u ==:j H(w) F~FOUlput y

Wiener structure

u ={ F(.) FI H(w)

Hammerstein structure

u ==:1 H(w) F'\ F(.) H H(w)

Wiener-Hammerstein structure

F(.) := a static nonlinear function

H(w) := linear dynamic ftmction

Figure 2.1: Wiener-Hammerstein structures

Searching for nonlinear system identification theory in genera/lead to an active area of
nowadays research. This can be concluded from the number of publications found. Last
decade several methods have been elaborated for identification of nonlinear systems.
Most assume the structure is known a priori. They are therefore parameter estimation
algorithms. A good and up to date survey article has been written by Haber and
Unbehauen in 1990. It shows that several practical methods exists, especially those that
are based on linear-in-the-parameter model descriptions. This is demonstrated by several
simulations and applications.

It is advisable to precede the identification with a nonlinearity test. An easy test is
required to investigate the necessity to use a nonlinear model. A fast method with as few
as possible computational effort is needed. A short survey about nonlinearity tests has
been written by Haber in '85. The results of the identification have to be validated too.
Research has been done to develop such nonlinearity and validation tests [Billings and
Voon '83,'86].Correlation functions appear to be most valuable for this purpose.

Several possibilities exist to distinguish different nonlinear dynamic model description
methods. A global division can be made [Sales and Billings '90] as follows :
* Functional series models (e.g. Volterra and Wiener series)
* Difference equation models (e.g. Bilinear, NARMAX, generalized Hammerstein)

8



* Specialized structure models (e.g. Block-oriented models, Wiener-Hammerstein,
general cascade models)

In section 3 these various model description methods will be compared and a selection
will be made.

The papers of Smets '60 and Casti '85 can be seen as a general introduction to the
functional series theory. The Volterra and Wiener theories are well described by
Schetzen in his 1980 book.
The structure of a Hammerstein model is a static nonlinear block followed by a linear
dynamic block. An Wiener structure consists of the same elements but placed in reverse
order. When these two structures are combined, a linear dynamic followed by a static
nonlinear and a linear dynamic block, a so called Wiener-Hammerstein structure is
formed. See figure 2.1.
A survey of the Hammerstein approach with examples discussing chemical processes is
given by Eskinat et al. in '91. How' these models can represent the dynamical behaviour
of nonlinear chemical processes has been investigated. Different methods to identify the
parameters were tested on a distillation column simulation and on an experimental heat
exchanger. Hammerstein models perform better than linear models is the conclusion.

Besides Haber and Unbehauen also others have written survey articles of the
identification of nonlinear systems [Billings '80, '82, '85]From these articles together can
be concluded that :
* parametric are prior to nonparametric models
* according to the principle of parsimony models with fewer parameters are in favour
* model descriptions have to be suited for control purposes
* those models which allow simpler structure identification have advantages over other

models
* those models which allow simpler parameter estimation are in favour

Linear-in-the-parameters nonlinear dynamic models are the first in rank according to
these criteria. The need for simple linear-in-the-parameter models for control purposes,
motivates why structure identification for these models came into focus of research in
the last decade [Haber and Unbehauen '90]. Linear-in-the-parameter models lends itself
easily to well-established and easily implemented recursive estimation methods and
hence provides a natural basis upon which to develop nonlinear self-tuning controllers
[Sales and Billings '90].
Such models were first proposed by Ivankhenko and extended for stochastic cases by
Leontaritis and Billings in '85.These nonlinear models have components which are linear
or nonlinear combinations, usually polynomial functions but not necessarily, of input and
output signals. The task of structure identification is to select the significant
modelcomponents among all possible. A trivial way of determining the best structure is
to perform a parameter estimation for all possible structures and decide on performance
which structure fits best. If this is possible, it will be very cumbersome and will certainly
need excessive calculating power.
An efficient method for solving this problem has been reported in '88 by Korenberg et
al .. It is an orthogonal parameter estimation algorithm which provides unbiased estimates
of each coefficient. The algorithm uses the orthogonality property to obtain a parsimoni-
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ous model. It has been reported that models with fewer than ten terms are usually suffi
cient to capture the dynamics of a highly nonlinear process in prediction.
Advantages and disadvantages of using different (orthogonal) decomposition techniques
for system identifi_cation are discussed by Chen et al. ('89).

Although much research has been done to the theoretical aspect of nonlinear systems
identification, few literature about testing this theory in practical applications have been
found. One article about the practical problems is written by Billings and Fadzil in '85.
The diversity of the few applications is well illustrated by the found examples. Modelling
a turbocharged automotive diesel engine has been described by Billings and Chen ('89),
whereas Breur ('91) modelled a nonlinear time-variant fed-batch bakers' yeast
fermentation process.

The search for literature considering control of nonlinear processes was not done as
extensive as for identification. However useful articles were found. Sales and Billings
have ('90) described a self tuning controller design based on the NARMAX modelset.
Manchanda and Tham ('91) have written a evaluation article about different nonlinear
controller strategies. The exact linearization technique and LIN mapping, using In(x) and
it transformations, have been considered. In the lecture notes composed by Veldpaus,
controller design based on linearization techniques, using the Lie-derivative, is explained.
Hauser et al. '92 use the ball and beam example to demonstrate the limits of the
linearization method.
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3. CHOICE OF MODELSET

To describe a system with dominant non-linear behaviour it is necessary to use a non
linear model. The structure of the system is supposed not to be known a priori. The class
of such black-box models have to be broad to have a big chance it can describe the
dynamics well. If the behaviour of a system can be adequately described by such a model,
then it is said that the system falls within the chosen class.

.Traditionally the functional series description of Volterra and Wiener have been used
to model a system. Using the Volterra or Wiener series description (see formula 3.1) it
is possible to describe a wide class of systems. The resulting extensive parameterset, even
for small nonlinearities, which is inherent to the chosen modelset is a major drawback
[Sales and Billings '90]. This outweighs the fact that explicit knowledge of model order
and dead time is unnecessary. Other disadvantages are the special input signals needed
to estimate the Volterra kernels, the difficulty of incorporating prior knowledge of the
system into the model and common nonlinearities, e.g. dead zone, saturation, lead to
complex kernels. About identification and analysis of such models is written a lot.
Practical applications and controller design studies however are hardly reported. For
illustrative examples see Chen and Billings '89.

The Volterra series :

()) 00 00 11

y(t) = ~L.. Lhl\(TI'T2"',I)UU(t-T)dT; + e(t)

where
u(t) and y(t) : input and output signal respectively
hl\(t) : generalized impulse response
eft) : noise signal

(3.1)

For n=l this Volterra series is reduced to the convolution description for linear systems.
In static, memoryless or frequency independent, systems the impulse response will be a
dirac-pulse and the Volterra series degenerates into a power series.

Difference equation models (D.E.M.) are the most important class of models, for both
linear and nonlinear systems, since they are most widely implemented. The reasons for
this are :
- D.E.M. arise naturally from physical laws when a differential equation is transformed

to a difference equation. Sampled nonlinear continuous-time systems are also an
illustrative example.

- They have relative few parameters if structure detection has been done.
- D.E.M. can represent a wide class of nonlinearities.
- Every sufficiently 'rich' input signal can be used for parameter estimation algorithms.
- The model can be readily implemented on a digital computer which is especially

relevant for control purposes.
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3.1 NARMAX modelset

The nonlinear autoregressive moving average with exogenous inputs, NARMAX is such
a discrete difference equation model. The NARMAX modelset, first introduced by
Billings and Leontaritis ('SI) is linear in the· parameters, which makes it possible· to use
some efficient least squares parameter estimation and structure detection algorithms. The
way structure detection can be done is very important for the choice of modelset.

The NARMAX model provides a unified representation for finitely realizable nonlinear
systems. The problem however is that for obtaining a model with a prescribed accuracy
the model will in general have a lot of terms and thus will become very complex. This
unwanted effect is in conflict with the principle of parsimony. It can be overcome by
choosing only terms which are most significant. It has been shown that then models with
fewer than ten terms are usually sufficient to capture the dynamics of a highly nonlinear
process in prediction.

The most important disadvantage of the NARMAX model is that he model components
have no direct physical meaning, related to the real process.

The NARMAX representation is given by

y(t) =F[y(t-l) ... y(t-ny ) ,u(t) ... u(t-nu ) ,e(t) ... e(t-n,),Ol ... On) (3.2)

where u(.) is the system input, y(.) the system output, e(.) the noise, OJ the parameters
and F(.) any nonlinear function.
In general, nonlinear input-output behaviour can be well approximated by polynomial
models [Chen and Billings 'S9]. In this case F(.) will be a polynomial function.

The Hammerstein, Wiener, bilinear and several other well-known nonlinear structures
can be shown to be special cases of the NARMAX model [Billings and Leontaritis
'SI,'S2,Chen and Billings 'S9].

3.2 Structure selection

The selection of the significant terms of the NARMAX model can be seen as the
structure identification of the system. The identification of a nonlinear process is a
combined problem, the detection of the structure and estimating the parameter values
of these terms. Korenberg and Billings ('S8) have reported a powerful method for solving
this problem for the SISO case and extended in '89 to MIMO. It is an orthogonal
parameter estimation algorithm which provides unbiased estimates of each coefficient
and the contribution of each element to the output variance.The algorithm is a forward
regression algorithm which means that it iteratively selects the most contributing element.
New terms are selected till the given tolerance is reached. The algorithm uses the ortho
gonality property to obtain a parsimonious model. In the next chapter this algorithm will
be described.
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4. NARMAX MODEL ESTIMATION

The purpose of modelling the dynamics of the transducer is to generate a model in order
to design a controller which will improve the sound quality of the system. This section
deals with first phase, make a sufficient good nonlinear model of the acoustic transducer.
From chapter three we know that with a NARMAX model a wide class of systems can
be described. The problem however is to find a parsimonious model. In general, a
prescribed accuracy can be achieved by just increasing the number of model components.
This will result in an excessive complex model and an almost certainly ill-conditioned
problem.

4.1 Orthogonal parameter estimation algorithm

When the structure of the system is known, a parsimonious model can of course be
derived. The supposition of applying a black box strategy forces us to determine the
structure beforehand. In chapter three, the different methods were shown to do this and
the choice for an orthogonal parameter estimation algorithm has been made.

Korenberg and Billings presented such an method and it will be described here. The
algorithm uses an auxiliary model with orthogonal modelcomponents. Due to this
property the parameters can easily be estimated. Under assumption of a white prediction
error, the parameter estimation is proved to be unbiased and independent of the other
terms in the model. The process and noise parameter estimation is therefore decoupled.
The algorithm also provides an indication of the contribution of each element to the
output variance.
The method is presented here for the SISO case for convenience, but it is also valid for
the MIMO case [Billings et al. '89].

In the NARMAX model every nonlinear function can be used. In physical systems these
function are mainly continuous. In order to use formula 3.2 a means of parametrisation
is required. A polynomial expansion is convenient but not necessarily the only choice.
The function F(.) is approximated by a power series, a Taylor series with a finite number
of terms. The amount of terms depends on the smoothness of the function and the
prescribed accuracy of the approximation. Expanding formula 3.2 by defining the function
F(.) to be a polynomial of degree I gives the representation :

M

yet) =L 6mPm(t) + e(t)
moO

(4.1)

where
y(t)
8m

Pm (1)
e(l)

: measured output
: parameters
: any combination of terms u(.), y(.), e(.) with maximum degree l.
: noise signal

While Po(t) =1, 80 represents the d.c. value. It can be clearly seen that the model is linear
in the parameters.
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For example the fictive NARMAX model:

y(t)=()/u(t-3) + ()zY(t-2) + ()3U(t-J)y(t-J) + (),#2(t-2)y(t-J) + d.c.

can be represented by formula 4.1 by defining:

port) =J .. ()o = d. c. ..
Pdt)=u(t-3),' Plt)=y(t-2) .. pit)=u(t-J)y(t-J) .. pit)=,}(t-2)y(t-J)

The parameter vector () can be estimated using a least-squares-based routine. Formula 4.1
can be expressed in matrix-notation as :

P=

Y = P8 + E

where:

Y = [y(1) .. y(N)Y

Po(1) p 1(1) .. PM(I)

Po(2) P1(2) .. PM(t)

Po(N) P1(N) .. PM(N)

e = [()o .. ()MY

E = [e(l) .. e(N)Y

The standard least squares solution which will minimize the error e(t) is

min. II Y - P8 t.s. ~ e = [pTp]-lpTy

(4.2)

(4.3)

(4.4)

This solution satisfies the normal equation pTp8 = pTy. There are several methods to solve
this equation [Chen et al. '89] hence estimate the parametervector.

By reformulating the problem considerable computing advantages can be achieved. For
example the fact that the estimation of each parameter will be decoupled, which makes it
possible to add new terms without the need to re-estimate the other ones. The orthogonal
parameter estimation method is given in figure 1.

Although the objective is to estimate the parameters OJ , i =O, .. ,M in form. 4.1, the
algorithm is formulated for the auxiliary model.
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MODEL

parameter : e transfonnation parameter : g
--... ./

L.S. parameter
estimation

/ - --

(~re:
back -

gJ"e estimate:

transfonnation
--... ./ '---.. -

Figure 4.1 : Onhogonal parameter estimation scheme

M

y(t) ;; L &nwm(t) + e(t)
m~O

(4.5)

where gmrepresent the parameters and w;(n) , i=O, .. ,Mare constructed to be orthogonal
over the data set such that

N

LUj(t)Wk+l(l) = 0, j=O,I, .. ,k
lal

(4.6)

A set of orthogonal polynomials could be constructed by applying the Gram-Schmidt
procedure but this can be shown to be sensitive to rounding errors. The Gram-Schmidt
procedure is a recursive procedure to generate a orthogonal set of basis vectors. Here
a modified Gram-Schmidt scheme is used which makes use of the algebraic polynomial
structure. This method has been adapted to the dynamical model of form. 4.2 by defining
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m-I

Wm(t) :=pm(t) - I:annwr(t) , m = 1, .. ,M
reO

with

(4.7)

N

I: Pm(t)Wr(t)
• _ 1·1

ami . - --:-N:-----

I: W;(t)
/·1

Setting

1 N
&> := -I:y(t)

N leI

O<r~m-l (4.8)

(4.9)

Minimizing the prediction error e(i) for the auxiliary model will also minimize the mean
square error for the original model. Now minimizing the prediction error in least square
sense,

N N M

min. I: e2(t) = min.I: [y(i) - I: gmWm(t)]2
lei I-I maO

and using the orthogonal property of wm(t) gives the parameter estimates

N

I:Y(i)Wm(t)
A 1.1&n = -N---

I: W~(t)
1=1

(4.10)

(4.11)

Once the parameters gm' m=O, ... ,M have been estimated, the parameters 8m> m=O, ... ,M
in the NARMAX model can be computed as

M

Om = I: tv;
jAm

where

v = 1
m

i-I

Vi = -I:arivr , m<i~M

(4.12)

(4.13)

The predi~tion errors are not known a priori and must be estimated from formula 4.2
as
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N

e(t) = Y(l) - L g",w",(t)
",·0

4.2 Selection of terms

(4.14)

Several methods exist to determine the significant terms that should be included in the
model. Whilst some of these methods are efficient, an alternative and simpler method
can be derived as a byproduct of the orthogonal estimation algorithm. New terms will
be selected till the desired tolerance is attained. The desired tolerance is given by Cp and
M is number of selected terms.

Multiply the auxiliary model by itself and taking the time average gives:

IN IN[M ] IN-L y2
(l) = - L L ~W~(l) + - L e~(t)

N '.1 N 1=1 ",.0 N 1=1

(4.15)

Using the orthogonality property 4.3 and the assumption that e(t) is white to give the
maximum mean squared prediction error with no terms included in the model (M=O)

N N

L IP(t) 1M =0 = L y2(l)
1=1 '.1

(4.16)

The reduction in mean squared error as a result of including the term OpJl) can be
expressed as a percentage reduction in the total mean squared error by defining the error
reduction ratio as

N N
L g/Wj

2(l) &2L W
j

2(1)

[ERRl; 1=1 1·1 (4.17)=N N

I:i(l) Ly2(1)
1=1 I-I

This quantity ERR provides an indication of which terms to include in the model. Cp is
the portion of the output variance which have to be explained by the selected terms. The
sum of all M [ERR}j terms is the portion which is explained.

The selection is terminated if enough terms are added to the model. The resulting
stopcriterium can be given as :

M

1 - L [errl; < Cp
i.l
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It has been noticed that the [ERR]; of the chosen terms are not necessarily in descending
order. It is possible that [ERR]; < [ERR]} , i<j.

It should be e~phasiz~. that the forward regression orthogonal procedure maximizes the
increment to explained output variance, not the explained variance itself. The solution
is in general a suboptimal solution in the sense of maximizing the explained variance.

4.3 Properties of the algorithm

It is shown [Korenberg '88] that the parameter estimates of gj and ()j will be unbiased,
V.l.Z.

E{g} = g E{ 8} = () (4.19)

(4.20)

This is true under some assumption. The noise signal e(t) have to be white, gaussian and
zero mean. The process have to be in the modelset.
The standard deviation of e(t) is given by

1 M M

U2 = (N-(M 1) -N ) L [y(t)-L g"Wm(t)]2
+ y I:N,+I m:O

with Ny the maximum delay of output samples, N the number of samples and M the
number or terms selected.

The algorithm is equation error based. It will give the best prediction of y(t+ 1) when all
input and output samples up to time t are given. The question is or the length of the
prediction horizon is sufficient for the process considering the 3 ms delay time. This
delay time is the time needed for the sound to cover a distance of 1 m.

4.4 Implementation

This algorithm is first implemented in MATLAB, a mathematical software package, by
Hoeksel in 1991. For modelling the acoustic transducer the algorithm is extended with
several routines (see chapter 7).
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5. PROCESS: ACOUSTIC TRANSDUCER

For reasons explained in chapter 1, the choice for an alternative prototype has been made.
This prototype has been designed to be nonlinear.
In many conventional loudspeakers a balanced system is used to reduce unwanted nonlinear
effects. In the prototype a unbalanced system has been used to have nonlinear effects. The
idea is to have a iron membrane which is placed in an electro-magnetic field. A static
magnetic field generated by a permanent magnet will give the membrane an internal tension.
This static field is modulated by a current via a voice-coil. This modulating field will result
in a varying attractive force on the membrane. The membrane will start vibrating.
The smaller the membrane-magnet distance, the stronger the attractive force will become.
This force is proportional to the inverse of the squared membrane-magnet distance, in a first
approximation.

The intended purpose has been to model the system based on a black-box approach.
Therefore the exact construction and choice for materials had been not critical. The prototype
had been built using as much components available from standard speaker systems. This
made a quick realisation possible. Using a trail and error method the 'speaker' had been
optimized to have maximum sensitivity. The sensitivity is the soundpressure related to the
input power.
A intersection of the prototype is depicted in figure 5. I.

The first prototype constructed suffered a low sensitivity. Several changes were made to
improve the sensitivity. Number of coils, membrane-thickness, membrane-magnet distance,
size of magnet surface and magnetic induction are properties which define the sensitivity
directly. The first three properties were varied to obtain maximum output.
The membrane need to be thin to keep the moving mass low and thus the sensitivity high.
This resulted in flux saturation of the membrane. Therefor a small iron ring has been
mounted in the middle of the membrane.
To suppress the resonance some damping has been added. Experiments with different types
of foam have been done. Adding damping reduces the sensitivity so very little damping has
been used.
Some experiments were done with a hard-foam membrane also. This resulted in a bi-stable
system and was therefore not usable.

The process input and output are defined the driving coil-voltage and the soundpressure at
one meter respectively. The measured frequency plot is displayed in figure 8.2. The
performance bandwidth (= 20 dB below maximum output) has been taken from 100 to 1000
Hz.

The input current and the membrane acceleration can be considered as states of this process
and are therefore also measured. A piezo based accelerometer is positioned in the middle of
the membrane. The weight of this sensor does not influence the behaviour of the transducer.
This has been verified by measurements.
Bending a piezo-plate in one direction causes the generation of a small voltage across this
plate. This is called the piezo effect. In an acceleration sensor the plate has been fixed on two
sides. The inertia makes the plate bend as a reaction on the applied acceleration. A small
preamplifier has been mounted directly at the sensor plate to obtain a good signal-to-noise
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ratio. The sensorsignal is amplified by a second amplifier which has been mounted on a
breadboard placed just behind the 'speaker'. The electrical scheme of both amplifiers is
displayed in appendix B.

Front view Intersection

==-_1
2
3
4

5
6

7

//' 8
y'

/-,-:/~?~ 9
p'"

10

Figure 5.1 : Acoustic transducer

where

1 : permanent magnet
2 : voice coil
3 : iron ring
4 : acceleration sensor
5 : core of iron

6 : soft foam
7 : membrane
8 : rings for distance adjustment
9 : soft foam

10 : plastic house
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6. CONTROLLER STRATEGIES

In this chapter different controller strategies will be described which can be used to
improve the performance of the acoustic transducer. The performance has been defined
as the percentage of distortion related to the output signal amplitude. The performance
of the controller is the improvement of the performance.
The implementation of the controller can be done in a digital signal processor (DSP).
The transformation of the discrete time controller model to the DSP program is expected
to give no fundamental problems.

For fitting a model a black-box approach has been used. The controller strategies have
to be generally applicable to continue this approach.

Feedforward

The most straight forward method of controlling the process is to use a feedforward
controller. No extra adaption to the process have to be made. In theory this method will
give good results but in practical applications it can give some problems. First of all, no
possibility for compensating model deficiencies (Long term stability, temperature etc.)
exists. Secondly there could be disturbances or noise which effects the process. For this
no compensation is possible using a feedforward controller.

State feedback

These problems can be overcome by using a (state) feedback controller. Now
information about the process-states have to be available. These states can be the
measured process states or the states from a model.
The acceleration of the transducer-membrane and the transducer input current can be
considered as two of the process-states and will therefore be used as feedback signals.
In conventional speakers the conus acceleration and the soundpressure are strongly
related.
The process can be divided in three subprocesses. The input of these subprocesses is the
transducer input voltage. The outputs are the current, membrane-acceleration and
soundpressure respectively.

Self-tuning control

A more intelligent control structure is a self-tuning controller. This controller adjusts the
parameters to the process. See for example the article of Sales and Billings '90. They
chose to use a minimum variance controller.

Before a controller can be designed a good model of the process have to be estimated.
In the next chapter the software will be described to estimate the models.
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7. IMPLEMENTATION IDENTIFICATION ALGORITHM

In this chapter the routines which were used to estimate a process model will be
described. All rO\ltines have been implemented if} NATLAB, a mathematical software
package. The core of the orthogonal parameter estimation algorithm was first
implemented by Hoeksel. Some routines have been modified but the data structures are
left unchanged. Several routines have been added to obtain a menu-driven, complete
software package for estimating and validating models.

The major changes made to the original program together with a global description of
all routines will be given below.

Bil.m
This is the start-up routine. Some variables are set and the main menu is presented. A
call is made to the other routines.

Bil conv.m
Significant terms are iteratively selected till the predetermined accuracy has been
reached. First the regression matrix Q is formed in Bitmod.m whereas BilJnsi.m selects
the most contributing terms from Q.

Bil datain.m
This routine loads the measured data, given the operator's choices. A correlation test to
estimate and check the correct process delay is available. The process input and output
are normalized to make both variances equal to one. The dataset length for model fit
and the validation set length can be defined independently together with the startsample
number of the whole set. Both input and output signal can be plotted on request.

Bil.Jitoe.m
This routine fits iteratively a model on the input data and the simulated output data to
'force' a small simulation error. This methods is described in chapter 8.5.

Bil-Edm.m
A data matrix is generated. It consists of the input and output vectors together with the
delayed versions. These time signals are stored as columns.

Bil mod.m
The regression matrix is generated. In the linear case the form is identical to the data
matrix generated by Bil...gdm.m. In the nonlinear case all possible combinations of these
vectors c.q. columns will be stored also. This can result in a huge matrix format.

Bil msi.m
In this routine the selection is made which terms are most significant. Therefor the error
reduction ratio (see chapter 4.2) is calculated. The orthogonal basis is built from the
selected terms. The transformation matrix to form this orthogonal basis from the
regression matrix is derived. The parameter values which belong to the chosen terms are
then efficiently calculated.
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Bil_opti.m
The presets or options for the algorithm can be specified by the operator.

Bilyred.m
The prediction of the model is calculated. This prediction together with the error is
displayed. The total squared error will be calculated for the model fitting dataset as well
as for the validation set. These values will be printed on screen and in the text file
'result.b*' .The ,*, represents a reference number.

Bilyrint.m
On operators request all the generated text and meta files will be printed.

Bil sel.m
A text file is opened to save all settings and options. The results of the model fit are
saved in text format in the same file: 'result. b*' .The ,*, represents a reference number.

Bil sim.m
This routine is identical to Bilyred.m with the difference that here a simulation is
calculated in stead of a prediction.

Bil vali.m
Routine for validating the outcome of the identification algorithm. This will be done with
correlation functions. For nonlinear systems five functions are sufficient (chapter 8.3).

Several stand-alone routines have been written to perform some extra functions.

lnputdata.m .
The process input signal for the process identification are generated. This is a white
noise sequence which is filtered to become a model specified for that frequency range.

Myfilt.m
This routine filters the measured data and plots the frequency spectra of the signals.

Spadata.m
Performs a spectral analysis on the measured data.

Transload.m
Loads the measured data for the MISO model identification.
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8. PROCESS IDENTIFICATION

Given a process with measured inputs and output signals, process identification can be
descri~ed ,as the constructing, of a mathematical model that can predict the p~ocess

output, with a predetermined accuracy over a given time horizon, from measured,
arbitrary input signals [BacIa '90].
The proces identification is based on three entities [Ljung '87] :

1. Data
2. Set of candidate models
3. Rule by which the candidate models can be assessed using the data.

According to Ljung the data consists of the measured input and output signals of the
process. In chapter three a choice is made for the NARMAX modelset. The rule which
will be used is a quadratic error criterium. This is a result from the choice for the
orthogonal parameter estimation algorithm. The algorithm minimizes the prediction error
e(t) in least squares sense.

(8.1)

In figure 8.1 the general procedure for system identification is given. For modelling the
acoustic transducer this scheme is followed.

( prior knowledge ~')

___" --------"--'--Jl_~_' "
( make decisions
------,-,----------,--,-----,,----------,-,---------r'

calculate model
not ok

II (!xperlmental design./)

~ JJv(cl.oose modelse!) (&;ta aquisiti.;D)

C;hoose criterium. of fit~) I data set. JJ ./
(
,,-------- --------~_/

]l
( ____v_a_li_da_te m_od_el J

J1 ok
(~us-----'-e'<-m-od-e~l~)
----_/

Figure 8.1 : Identificalion scheme according to Ljung.
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8.1 Measurements for modelling

Before the data acquisition, needed for fitting a model, can take place, some preliminary
measurements have to be done, in order to get some knowledge about the main
characteristics of the process. In this case the bandwidth and a measure of nonlinearity
are the primary targets. These preliminary measurements are needed to design the final
data acquisition measurement carefully. Input signal properties and amplitude, sample
frequency and duration of measurement are the major variables which have to be
considered before this data acquisition can be done.

As mentioned in chapter five three subprocesses will be considered. The main process
which relates the input voltage to the soundpressure at one meter distance, will be
represented by Hup. The subprocess Hili describes the relation from input voltage to input
current, whereas the input voltage to membrane acceleration is symbolised by Hux•

Preliminary process measurements

To get some prior knowledge about the transducer, the frequency responses were
measured. This response can be measured with very little disturbing noise due to the use
of selective filters. When the system is excited with a sinusoid signal, the output is
bandfiltered with the same frequency. In the case of distortion measurements the
bandfilter will be adjusted to a multiple of the input frequency.

Transducer bandwidth

Knowledge about the transducer bandwidth is used to set the sample frequency for the
experiment. The bandwidth can be defined as the frequency range limited at I % or 20
dB below maximum amplitude [Backx '90l.From figure 8.2 the interesting bandwidth can
be seen to be 100-1000 Hz. Furthermore the frequency plot shows a resonance peak with
centre frequency of approximately 300 Hz.
The frequency plot of the acceleration sensor response is given in figure 8.3. This
response is set by the sensor dynamics and the local membrane vibration. The response
in the concerned bandwidth is sufficient of amplitude.

Largest time constant

The largest time constant of the system will define the duration of the measurement.
This duration is taken five to ten times the largest time constant as a rule of thumb. This
time constant can be read from the impulse response, bodeplot or crosscorrelation
between process input and output. This crosscorrelation represents the impulse response
in case the input signal is a white, independent, zero mean noise sequence as can be seen
from equation 8.2.

N

~yu = Eh(i)<I>uu(i-T)
;=0

where h(i), ;=0, .. ,oorepresents the impulse response and T a time delay.
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Figure 8.3 : Frequency response acceleration sensor.

The two latter mentioned methods are less sensItive to disturbance noise. The
crosscorrelation due to the effect of averaging over an amount of samples. The frequency
response measurement due to the selective filtering.
The largest relevant time constant can considered to be 10 ms, concluding the fact that
the lowest significant frequency in the bodeplot is 100 Hz.
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Measure of nonlinearity

A second measurement has been done to get knowledge about the measure of
nonlinearity. Harmonic distortion is a result from this property. So the amplitude of the
harmonic distortion components have been measured, excited the process with three
different power levels. These plots are depicted in figure 8.4.

Final data acquisition

All measurements were done in the anechoic chamber at the Philips laboratory of
physics. This resulted in free-reflection measurements and good signal-ta-noise ratios.
The objective to find a discrete time model leads us to measure digitally. For this
purpose a Philips NMS 9100 AT-286 personal computer has been extended with a 12 bits
PClab 818 AD/DA card. The measurement setup is presented in figure 8.5.

pc proces pC

~~ u~1 IY ~~~~=ltransducer=====:~

l.p.f. amp. amp. l.p.f.

l.p.f. := low pass filter

amp. := amplifier

y := measured quantity (sound-pressure, current or acceleration)

Figure 8.5 : Measurement setup for final data acquisation

The digital input signal drives the transducer, after digital to analog converting, filtering
and amplifying. At the same time the output of the process is filtered, digitised and
recorded by the computer. The software limits the use of simultaneous recording of more
than two process signals during one measurement.
Ajustable anti-aliasing filters were used. Documentation about the filters was not
available. The frequency plot of one filter adjusted to 1.5 Khz is displayed in figure 8.6.

The soundpressure at I m has been measured with a high performance Brliel and Kj<er
microphone and preamplifier.
The voice coil current is measured using a small resistor, which converts the current to
voltage. The resistor and connection wires voltage drop has been compensated for. The
measured voltage is the true voltage at the transducer. The acceleration of the
membrane is measured using a piezo based sensor as mentioned in chapter five. A small
impedance transformer and preamplifier is mounted at the centre of the transducer. The
electronic scheme of this amplifier is displayed in appendix B.
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Sample freQ.uency

From Shannon's sampling theorem is known that is have to be at least two times the
highest frequency present in the signal, that is 2 kHz. If a higher sample frequency is
used, the extra information can be used for signal preprocessing. This preprocessing of
the collected data improves the reliability of the data. It can involve peak shaving, trend
and offset correction and filtering. Afterwards sample rate reduction is applied to remove
the remaining, redundant information.
The maximum attainable sample frequency is 15 kHz on this system, which is enough for
our purpose. For the measurements this maximum frequency is used for reasons earlier
mentioned.

Measurement duration

From the preliminary measurements we know that the measurement have to take at least
some 100 ms, which is equivalent with 1500 samples. The measurement system limits the
maximum sequence to 10000 samples. This maximum quantity of samples is taken.

Input signal

The first measurement session had been done with an independent uniformly distributed
white noise sequence. This is the best choice for nonlinear systems with an input
amplitude constraint [Leontaritis '87]. This sequence is recorded on disk, so the same
sequence can be used for all measurements. The autocorrelation can be seen as a test
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white. The autocorrelation function taken over 2000 samples is plotted in figure 8.7. The
different subprocess measurements have been done sequently using the same white noise
sequence.

u.

Autocorrelation white inoutsignal

, II

15 xI08
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Figure 8.7 : Autocorrelation inpulsignal.

In the second measuring session a filtered noise sequence has been used. The noise has been
low pass filtered with 1.5 kHz.

AccurlUJ' ofmeasurements due TO quantisation

With formula 8.3 [Shanmugam] the maximum attainable signal to noise ratio due to the
quantisation error 0/1) can be computed. The analog to digital converter used, is a uniform
quantizer.

Nq = var(Oq(I» =

S = Q2-1 A2
q 12

where

A2

12 (8.3)

Q = number of intervals = 2nwnber of bils

~ = step size AID converter = input rangelQ
Nq = quantisation noise power
Sq= signal power

which can be written as :

[ ~:] = Q'-I

and simplified for large Q to :
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, for Q ~ 1

The resolution of this AID converter is 12 bits, which leads to a 72 dB signal to noise
ratio if the range is fully used. This is far enough for our purpose.

In appendix C two tables summarizing all relevant measurements which have been done,
are plotted.

8.2 Primary signal processing

Filtering

It is important that the information obtained from the experiments is reliable. Filtering
the data reduces the effect of signal disturbances. In linear systems filtering commonly
used. Real time filtering is also needed to prohibit aliasing effects.
Because the system is nonlinear, filtering the measured data off-line is not allowed. This
has been checked with a simulation study. A self generated nonlinear process has been
excitated with a white noise sequence. A model is fitted on this input and output data.
The dynamical behaviour of the filter appears in this model in a very unpredictable way.
Unpredictable because the system is not known beforehand.

In a first measuring session the input signal had been designed to be white up to 7 kHz.
Using the filtered (afterwards) input for modelling, it will disturb the modelling. The true
process input is not known any more. All input signal energy has been stored in the
process states and will influence the output. A bad model is the result.
In a second measurement session the input signal spectrum had been cut off at 1500 Hz
beforehand, as already mentioned.

Delay time correction

Measuring the sound at a I m distance introduces a delay. Because this delay time does
not contain relevant information considering the dynamical aspects of the transducer, it
can be removed. Fitting a model, this time delay have been neglected.
The number of delayed input samples, which will be considered, is limited in the
implementation of the model fitting routine. That is why an accurate estimation of the
delay time is necessary.

Estimation of the delay time can be done with correlation analysis. One method is
calculating the cross correlation between in and output, as can be seen from formula 8.2.
The estimated delay time for Hup is 49 samples (fs= 15 kHz), which is equivalent with 3.27
ms. When the filter delay is taken into account, the actual delay is 49-(2*2) =45 samples.
With the velocity of sound, which is ::: 340 mis, and the sample frequency, the distance
can be calculated as 45*340/15000 = 1.02 [m]. This is in agreement with the setup.
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Detrend and offset correction

Because we are dealing with a nonlinear system both detrending and offset correction
are not allowed. However it can be necessary for delay time estimation or spectral
analysis of the signals.
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Sample rate reduction

The identification has been done using oversampling. In order to remove the redundant
information, the signal sample rate have to be reduced. The sample frequency has been
taken 15 kHz. In the process output signals up to 1 kHz were present, so a sample rate
of 2 kHz would be sufficient. Taking a reduction factor of five results in a virtual sample
rate of 3 kHz.
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It is important not to use a relative high sample frequency because we are using a
prediction error based method. A hight will result in a model with a strong dependence
ofy(t) on y(t-l). Although it is logical, it is an unwanted effect. In that case the dynamics
of the system will not be modelled really, because the true y(t-l) is not known due to the
delay time.

Scaling

The input and outputs of the process have not the same physical dimension. The figures
obtained from the measurements have not the same order of magnitude either. As a
result the numerical values will differ significantly. This can be solved by scaling the
input and output.
The model fit algorithm minimizes a cost function by adjusting the model parameters.
This cost function is a function of the error signal power (see formula 8.1). So scaling can
best be done with respect to the power contents of the signals.
The average power of the dynamic part of the signals is equal to the variance of the
signals. To make the variance of each signal equal to one, each signal must be divided
by its standard deviation, i.e. the square root of the variance.

Svectral analysis

For the different subprocesses the frequency spectra have been calculated from the
measured data. This has been done using a spectral analysis approach (see Ljung). The
'SPA'-function within MATLAB has been used. A delay time has no influence on the
spectrum. The dataset length has been taken 5000 samples long. The calculated spectra
are very comparable to the measured ones. The Hui spectrum is dominated by the coil
induction as can be seen from figure 8.13.
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8.3 Model validation

Validating the model can be done in several ways. The most straightforward method is
to split the set of data _points in two sets~ The _first set is used to fit a model. The second
can now be used as validation set.

The use of correlation functions as nonlinear model validation test is shown by Billings
and Voon ('86). Five correlations functions are derived that can detect omission of linear
or nonlinear dynamic terms in the estimated model. The two well known linear
correlation tests are

~u(7) =0(7)
~jj£(7) = 0 ,for all 7

(8.5)

The first one tells if the residue is 'white', the second if no usable information is left over
in the residue.
Three extra correlation functions for nonlinear models are added :

~U21£,(7) =0
~u2/£(7) =0
~£(£U)(7) = 7

where

, for all 7

, for all 7

> 0

(8.6)

(8.7)

These functions can give an indication about the model deficiencies (see articles Billings
et aI.'83 and '89).

If the number of samples N is large, the standard deviation of the correlation estimate

IS
1

iN
and the 95 % confidence limits are therefore approximately
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8.4 The application of the orthogonal parameter estimation algorithm

The matrix size in MATLAB is dependent on the machine. Using a J.L VAX 3100 the size
is limited to lOS elements. The program stores the input and output vectors together with
the delayed versions and all vector combinations as columns in a regression matrix. This
restricts the dataset length and polynomial order.

Before a nonlinear model has been fitted, the order of the process has been estimated
by fitting a linear model. The algorithm will choose the significant terms. The process
order has been taken as the maximum delay in the chosen terms. Using this order a
nonlinear model has been fitted.

The residual is the difference between the process and model output. For every
subprocess a model has been fitted. All the residuals showed spikes. This effect has been
noticed with all models fitted. During the second measurement session special
measurements were done to examine this problem. One measurement had been done
with no real process under invertigation, just one filter section as the measured process.
A model of this filter had been fitted. In figure 8.15 the residue of the whole set is
depicted.

error sil!I1al =(measured - oredicted) outout
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Figure 8.15 : Residue for whole dataset

In figure 8.16 a small part of the signal is enlarged. A part of the signal is missed at
equidistant intervals. The cause of the problem has been found in the measuring system.
The ADIDA extention card has no memory on board. During an interrupt, the service
handling routine prevent the transmission of the measured data. This causes a
destruction of the data.

The criterium for fitting a model is the quadratic error. Consequently these spikes will
have a serious contribution to this criterium. Samples with double error amplitude will
have a four times bigger contribution. The algorithm will try to model these spikes and
a good model of the dynamics will be sacrificed for it.
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Results

For each subprocess a model has been fitted. Because of the measurement errors, the
dataset is not perfect. As an illustration of the algorithm effectiveness, the results of the
process Hup will be presented here. Given the remarks above the results will improve by
using a error-free dataset, thus doing the measurements over again.

EXAMPLE J : Modelling subprocess Hup using a high sample frequency.

In the first measurement session the process is excited by a white noise signal, spectrum
flat up to 7 kHz, and sampled with a frequency of 15 kHz. A nonlinear model with order
of nonlinearity of 3 and a maximum delay of 5 has been fitted. The dataset length was
750, including a validation set of 250 samples. The settings given in table 8.1 were used
for the algorithm. These results are filed as 'result.b8' and date back to 13/5/92.
The resulting model is given in table 8.2.

The prediction shows an small error of 1.2%. Besides the initial estimation error, the
prediction is good. Notice the strong dependence on y(t-J) and y(t-2). The contributions
to the output variance are 94.8% and 2.39% respectively. The results are shown in figure
8.17 (prediction) and in figure 8.18 (simulation). The simulation however, shows a big
error amplitude which illustrates the model does not capture the full dynamics of the
process. For a comprehensive explanation see section 'evaluation'.
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Data options : ~xampl~ I

Input fil~nam~ wit2.u

Output filename out6a.y

Dataset length for model 500 Samples
fit

Dataset length validation 250 Samples

Startnumber in full dataset 2100 Samples

Delay 49 Samples

Sample frequency 15 kHz

Input scaling factor 8.3833e-3

Output scaling factor 2.95ge-3

Table 8. 1 : Data options for example J.

Selection Selected term Parameter Contribution Resulting error
order value (%) (%)

1 y(t-1 ) 1.4840 94.84 5.16

2 y(t-2) -0.3819 2.39 2.78

3 u(t-I) 0.0801 0.71 2.07

4 u(t-J) -0.0673 0.60 1.47

5 u(t-2) 0.0427 0.04 1.43

6 y(t-5) -0.0504 0.09 1.33

7 u(t-4) -0.0430 0.10 1.23

8 u(t)u2(t-2) 0.0103 0.02 1.21

9 y(t-4) -0.1031 0.01 1.20

10 u2(t-l) -0.0058 0.01 1.20

Table 8.2: Results example J.
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Predicted (e.e.) and measured output
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Figure 8.17: Prediction and errorsignal of example 1.
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Simulated (o.e.) and measured output
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Figure 8.18 : Simulation and error signal of example J.
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EXAMPLE 2 : Modelling subprocess HIIP using sample rate reduction.

In the second measurement session the process is excited with a white noise signal,
spectrum flat up to 1.5 kHz, and sampled with a ~requency of 15 kHz. Now the sample
rate has been reduced a factor 5, which result in a virtual sample frequency of 3 kHz.
A nonlinear model with order of nonlinearity of 3 and a maximum delay of 6 has been
fitted. These results are filed as 'result.b10' and date back to 27/5/92.

IData options : example 2 I
Input filename wit20.u

Output filename out407.y

Dataset length for model fit 300 Samples

Dataset length validation 200 Samples

Startnumber in full dataset 0 Samples

Delay II Samples

Sample frequency (virtual) 3 kHz

Input scaling factor 1.9891 e-3

Output scaling factor 2.5892e-3

Table 8.3: Data options for example 2.

The resulting model is given in table 8.4.

The results are shown in figure 8.19 (prediction) and in figure 8.20 (simulation). The
prediction shows an small error of 6.4%. The simulation shows a bigger error of 14.6%.
In both cases the validation set error is in the same order of magnitude, even lower.
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Selection Sdecloo term Parameter Contribution Resulting error
order value (%) (%)

1 U(I-4) -0.3363 42.37 57.63

2 y(l-I) 1.042 24.01 33.62

3 y(t-2) -1.228 8.88 24.74

4 u(t-I) 0.1873 5.54 19.20

5 y(t-5) 0.3690 4.20 15.00

6 u(t-2) 0.1359 2.98 12.03

7 y(t-4) -0.9298 U5 10.88

8 y(I-3) 0.9675 2.78 8.10

9 y(I-6) -0.2022 l.l5 6.96

10 y(t-3) -0.0774 0.31 6.65

11 y(t-4)u(t-l )u(t-4) 0.0357 0.20 6.45

Table 8.4: Results example 2.

EXAMPLE 3 : Modelling subprocess H"p with a small dataset.

This result is from the second measurement session also. A nonlinear model with order
of nonlinearity of 3 and a maximum delay of 6 has been fitted. In the example above
spikes were seen in the residue. In this example the dataset is chosen such that it falls
just between two spikes. This makes the set small. These results are filed as 'result.b39'
and date back to 27/5/92.

The resulting model is given in table 8.6.

The results are shown in figure 8.21 (prediction) and in figure 8.22 (simulation). The
prediction shows an small error of 4.8%. The simulation shows a bigger error of 9.2%.
In both cases the validation set error is much bigger. This can be explained by the fact
that the validation set contains at least one error due to the filter problem.
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Predicted (e.e.) and measured output
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Figure 8.19 : Prediction and error si~nal of example 2.
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Simulated (o.e.) and measured output
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Figure 8.20: Simulation and errorsignal of example 2.
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IData options : example 3 I
Input filena~ - -- wit20.u

Output filename out407.y

Dataset length for model fit 140 Samples

Dataset length validation 60 Samples

Startnumber in full dataset 40 Samples

Delay 11 Samples

Sample frequency (virtual) 3 kHz

Input scaling factor 1.9212e·3

Output scaling factor 2.4356e-3

Table 8.5: Data options for example 3.

Selection Selected term Parameter Contribution Resulting error
order value (%) (%)

I u(t-5) -0.2515 37.96 62.04

2 u(t-2) 0.2115 23.12 38.92

3 u(t-4) -0.3656 12.86 26.06

4 y(t-4) -0.3715 8.34 17.73

5 y(t-5) -0.1452 2.46 15.27

6 y(t-2) -0.6394 2.82 12.45

7 u(t)u1(t-l) 0.0872 2.41 10.04

8 y(t-I) 0.5118 1.84 8.19

9 u(t-I )u2(t-2) 0.0840 1.17 7.02

10 u(t) -0.1394 0.75 6.28

II d.c. 0.0802 0.64 5.64

12 u2(t)u(t- I) 0.0731 0.38 5.26

13 y(t-3) 0.3089 0.45 4.81

Table 8.6: Results example 3.
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Predicted (e.e.) and measured output
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Figure 8.21 : Prediction and error signal of example 3.
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Simulated (o.e.) and measured output
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Figure 8.22 : .Simularion and error signal of example 3.

48



EXAMPLE 4 : Modelling the process using a MISO approach

The objective is to model the transducer using all available information of the process.
In that case the model will be MISO, because input voltage, input current and membrane
acceleration will be used. The data from the first measurement session has been used,
hence the sample rate was 15kHz. As seen from example I the model will be mainly
defined by the previous output sample. A nonlinear model has been fitted with a
maximum delay of 3 and order of nonlinearity 3. The time delays of the outputsignals
were discounted with the maximum process delay, which had been taken as a reference.
These results are filed as 'result.bI5' and date back to 12/5/92.

IData options : example 4 I
Input 1 filename (voltage) wit2.u

Input 2 filename (current) outl6.y

Input 3 filename (acceleration) outlOa.y

Output filename (soundpressure) out6a.y

Dataset length for model fit 300 Samples

Dataset length validation 100 Samples

Startnumber in full dataset 450 Samples

Delay input 1 49 Samples

Delay input 2 45 Samples

Delay input 3 43 Samples

Sample frequency 15 kHz

Input 1 scaling factor 9.0238e-4

Input 2 scaling factor 3.6784e-3

Input 3 scaling factor 1.7063e-3

Output scaling factor 2.3271 e-3

Table 8.7: Data options for example 4.

The resulting model is given in table 8.8.

The results show a heavy dependance on Y(l-]) and y(t-2). The mean of the first two
parameters is almost equal one. In this linear (!) model all three inputs have been
chosen. The resulting prediction error is 0.33 %, which is a factor 4 less than the error
of example 1, wherein only the voltage has been used as input signal. Using the extra
information from the process results in a better model, as was expected.
The simulation error is 11.0 %. The residue of the simulation (figure 8.24) shows a
resonable portion of the system dynamics. The model does not capture full process dynamics.
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Selection Sdected term Parameter Contribution Resulting error
order value (%) (%)
-

I y(t-I) 1.8000 95.84 4.16

2 y(t-2) -0.8415 3.04 1.12

3 ul(t-I) 0.0075 0.40 0.72

4 u2(t-I) -0.177 0.12 0.60

5 u2(t) 0.1765 0.16 0.44

6 u,(t-2) -0.0420 0.04 0.40

7 u3(t-2) -0.0233 0.03 0.38

Table 8.8: Results example 4.
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Predicted (e.e.) and measured output
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Figure 8.23 : Prediclion and errorsignal of example 4.
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1 error si al = measured - simulated ou ut
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Figure 8.24 : Simulation and error signal of example 4.
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8.5 Evaluation

Nonlinear modelterms are less significant

This can be explained by looking at the distortion amplitude in figure 8.4. The amplitude
of the second and third harmonics has a maximum value of 20 dB below the
fundamental. Now it can be expected that the nonlinear terms have such a contribution
in the order of a few percents also.
A second effect which represses the nonlinear terms is the dependance on recent output
samples.

output error against prediction error

One major problem is the fact that the algorithm is based on a prediction error rather
than a simulation or output error. The predicted output Nt) depends on the measured
input u,(t) up to time I and the measured output y,(t) up to (-1. The simulated output
depends on the measured inputs u,(t) up to time t and on the model output Nt} up to
l-1, instead of the measured output y,(t). The difference between prediction and
simulation is illustrated in figure 8.25 and 8.26.

transducer transducer

u(t) --ro....,(proces

model,}--- y(t)

Figure 8.26 : Prediction scheme.

yet)

u(t) _-J proces '1~_~1 yet)
~ )

Figure 8.25 : Simulation scheme

In literature the attention is focused on prediction methods mainly. These have some
nice properties. For example, the parameter estimation results in a convex optimization
criterium which can easily be computed. A simulation model provides a better
representation of the dynamical behaviour but parameter estimation will result in a non
convex problem. Complex optimization routines will be needed and no guaranty about
finding the optimal solution can be given.

In the article of Billings et al. describing the identification of a turbocharged automotive
diesel engine, this effect is seen also. The resulting prediction model depends for 99.9%
on the term y(t-I) (!).

As mentioned in section 8.2 the sample frequency have to be chosen carefully. The
prediction horizon will depend on this choice. Taking the sample frequency as low as
possible, which is near to twice the highest process output frequency, the prediction
horizon will be maximized and the model will be at best.
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In order to obtain a better modelfit in output-error sense given the limited time for this
project, an alternative approach has been tried. This modelfit scheme is depicted in
figure 8.27. First of all a model is fitted using a equation:-error base4 criteri~m. The
output of this model 1 is simulated, thus using the input and the model output. This
simulated model output together with the input is used to fit a new model, model 2. This
strategy is repeated till the model accuracy attains a prescibed value. The resulting model
will depend on input samples and model output samples.

PROCESS INPUT U

~=;=~ ,J MODEL 1

. \, (simulation)
~=;=~"" MODEL OUTPUT Y 1

._< algorithm -}

~.

/' "/ "

>'( MODEL 2 F.',> MODEL OUTPUT Yt:::===~'_ (. ul .) .,/ 2
\ sun ation •

'~ ,,/:

etcetera

Figure 8.27: Alternative strategy to obtain a beller modelfit in output-error sense

This scheme has been tried to model the transfer Hup• Increasing the wanted model
accuracy made the algorithm diverge in all cases.

Modelling (he acoustic process using a MISO approach

From example four can be seen that the trivial assumption using more information about
the process, will result in a better model is true.
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9. CONCLUSIONS AND RECOMMENDATIONS

Several conclusions can be drawn from this project. Some recommendations are given to
improve or overcome the discovered problems.

*

*

*

*

*

*

*

First of all, can be concluded that up to now not much attention has been paid to the
application of (nonlinear) control theory or system identification to acoustic
processes.

It has been shown that the proposed concept of modelling the dynamics of the
acoustic process works and will give a reasonably good model.

The usefulness of prediction-error based methods is limited when processes with a
relatively large time delay are considered. A time delay exceeding the prediction
horizon will give problems.
This problem can be overcome to use a output-error in stead of the prediction-error
criterium. The prediction-error criterium results in a preferable convex optimisation
problem. The output-error criterium will result in a non-convex problem. The optimal
solution has to be found using complex routines. In general, no guaranty can yet be
given of finding this optimal solution.

The choice for a sample frequency value appeared to be very important. To
maximize the prediction horizon the sample frequency has to be chosen as low as
possible.

The linear terms in the model were found to be dominant. This is partly a result of
the prediction-error based method. The other reason is the limited nonlinear
behaviour of the prototype transducer. The nonlinear behaviour had been expected
to be more significant.

Measurement errors prevented the algorithm to fit a good model. These errors were
generated by the measuring system itself and could only be detected afterwards.
The measurements have to be repeated with another measurement system.

The orthogonal parameter estimation algorithm is very time consuming through the
large amount of calculations needed.

55



REFERENCES

Adams,OJ., Yorke,R 1976
Motional feedback in loudspeaker systems

- Monitor (Proc; IREE) vol.37 no~3 - . p.85-92

2 Backx,A.C.P.M., Boom,A.l.W. van den 1990
Lecture notes on applied system analysis
Eindhoven University of technology

3 Billings,S.A. 1980
Identification of nonlinear systems, a survey
Proc. lEE vol.l27 Part D no.6 p.272-285

4 Billings,S.A., Fakhouri,S. Y. 1982
Identification of systems containing linear dynamic and static nonlinear elements
Automatica 18 no. 1 p.IS

5 Billings,S.A., Voon,W.S.F. 1983
Structure detection and model validity tests in the identification of nonlinear systems
Proc. IEEE 130 Part D p.193

6 Billings,S.A., Voon,W.S.F. 1984
L.S. parameter estimation algoritmfor nonlinear systems
Syst. Sci. voLI5 p.601

7 Billings,S.A. 1985
Introduction to nonlinear system analysis and idelltification
SERC Vacation school "Signal processing for control"
Lecture notes in control and info sciences p.263

8 Billings,S.A., Fadzil,M.B. 1985
The practical idelltification ofsystems with nonlinearities
IFAC Identification and system parameter estimation, York, U.K.

9 Billings,S.A., Voon,W.S.F. 1986
Correlation based validity tests for non-linear models
Int. J.Control voL44 no. I p.235

10 Billings,S.A., Chen,S., Korenberg,M. 1989
Identification of MIMO non-Iinear systems using a forward regression orthogonal estimation
algoritm
Int. J.Control voL49 no.6 p.2157-2189

11 Billings,S.A., Chen,S. 1989
Extended model set, global data and threshold model idemijication of severely non-linear systems
Int. J.Control vol.50 no.S p.1897-1923

12 Billings,S.A., Chen,S., Backhouse R.J. 1989
The idelltification of linear and nonlinear models of a turbocharged automotive diesel engine
Mechanical Systems and Signal processing 3(2) p.123-142

13 Birt,D.R. 1991
Nonlinearities in moving-coil loudspeaker with overhung voice coils
Journal Audio Engineering Society voL39 no.4

56



14 Boer,E de jan.lf~b. 1961
Theory of motional feedback
IRE Trans Audio p.IS-2I

15 Breur,A 1991
Structure identification of a non-linear time-variallt fed-batch bakers' yeast femlentation process
M.thesis Eindhoven University of Technology, The Netherlands

16 Casti,J.L. 1985
Nonlinear system theory
Math. in science and engineering vo1.l75 (AYB-012)

17 Chen,S., BiIIings,S.A. 1989
Representations of non-linear systems: the NARMAX model
lot. J.Control voI.49 no.3 p.1013

18 Chen,S., Billings,S.A., Luo,W. 1989
Orthogonal least squares methods and their application to non-linear system identification
Int. J.Control voI.50 no.S p.1873

19 Chen,S., BiIIings,S.A. 1989
Modelling and analysi.~ of nonlinear time series
Int. J.Control voI.50 no.6 p.21S1

20 Eskinat,E., Johnson,S.H., Luyben,W.L. 1991
Use of Hammerstein models in identification of nonlinear systems
AIChE Journal voU7 no.2

21 Gander,M.R. 1984
Dynamic linearity and power compression in moving-coil loudspeakers
Journal Audio Engineering Society voI.32 p.lOO8

22 Greiner,R.A., Sims,T.M.Jr. 1984
Loudspeaker distortion reduction
Journal Audio Engineering Society voI.32 no.12 p.9S9

23 Hall,D.S. 1989
Design considerations for an accelerometer based dynamic loudspeaker motional feedback system
Journal Audio Engineering Society voI.37 p.I069

24 Haber R. 1985
Nonlinearity tests for dynamic processes
Proc. of the IFAC Symp. on Identification and system parameter estimation, York, U.K. 1985

25 Haber, Keviczky, Unhehauen 1987
Application of adaptive colltrol on nonlinear dynamic processes - a survey of input/output approach
Proc. of the Tth IFAC Symp. on Identification and system parameter estimation, York, U.K.
1987 (TUE-E-bib: DPK 73 IDE)

26 Haber,R., Unbehauen,H. 1990
Structure identification of nonlinear dynamic systems - A survey on input/output approaches
Automatica voI.26 no.4 p651

57



27 Hauser J. ct al. 1992
Nonlinear control via approximate input-output linearization: the ball and beam example
IREE Trans. on Automatic Control vol.37 no.3 p.392-398

28 Ihlenburg;L. Von 1985 -
Nichtlineaire modelle fur elekrroakustische ubertragungseinrichtingen
Acoustica vol.57 NO.4-5 P.226 1985

29 Kaiser,A.J.M. 1987
Modeling of the nOlllinear response of an electrodynamic loudspeaker by a Volterra series
expansion
Journal Audio Engineering Society vol.35 no.6

30 Klaasen.J.A., Koning,S.H. de 1968
Motional feedback with loudspeakers
Philips Technical Review vol.29 no.5 p.148

31 Klippel,W. 1990
Dynamic measurement and imerpretatioll of the 1I0lllinear parameters of electrodynamic loudspea
kers
Journal Audio Engineering Society vol.38 no.12

32 Korenoorg,M., Billings,S.A., Liu,Y.P., Mcllroy,P.J. 1988
Orthogollal parameter estimatioll algoritmfor 1I0n-lillear stochastic systems
Int. J.Control vol.48 no. I p.193-21O

33 Knudsen,M.H.,et al. 1989
Detem,ination of loudspeaker driver parameters usillg a system idelllification technique
Journal Audio Engineering Society vol.37 no.9

34 Kortmann.M. 1988
The identification of nonlinear single and multivariable systems on the basis of nonlinear model
theorem
Ph.D. thesis Departement of Electrical Engineering, Ruhr University Bochum

35 Leontaritis,I.J .• Billings.S.A. 1985
Input-Output parametric models for non-linear :,ystems
Int. J. Control vol.41 no.2 p.303

36 Leontaritis,I.J., Billings,S.A. 1987
Experimental design and idelllifiability for non-linear systems
Int. J. Systems Sci. voU 8 p.189

37 Leontaritis,I.J., Billings,S.A. 1987
Model selection and validation methods for nonlinear systems
Int. J. Control vol.45 no. I p.311

38 Ljung,L. 1987
System identification - Theory for the user
Prentice-Hall, New Jersey (AYB-018)

39 Manchanda,S., Tham,M.T. 1991
An evaluation of nonlinear comrol stategies
Int. conf. on control voI.I12 p.706 (PO-28IAEA/B)

58



40 Mills,P.G.L., Hawksford,M.O.J. 1989
Distortion reduction in moving-coil loudspeaker systems using currelll-drive technology
Journal Audio Engineering Society vol.3? no.3 p.129

41 Sales K.R., Billings S.A. 1990
Self-tuning cOlllrol of nonlinear ARMAX models
Int. J. Control vol.51 00.4

42 Schetzen,M. 1980
The Volterra and Wiener theories of nonlinear systems
Wiley, New York (PO-ll8)

43 Shanmugam,K.Sam. 1985
Digital and analog communication systems
Wiley, New York

44 Smets,H.B. 1960
Analysis and SYlllhesis of nonlinear systems
IRE Trans Circuit Theory vol.7 p.459-469

45 Stahl,K.E. 1981
Sylllhese of loudspeaker mechanical parameters by electrical means: A new method for cOlllrolling
low-.frequency loudspeaker behaviour
Journal Audio Engineering Society vol.29 no.9 p.587 1981

46 Veldpaus,F.E. 1990
Lecture notes OIl nonlinear control
Eindhoven University of Technology

59



APPENDICES

Appendix A : List of symbols

e(t) :
E{.} :
F(.) :
j,
gm
h(i) :
hll (t):

Hili
HIII'

Hw;
M
N
Nq

Pm (t):
p

Q
Sq
u(t) :
U
V
wJ.):
y(t) :
y

a··IJ
oft) :
oil):
~

eft) :
6j

e

noise or error signal
expectation
any nonlinear function
sample frequency
parameters of the orthogonal model
represents the impulse response where i = 0, .. ,00

generalized impulse response
represents subprocess which relates the input voltage to input current
represents process which relates the input voltage to sound pressure at one meter
distance
represents subprocess which relates the input voltage to membrane acceleration
number of selected model components
number of data samples
quantisation noise power
any combination of terms u(.), y(.), G(.) with maximum degree I
regression matrix
number of quantisating intervals
signal power
process input signal
input vector
cost function
polynomial functions of the orthogonal model
process output signal
output vector

the projection factor
dirac pulse
quantisation error
quantisating step size AID converter
prediction error or noise signal
the model parameters
model parameter vector
standard deviation
time delay
correlation function
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Appendix B : Electronic scheme acceleration sensor amplifier

+ 18 V 10k + 30V

2N3966

22 k

out

Be 108

33M

+ 6,8 V

BZY 881
~_~ I-

_1-

Electronic scheme acceleration sensor.
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Appendix C : Tables measurement data

Measurements from : 4/3/1992

- -

process input - output - 1. voltage amplifier mic.ampl
filename filename [kHz] [VcfT] [-dB] [V]

1 Hlip wit2.u out4.y 15 I 32 3m/0.3·

2 Hlip wit2.u out6.y 15 4 22 3m/l*

3 Hlip wit2.u out6a.y 15 5.5 18 10m/I*

4 HI« wit2.u out8.y 15 I 32 0.111*
5 HI« wit2.u outlO.y 15 4 22 0.3/1 '"

6 HI« wit2.u outlOa.y 15 5.5 18 0.3/1*

7 Hili wit2.u outl4.y 15 1 32 0.111*
8 HuJ wit2.u outl5.y 15 4 22 0.1/1*

9 Hili wit2.u out16.y 15 5.5 18 0.3/1 *

Measurements from : 25/5/1992

process input - output - 1. hll<' amplifier mic.ampl
filename filename [kHz] [kHz] [-dB] [V]/1 *

1 Hlip wit20.unr out201.y 15 1.5 14=5.5VcfT 10m

2 one filter wit20.unr out801.u 15 1.5 - -

3 two filters wit20.unr out203.y 15 1.5 - -

4 Hili wit20.unr out205.i 15 1.5 14 10m'

5 Hili zero out207.n 15 1.5 14 3m

6 Hlip zero out21O.n 15 1.5 14 3m

7 one filter wit21.unr out211.u 15 0.5 - -

8 Hlip wit21.unr out213.y 15 0.5 12=5.5VcfT 10m

9 Hili wit21.unr out215.i 15 0.5 12 30m

10 Hlip wit20.unr out401.y 15 1 4= 15VcfT 30m

11 HuJ wit20.unr out403.i 15 1 4 300m

12 Hili wit20.unr out405.i 15 1.5 4 300m

13 H"" wit20.unr out407.y 15 1.5 4 30m
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process input - output - J. fji/ltr amplifier mic.ampl
filename filename [kHz] [kHz] [-dB] [V]/1*

14 HIIp wit21.unr out409.y 15 0.5 2= 17VefT 30m

15 Hoi wit21.unr out4ll.i 15 0.5 2 100m

16 Hoi wit21.unr outSOl.i 5 0.5 2 100m

17 HIIp wit21.unr outS03.y 5 0.5 2 30m

18 one filter wit21.unr outS05.u 5 0.5 - -
19 one filter wit21.unr out601.u 2 0.5 - -
20 HIIp wit21.unr out603.y 2 0.5 4 30m

21 Hoi wit21.unr out605.i 2 0.5 4 100m
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