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ABSTRACT

The present work is concerned with the application of artificial neural networks and
evolutionary algorithms to build a methodological framework for design and research in
architectural and building acoustics in situations that are frustrated by issues such as
multiple parameters, multiple criteria, discontinuous decision spaces and a large quantity
of measured data. Efforts have been concentrated into the following specific topics: 1)
predicting architectural speech intelligibility and security that involve multiple decision
parameters; 2) optimising the design of flat-walled multi-layered anechoic linings that
features multiple criteria decision making, multiple decision parameters and
discontinuous decision spaces; 3) developing a new method for deriving the bulk acoustic
properties of a rigid porous medium from a single impedance test, which needs to deal
with a large quantity of measured data; and 4) predicting and optimising the airborne
sound transmission of floor-ceiling constructions that involves multiple decision

parameters.

Results of the present work show that 1) the artificial neural network approach provides a
direct and accurate method for the prediction of architectural speech intelligibility scores
and security thresholds; 2) a multi-objective evolutionary algorithm can be successfully
employed as an optimiser to aid and speed up the design of flat-walled multi-layered
anechoic linings; 3) a new method, requiring only a single surface impedance
measurement and an optimisation process of the function coefficients, can be successfully
applied for deriving the bulk acoustic properties of a rigid porous medium. (Both the
traditional calculus-based optimisation technique and the evolutionary algorithm can be
applied - nonetheless, the evolutionary algorithm is a more robust technique); and 4) the
artificial neural network can be used to numerically describe the input-output relationship
of airborne sound transmission of floor-ceiling constructions, and then the multi-
dimensional space created by the artificial neural network can be searched by an
evolutionary algorithm to find a particular solution that meets the architect’s

requirements.
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Figure 7.1 IHustration of the 3-layer feed-forward artificial neural network for
predicting STC of floor-ceiling constructions (see Table 7.1 for

information on the inputs and the output).
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CHAPTER 1

INTRODUCTION

1.1 BACKGROUND TO THE STUDY

In architectural and building acoustics there are at least two factors that make design and
research difficult: 1) the aspects such as multiple parameters, multiple criteria and
discontinuous decision spaces involved and 2} a large quantity of measured data (which
blur the inherent acoustic phenomena). These complex situations are not easily
reconcilable and therefore remain difficult to resolve using conventional methods. On the
other hand Computational Intelligence {CI) is one of the approaches to programming
computers that make them behave more like they were human, that is, having the ability
to understand and tackle highly complex problems. Two of the major domains of CI are
Artificial Neural Networks (ANNs) and Evolutionary Algorithms (EAs).

In connectionist models of computation attempts are made to simulate the powerful
cognitive and sensory functions of the human brain and to use this capability to represent
and manipulate knowledge in the form of patterns. Based on these patterns, ANNs model
input—output functional relationships and can make predictions about other combinations
of unseen inputs (inputs not used in the training process). ANNs have the potential for
making better, quicker and more practical predictions than any of the traditional methods
such as physical and analytical modelling and numerical methods. ANNs can
automatically learn to recognise patterns in data from real systems or from physical
models, computer programs, or other sources. They can handle multiple inputs and
produce answers that are in a form suitable for designers. ANNs are based on precedents
and are therefore likely to be better understood and appreciated by designers than other
theoretical and empirical methods. ANNs will allow designers to get an almost
instantanecus expert opinion on the effect of a proposed change in a design (Nannariello
et al., 2001a).



In general, the accomplishment of any abstract task can be thought of as problem-solving,
which, in turn, can be perceived as a search through a space of potential solutions. Since
we are after the *best” solution, we can view this task as an optimisation process.
Traditional search methods (for instance, the enumerative and calculus-based methods)
are suitable only for small spaces or for the simple unimodal optimisation problems with
smooth decision spaces. During the last forty years there has been a growing interest in
computational algorithms for large continuous or discontinuous space searching and/or
highly constrained and/or multi-objective complex problems based on principles of
evolution and heredity. EAs are search procedures based on the mechanics of natural
selection. With the ability to search a large-scale population (potential solutions), the EA
can overcome the problem of local fitness optima to obtain the optima that are almost
always close to global (Baker, 1981). Moreover, following biclogical evolution, it treats
many individual genotypes (candidate solutions) in parallel, searching along many paths
of similar genotypes simultaneously, with a higher density of paths in regions (of the
space of all possible solutions) where fitness is improving: the “best” individual improves
in fitness and so does the average fitness of the population (the set of candidate solutions)
{Marks, 1992). This characteristic makes EAs very attractive for solving multi-objective
problems (MOP).

It is an enticing challenge to a theoretician to develop a new method suitable for solving
the given problem. However, from the application point of view, the time for developing
the technigue has to be added to the computer time invested. In that respect, utilising a
non-specialised and robust procedure, to which ANNs and EAs belong, may be
worthwhile. With the inherent power of CI, it is promising to use ANNs and EAs to solve
architectural and building acoustics problems that feature high dimensionality, multiple
criteria, discontinuous decision spaces and a large amount of data collection. In the
present work, the application of ANNs to architectural acoustic issues has been extended
to those not considered previously; and, perhaps more importantly, EA techniques have

been applied to optimise acoustic designs, which has been difficult in the past.



1.2 LITERATURE REVIEW

ANNs and EAs have been applied to some of the complex architectural and building
acoustic problems, such as the prediction of acoustical parameters of concert halls, the
prediction of acoustical quality of concert halls and small music rooms, the prediction of
sound propagation in university classrooms, the prediction of the sound insulation of

walls and the optimisation of the design of classical shoebox-type concert halls.

1.2.1 Predicting Acoustical Parameters of Concert Halls Using ANNs

Sabine’s work led to the widespread use of reverberation time (RT) and for many years
this was the only acoustical parameter used in the design of auditoria. However, the many
anomalies inherent in Sabine’s equation and other related formulae are responsible for the
often inaccurate prediction of reverberation times. These predictions are often not within
5% (the subjective difference limen for reverberation time). This and the absence of
simple and accurate rules of thumb suitable for use at the early conceptual design stage
led to the investigation of an alternative method of predicting reverberation time
(Nannariello and Fricke, 1999). Neural networks were trained using constructional and
acoustical data of auditoria as input variables. Importantly, the input variables associated
with the absorption coefficients were replaced by simple rating coefficients in terms of

the absorptiveness of materials.

On the basis of the results drawn from the above work (Nannariello and Fricke, 1999),
networks with a reduced number of input variables (a network “dimensionality”
reduction) have been developed to predict (RTizs.2s0) and (RTsgo-1000) for auditoria
{(Nannariello and Fricke, 2002a). The concept was further extended to developing some
basic relationships and rules of thumb on how simple geometric parameters affect
reverberation time. The result of this work provided evidence that neural networks can be
used to make predictions of reverberation times at low and mid frequencies for auditoria,
and that these predictions are as good as, or better than, existing methods. Furthermore,

and more importantly, the results showed excellent strength of association and high



percentage agreement between measured and predicted reverberation times. The results

were also repeatable and within the range of the subjective difference limen of 5%.

It has long been realised that there is more to auditorium acoustics than reverberation
time. Over the last 30 years or so, a number of objective acoustical parameters (related to
the subjective assessment of the acoustical characteristics of auditoria) have emerged to
aid the design of auditoria. Consequently, a number of methods have been developed
(Baron and Lee, 1988; Gade, 1991; Bradley, 1994; Volander, 1995) to predict parameters
such as the strength factor (G), the clarity factor (Cgo), lateral energy fraction (LF), and
the interavral cross-correlation coefficient (JACC); but these methods have their
limitations. A method of predicting the values of G, Cgo, LF and IACCy; (the early
interanral cross-correlation coefficient, averaged over frequency bands 500 Hz, 1000 Hz
and 2000 Hz) in auditoria using neural networks, was therefore investigated and
developed by Nannariello and Fricke (2001b). As a trial of this concept, and because
well-documented measured data from halls is a rarity, neural networks were trained using
ODEON room acoustics program (Lynge, 1998) predictions (Nannariello and Fricke,
2001a). One of the important outcomes of this work was that there was a good basis for
carrying out further investigations using ‘“noisy” and poorly distributed measured data to
train neural networks to predict G values and possibly values of other acoustical

parameters.

Subsequent work (Nannariello and Fricke, 2001b) provided evidence that non-linear
models, such as neural networks trained with geometrical and measured acoustical data,
could make predictions of the G, Cgo, and LF values in concert halls. These simple
predictions were as accurate as those calculated using existing, more complex, models
(Gade, 1991). The study demonstrated that neural networks could be trained with a
handful of simple and available input variables such as the volume, maximum length,
total floor area, reverberation time and tube ratio. Between five and eight input variables
were used to train networks to predict seat-averaged G, Cgo, and LF. Six input variables
were used to train networks to predict position-dependent GG values. It was demonstrated

that the exact positions of seats in a hall were not required to accurately predict the



average parameters. For the 126 receiver positions, in the 8 auditoria tested, the neural
network analysis produced excellent results. The absolute average errors and root mean
squared errors for G, Cy, and LF were, in most cases, within the subjective limen of +1

dB, 0.5 dB, and *0.05 respectively.

The idea of using neural networks to make predictions of auditorium attributes was
further extended to using neural networks to develop some basic knowledge and rules of
thumb on how simple geometric parameters affect the attributes of an auditorium, such as
G (Nannariello and Fricke, 2001c). The use of acoustical parameters, such as
reverberation time, as an input variable, was deliberately avoided. The results showed
that neural networks trained with 4 simple geometric input variables — the hall volume, V;
the maximum length, Lyyx; maximum width, Wyx; the total acoustical floor area, St
(Beranek, 1996); and the tube ratio, Dpean/{ WineanXHmean) — where Dy, is the mean depth
of the hall (distance from front of platform to rearmost wall) and Wyea and Hpe,, are the
mean width and height respectively — gave accurate predictions of G. The prediction
errors were well below the subjective difference limen for G. The other attendant benefit
was that the neural network models produced relationships which, in most cases, agreed

with the published literature (Gade, 1991; Gade, 1996; Beranek, 1996).

A neural-computation approach for predicting JACCgs in unoccupied auditoria was also
investigated (Nannariello and Fricke, 2002b). Thirty-six auditoria were used in the neural
network analysis. A multilayer perceptron, fully connected, three layer feedforward
network architecture, based on the supervised learning procedure, was used to build the
neural networks. Seven input variables were used in the first layer. The set-up function
for the neural network analyses was: (1-JACCg3) = AV, Lyx, Wrmx, Dmean'WmeanXHmean, ST,
Ay, RTmia), where the symbols specify quantities previously defined and A, is the side
wall angle of hall, and RT,q is the mid frequency reverberation time. Results of the
investigations showed that the neural network model could predict JACCg3 values within
the subjective difference limen, which is 0.075 + 0.008. Five auditoria were used to
validate the necural network analysis method and the errors between measured and
predicted (1-IACCg3) ranged from —0.05 to 0.02. The neural network model used to make



(1-IACCE3) predictions was imbedded in an Excel spreadsheet so that designers and
researchers, without access to specialized neural network software, could use the results

of the work.

1.2.2 Predicting Acoustical Quality of Concert Halls Using ANNs

In designing concert halls architects and designers still make use of precedents, especially
at the sketch design stage. This technique, in most cases, has not guaranteed good
acoustics. A neural network analysis was undertaken to relate the acoustic quality of halls
(AQD (as judged by conductors and musicians) to hall parameters. In the first of these
(Fricke and Haan, 1995), the ten input parameters used were hall volume, surface area,
number of seats, length, width, height, mean rake angle of the seats, SDI (surface
diffusion index, visually assessed), Ay and hall shape. This was an important study in that
it was the first to gather data on the opinions of musicians about the acoustic qualities of
many different halls. It was also the first study in which ANN analysis was applied to an
architectural acoustics problem. However, the study was flawed in that the network used
was over-trained, the ANN software could not be used to produce any statistical data on
the reliability of the results, and the hall shape could not be adequately described in the

four categories involved (rectangular, horse-shoe, fan and geometrical).

Thus a second study (Fricke and Han, 1999) was undertaken in an attempt to rectify the
limitations of the first study. Two inputs were discarded (A, and hall shape) and were
replaced by the stage height and the degree of stage enclosure (visually assessed). The
work demonstrated that neural networks offered the opportunity to study the non-linear
interactions of the many variables involved in the acoustic performance of concert halls
though the standard deviation ratio (the ratio of the standard deviation of the prediction
error to that of the original output data) achieved was approximately 0.90, which left a lot
to be desired. A standard deviation ratio (SDR) of 0.1 is considered an excellent fit of the
data and an SDR of 1.0 is a poor fit. However, with a modified network using five inputs
(number of seats, ratio of length to width, ratio of height to the cube root of volume,

mean rake angle, and the ratio of surface diffusivity index to stage enclosure), one hidden



layer with four neurons and two classifications of acoustic quality (“good” and “poor”) as

the output, a 90% success rate was achieved.

In a related study (Fricke, 2000a), found that subjective assessments of SDI were not
reliable and so one of the objectives of further work was to produce an ANN model
which was independent of the subjectively assessed SDI factor that had been shown to be
guestionable. Other objects were to provide some statistical basis for Beranek’s model
(Beranek, 1996) of preferred values of acoustic quantities in good concert halls and to
produce a simpler (less inputs) ANN model with a better prediction record using both

*“acoustical” and “architectural” inputs.

As indicated in Section 1.2.1 above, many measures of the acoustics of concert halls have
been proposed. None of these measures is now considered sufficient in itself for the
successful design or evaluation of a hall. Unfortunately multi-criteria issues are difficult
to deal with and there does not seem to be a consensus on what combination of acoustic
parameters creates good acoustics in a concert hall. Beranek opts for six orthogonal
parameters: SDI, IACCgs, the time delay between the direct and first reflected sound at
the centre of the main seating area (7)), the early decay time (EDT), the measure of the
average sound level in a hall at mid-frequency (Gmig), and the bass ratio (BR) (Beranek,
1996). He shows how each parameter contributes to the overall acoustic quality of a hall
and gives each a preferred value. However, he does not give the details of how he
determined these relationships. Beranek’s method also assumes a linear relationship
between the AQI (Fricke and Haan, 1995) and each of the six parameters, which are given

weightings to obtain the AQI. However, the basis for these weightings is not given.

Using Beranek’s six parameters as input variables, a neural network was trained to
predict the AQI of halls (Fricke, 2000a). The results of the neural network analysis were
used firstly to investigate the importance of surface diffusion (Fricke, 2000a) and then the
veracity of Beranek’s assessment method. Modified networks with acoustical, as well as
architectural inputs, were then used to see whether better fits could be obtained to

existing concert hall data than could be obtained using Beranek’s six inputs (Fricke,



2000b). From the results of the neural network analysis, it was postulated that Beranek’s
approach to the prediction of the acoustic performance of concert halls is reasonable.
However, a better way of predicting the acoustic performance may be to use a trained
neural network because ANNs have the ability to model the non-linear relationship

between the inputs and outputs and to optimise the use of available information.

Because of the difficulty in obtaining reliable subjective acoustic quality ratings and
acoustic data relating to concert halls, it is more realistic and practical to use three
acoustic quality categories (best, middle and worst) rather than a finer scale or rank
ordering of preferences. It is also more practical and useful, especially at the initial design
stage, to use geometrical inputs rather than acoustic ones, or acoustic inputs that
Nannariello (see section 1.2.1) has shown can be accurately obtained using a limited
number of room geometrical inputs. Using five inputs: the ratio of length to width (L/W),
the ratio of height to width (H/W), the number of seats (N), the volume (V), the shape
(rectangular or non-rectangular), artificial neural networks were developed to predict the
acoustic quality category of concert halls (Choi, 2004) and a prediction accuracy of 80%
- 90% was achieved. This work also demonstrated that ANNs are capable of handling a
problem that involves categorisation, which is impossible for some traditional analysis
methods, such as multivariate regression analysis. It also indicated that ANNs with
“geometrical” inputs only (which are much more useful for design purposes than

“acoustic” inputs) could be developed.

1.2.3 Predicting Acoustical Quality of Small Music Rooms Using ANNs

Much research has been undertaken on acoustics of auditoria for the performance of live
music and speech, but very little on the acoustics of smaller rooms used for music
practice and music teaching. There are several reasons for this, the main ones being: that
small rooms are rarely prestigious; that poor acoustics would not result in financial
disaster; and that classical acoustical prediction methods are not applicable to small
rooms because of the errors in ignoring diffraction effects in such spaces. With data
collected and measured using binaural recordings made in small music rooms, a method

of predicting the acoustic quality of small music rooms, using a neural network, was



developed (Osman and Fricke, 1996). The 36 rooms used in the investigations were
parallelepipedic with volumes ranging from 24 to 427 cubic metres. A combination of
simple input variables for four musical instruments (cello, saxophone, trumpet and guitar)
was used to build a number of neural networks. The neural network models were used to
predict the acoustic quality of six small music rooms. From the results of the
investigations it was postulated that neural network models can be used to predict
acoustic performance of small music rooms and that specific acoustic and architectural
parameters are required to predict the acoustic quality of rooms for specific musical

instruments.

1.2.4 Predicting Sound Propagation in University Classrcoms Using ANNs

Classrooms are primarily auditory-verbal leaming environments in which students must
have access to acoustic signals (speech) in order to understand and learn. University
classrooms are designed and purpose-built for this reason alone, that is, for speech
communication from a source to a number of listeners. It would be very useful at the
schematic design stage of a classroom to have an expeditious and accurate method of

predicting the distribution of speech sound levels.

There are a number of theoretical models that can be used to calculate sound levels in
rooms, The most widely used is the Hopkins-Stryker equation (Davis and Davis, 1991).
Using this equation, the sound level at a receiver can be predicted from the source sound
level and the characteristics of the room. Unfortunately, this equation is only suitable for
predicting the sound level from a steady sound source in a fully diffuse field, and research
and listening experiences have shown that the results from the traditional equation can be
very inaccurate and usually produce predictions which are larger than measured values
(Hodgson, 1996). The sound level in the room can also be predicted based on the
statistical theory of room acoustics, such as Barron’s revised theory (Barron and Lee,
1988). However, it requires further validation to use statistical models for predicting
speech levels at the schematic design stage of a classroom. Other work (Hodgson,
Rempel and Kennedy, 1999) showed that the statistical models for predicting speech

Ievel and student-activity noise level explains only less than 70% of the variation in data,



therefore, when these models are used predictions may be poor. It is for these and other
reasons, such as the lack of success in applying traditional techniques, and the extended
time required to conduct calculations, that a method of using ANNs to predict the Sound
Propagation (SP) in university classrooms was investigated and developed (Nannariello

et al., 2001b).

The SP is the variation of sound pressure level, normalized to the source power level,
with distance from an omnidirectional source. Constructional and acoustical data for 34
randomly chosen unoccupied University of British Columbia (UBC) classrooms were
used as inputs for the neural network analyses. The results of this work showed that
neural networks trained with variables that have a causal relationship to the acoustical
quality of the UBC classrooms produce reliable and accurate predictions. RMS errors for
SP in each of the frequency bands were within the subjective difference limen for steady-
state sound pressure levels, which is about 1 dB (i.e. AE/E = 0.26 where E is the energy
density). Furthermore, results showed that the SP predictions obtained using ANNs for
classrooms were closer to the measured values than were the predictions obtained using

Barron’s revised theory or the Hopkins-Stryker equation.

1.2.5 Predicting the Sound Insulation of Walls Using ANNs

Using the results from acoustic laboratory tests of known steel and timber stud drywall
constructions, an investigation of the application of ANNs for predicting the transmission
loss (TL.) at specific frequencies and the sound transmission class (STC) was carried out
(Coomes and Fricke, 2001). Basic parameters (stud frame type and size, mass of wall
construction, type and thickness of any cavity absorption, overall partition width,
minimum sheet Iining thickness, and the difference in sheet lining from cone side to the
other, as well as the inclusion of lining vibration isolation) were used as inputs for the

neural network analysis.
The results obtained were highly encouraging with neural network designs achieving

predictions for STC values within a similar range to those determined by a number of

acoustic laboratories for comparable wall constructions. For instance, using data from the

10



National Research Council of Canada on all types of dry wall construction, the prediction
of STC using ANNs achieved an RMS error of 2.01, which is less than the error obtained
when a given wall construction is tested in different laboratories complying with the sare
standard. It was also suggested that neural networks analysis would potentially overcome
the problem of obvious different test results in different “standard” laboratories (Coomes
and Fricke, 2001). In particular, the neural network analysis offers the possibility of
obtaining wall sound transmission ratings in a “virtual” laboratory. That is, the
transmission loss results for any construction in any laboratory could be used to predict
the transmission loss for the same construction in any other laboratory, virtual or real,

without the need to undertake extensive “round-robin” testing of a particular construction.

ANNs were also applied to establish the room and wall parameters that influence sound
level difference between rooms at low frequencies (40 — 100 Hz) (Fora-Moncada and
Gibbs, 2002). The inputs and outputs of the network were generated by a Finite Element
Model (FEM) (Maluski, 1999). The accuracy of the FEM was such that the
eigenfrequencies in each room were processed within an error of 10%. From this work
(Fora-Moncada and Gibbs, 2002), it was concluded that, in the frequency range of 40 —
100 Hz, Radial Basis Function and General Regression Neural Network performed better
than Backpropagation. Moreover, General Regression Neural Network exhibited rapid
learning and prediction. The input variables that yielded the best prediction of sound level
difference between rooms were: volume of the source room, volume of the receiving
room, ratio of the source room length to the wavelength, ratio of the receiver room length
to the wavelength, wavelength at the third octave band frequency, and edge fixing
conditions of the partition. The cross-validation average prediction error was 4 dB, with
all cases included, or 3 dB, if equal room configurations were excluded. Fifteen room
pairs (of unequal room configurations and with the larger volumes) had correlation
coefficients greater than 0.8 with the average error usually less than 3 dB, and often less
than 2 dB. The remaining cases had coefficients less than 0.8. Therefore, the best results

were obtained when predicting for bigger and unequal room volumes.
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1.2.6 Optimising the Design of Classical Shoebox Type Concert Halls Using GAs

The theory of subjective preference allows a sound field to be evaluated in terms of the
following four orthogonal acoustical parameters (Ando, 1998): the listening level (LL),
T}, the subsequent reverberation time (Tgw), and IACC for a particular seat in a concert
hall. Several experiments have been carried out to examine the independent effects of the
four orthogonal parameters on subjective preference (Ando, 1998). Linear scale values of
preference were obtained by using the law of comparative judgment. The units derived
from experiments with different sound sources and different subjects were almost

constant, so the scale values may be added to obtain (Sato et al, 2002):

S=S8 +8,+5,+8,, (1.1)

where S; (i = 1, 2, 3, 4) are the scale values for the respective orthogonal parameters.

On the basis of this theory, it was proposed that for designing sound ficlds in a concert
hall, the ultimate goal is to maximize the scale values of preference, and subsequently a
maximum overall S (Sato et al, 2002). A genetic algorithm (GA), a branch of
evolutionary algorithms, was applied to search architectural design schemes that would
produce high scale values of subjective preferences. At the start of a GA search, a
shoebox shape was defined as the initial scheme for the hall. Using the image method, the
orthogonal parameters were then calculated for the initial shape and various shapes
generated by the GA. The scale values of subjective preference were employed as fitness
functions. Those hall shapes that produced higher scale values were selected as parent
chromosomes, that is, binary strings. To create a new generation, the room shapes were
modified and the corresponding movement of the vertices of the walls was encoded in
chromosomes. After GA operations that included crossover and mutation, new offspring
were created. The fitness of the offspring was then evaluated in terms of the scale values
of subjective preference. This process was repeated until the end condition (2000

generations) had been satisfied.
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Two models were investigated in the work (Sato et al, 2002). In the first model, the
geometric proportions of the shoebox were optimised and in the second model the floor
plan was optimised with the results for the first model as the starting point of the search.
The optimisation for the first model produced a shoebox shape with the length/width ratio
almost the same as that of the Grosser Musikvereinsaal, in Vienna, a widely
acknowledged excellent concert hall. However, conflicting height/width ratios were
required for the maximum S; and maximum S; due to the different reflection
requirements of the ceiling and walls to achieve the optimum LL and the optimum IACC.
The height/width ratio of the Grosser Musikvereinsaal is intermediate between those for
the maximum S; and maximum S;. The optimisation for the second model indicates that a
leaf-shaped plan was optimal with regard to the sidewalls. However, (again due to the
different reflection requirements), to maximise S; and Sy, front walls and rear walls took
on opposite characteristics, one requiring concave shape and the other requiring convex

shape.

Although the work concluded that the maximisation of S; might take priority over that of
Sz, a more useful study may be the use of multi-objective optimisation evolutionary
algorithms to optimise §; and S; at the same time and find a “compromised” solution,

such as that achieved in the Grosser Musikvereinsaal.

1.3 OBJECTIVES OF THE THESIS

The general objective of the present research is to assess the application of ANNs and
EAs to build a methodological framework for design and research associated with
architectural and building acoustics. This methodological framework should be easily
understood and handled, and is either usable as a black box method or open to the
incorporation of new or old recipes for further sophistication, specialization or
hybridisation. Furthermore, it is hoped that the ongoing research will lead to other

applications of ANNs and EAs in the field of architectural and building acoustics.
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The literature review in section 1.2 indicated that most of the work using ANNSs has been
dedicated to the study of rooms for music (Nannariello et al., 2001a). The application of
the ANNs to rooms for speech and building acoustics has not been fully explored
although some pilot work (Nannariello ez al., 2001b; Coomes and Fricke, 2001; Fora-
Moncada and Gibbs, 2002) has been conducted. Only one application (Sato et al, 2002)
of EAs to the architectural and building acoustics was found in the literature review. The
topics for the investigation in the present work were chosen on the basis of need and the
availability of data. Thus it was decided to concentrate the research effort in the
following specific topics: 1) predicting architectural speech intelligibility and security
that involve multiple decision parameters; 2) optimising the design of flat-walled multi-
layered anechoic linings that features multiple criteria decision making, multiple decision
parameters and discontinuous decision spaces; 3) developing a new method for deriving
the bulk acoustic properties of a rigid porous medium from a single impedance test,
which needs to deal with a large quantity of measured data; and 4) predicting and
optimising the airborne sound transmission of floor-ceiling constructions that involves

multiple decision parameters.

1.4 LAYOUT OF THE THESIS

The preceding sections in this chapter presented the background of the study, reviewed
the recent developments in the application of ANNs and EAs to architectural and

building acoustics and described the objectives of the present thesis.

Chapter 2 describes the architecture and procedures of ANNs applied in the present
thesis. It also introduces the statistical assessment of the performance of ANNs and the
neural-computational software that is applied in the present thesis. A general discussion

of the advantages and limitations of ANNs is also provided in this chapter.
Chapter 3 first introduces some basic definitions relating to optimisation to help towards

the understanding of basic optimisation problems. Next, it reviews the history and current

state of EAs, illustrates the general EA structure, explains how constraints can be handled
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in EAs, describes an evolutionary approach to the multi-objective optimisation problems
(MOPs) and introduces a program that implements general EA operators and multi-
objective genetic algorithms (MOGA). The advantages and limitations of EAs are also

presented in this chapter.

Chapter 4 investigates an approach that uses the artificial neural networks (ANNs) to
directly represent the functional relationship of the octave band (250 Hz — 8 kHz) S/N
ratios to the speech intelligibility score and to security thresholds. The objectives of the
ANNs are to predict a) the speech intelligibility score (namely the percentage of words
correctly identified by each individual), b) the intelligibility threshold (namely the
percentage of listeners able to correctly identify at least one word), ¢) the cadence
threshold (namely the percentage of listeners able to detect the cadence of the speech),
and d) the audibility threshold (namely the percentage of listeners able to hear the
presence of the speech). On the basis of the statistical analysis of the prediction results,
the accuracy of the prediction using ANNs is then compared with those using

conventional methods.

Chapter 5 demonstrates that a multi-objective EA can be successfully employed to solve
a difficult MOP in architectural and building acoustics, i.e. the optimisation of flat-walled
multi-layered anechoic linings. Two types of materials, fully-reticulated (open-cell)
polyurethane foams and fibrous building insulation material, are investigated. The
investigation of fibrous building insulation material is shown in the form of an
application case, in which the effectiveness of EAs for solving combinatorial-type

problems featuring discontinuous decision space is also illustrated.

Chapter 6 first reviews traditional methods for determining the bulk acoustical properties
of rigid porous media and then proposes a new method requiring only one impedance
measurement and an optimisation process of function coefficients. The results of the new
method are compared with those obtained by one of the traditional methods, This chapter

also, from the application point of view, compares the effectiveness, robustness and
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efficiency of evolutionary algorithms (EAs) and traditional calculus-based optimisation

methods.

In chapter 7, an ANN is first developed on the basis of the data from laboratory tests on
floors to predict the STC of typical floor-ceiling constructions. The predictions of STC
using ANNs are compared with those obtained using the multivariate regression analysis.
Then an evolutionary algorithm is applied to search the multi-dimensional space created
by the ANN to find a floor-ceiling construction that meets the STC requirement set out
by the architect. The success of the work implies that from the application point of view,
it is promising to use ANNs and EAs to form a general problem-solving framework for
architectural and building acoustics problems that feature high dimensionality and non-

linear relationship.

Chapter 8 concludes the thesis and points out the directions for further work.
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CHAPTER 2

ARTIFICIAL NEURAL NETWORKS

2.1 INTRODUCTION

There has been an explosion of interest in artificial neural networks (ANNs) over the last
two decades. They are being successfully applied across an extraordinary range of
problem domains, in areas as diverse as finance, medicine, engineering, geology and
physics. Indeed, almost anywhere that there are problems of prediction, classification or
control, ANNs are being introduced. A review of the application of ANNs in the area of

architectural and building acoustics has been provided in chapter 1 of this thesis.

ANNs grew out of research in artificial intelligence, specifically, attempts to mimic the
fault-tolerance and capacity to learn of biological neural systems by modelling the low-
level structure of the brain and wusing this capability to represent and manipulate
knowledge in the form of patterns (Patterson, 1996). Based on these patterns, ANNs
model input—output functional relationships and make predictions about other
combinations of unseen inputs (inputs not used in the training process). This ability
enables ANNs to be used to extract patterns and detect trends that are too complex to be
noticed by other techniques. In particular, ANNs are non-linear models and have a direct
way of acquiring information and knowledge about a given problem domain through the

training phase (Nannariello and Fricke, 2001).

Many publications (e.g. Bishop, 1995; Fausett, 1994; Haykin, 1994; Ripley, 1996;
Taylor, 1996; Nannariello et al., 2001; Nannariello and Fricke, 2001) have discussed the
history, theories and applications of the ANNs. This chapter mainly focuses on the basic
theory of ANNs relating to this thesis. First, the basic feed-forward ANN architecture,
with emphasis on its modus operandi, is introduced. Then issues that are related to the
training of ANNs are discussed. Following this, a brief introduction to the statistical

assessment of the performance of ANNs is given. This chapter also introduces the neural-
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computational software that is applied in this thesis and discusses the advantages and

limitations of ANNs.

2.2 FEED-FORWARD ANN ARCHITECTURE

To capture the essence of biological neural systems, an artificial neuron (or unit) is

defined as follows (Haykin, 1994):

e It receives a number of inputs (either from original data, or from the output of
other neurons in the network). Each input comes via a connection that has a
strength (or weight); these weights correspond to synaptic efficacy in a biological
neuron. Each neuron also has a single threshold (or bias) value. The weighted sum
of the inputs is formed, and the threshold subtracted, to compose the activation of
the neuron.

¢ The activation signal is passed through an activation function (also known as a

transfer function) to produce the output of the neuron.

If a network is to be of any use, there must be inputs (which carry the values of variables
of interest in the outside world) and outputs (which form predictions). Inputs and outputs
correspond to sensory and motor nerves such as those coming from the eyes and leading
to the hands. However, there can also be hidden neurons that play an internal role in the

network. The input, hidden and output neurons need to be connected.

A simple network has a feed-forward structure: signals flow from inputs, forwards
through any hidden units, eventually reaching the output units. Such a structure has stable
behavior. However, if the network is recurrent (contains connections back from later to
earlier neurons) it can be unstable, and has very complex dynamics. Recurrent networks
are very interesting to researchers in neural networks, but so far it is the feed-forward
structures that have proved most useful in solving real problems (Haykin, 1994). The

stable feed-forward network is employed throughout this thesis.
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A typical feed-forward network has neurons arranged in a distinct layered topology. The
input layer is not really neural at all: these units simply serve to introduce the values of
the input variables. The hidden and output layer neurons are each connected to all of the
units in the preceding layer. It is possible to define networks that are partially-connected
to only some units in the preceding layer; however, for most applications fully-connected

networks are better.

When the network is executed (used), the input variable values are placed in the input
units, and then the hidden and output layer neurons are progressively executed. Each of
them calculates its activation value by taking the weighted sum of the outputs of the units
in the preceding layer, and subtracting the threshold. The activation value is passed
through the activation function to produce the output of the neuron. When the entire
network has been executed, the outputs of the output layer act as the output of the entire

network.

The above network architecture, Multilayer Perceptrons (MLP), is perhaps the most
popular in use today, due originally to Rumelhart and McClelland (1986) and discussed
at length in most neural network textbooks (e.g., Bishop, 1995). It can model functions of
almost arbitrary complexity, with the number of layers, as well as the number of units in

each layer, determining the complexity of the function.

Figure 2.1 below provides a simple example of an MLP feed-forward ANN. This
network has m inputs, one hidden layer with » hidden neurons, two biases, B#H and
B#OP, and an output neuron, OPF. In the real-world application of ANNs, the number of
input and output neurons is defined by the problem. The number of hidden units to use is
far from clear. As good a starting point as any is to use one hidden layer, with the number
of neurons equal to half the sum of the number of input and output units. The following
paragraphs in this section explain numerically the modus operandi of this MLP feed-
forward ANN.
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Figure 2.1 Illustration of a simple MLP feed-forward ANN model.

Pre-processing: All neural networks take numeric inputs and produce numeric outputs.
The transfer function of a neuron is typically chosen so that it can accept inputs in any
range, and produces an output in a strictly limited range (it has a squashing effect).
Although the input can be in any range, there is a saturation effect so that the unit is only
sensitive to inputs within a fairly limited range. One of the most common transfer
functions is the logistic function (also sometimes referred to as the “sigmoid function™).
In this case, the output is in the range (0, 1), and the input is sensitive in a range not much
larger than (-1, +1). The function is also smooth and easily differentiable, facts that are
critical in allowing the network training algorithms to operate. The limited numeric
response range, together with the fact that information has to be in numeric form, implies
that, in real applications, neural network approaches require a pre-processing stage,
which may involve conversion of nominal values, scaling of numeric values, and
substitution of missing values. The pre-processing also requires replication of values if
predicting time series values from a data set. Throughout this thesis, only numeric input

variables are dealt with.
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Numeric values have to be scaled into a range that is appropriate for the network.
Typically, raw variable values are scaled linearly, which involves multiplication by an
input scale factor, SC#IP; where i is the index for the first-layer units, followed by the
addition of an input shift factor, SFH#IP;. The pre-processing operation at each input can

be expressed as:
IP' = IP, x SC#1P + SH#IP,, 2.1

where IPi is the input and IP;’ is the pre-processed input.

Summation at hidden neurons: Each pre-processed input is multiplied by a scalar
weight (W#H, where j is the index for the hidden-layer neurons) connecting the first-
layer units to the hidden-layer neurons. At each neuron within the hidden layer, the
weighted inputs are summed and bias value, B#H, is subtracted from the summed
weighted inputs. The threshold is used to adjust the ‘saturation’ of the hidden neuron
during the training. The weighting operation that happens at each hidden neuron H;

numerically can be expressed as:

SU#H,=> (IP, xW#H ;)-B#H , (2.2)

i=1
where SU#H, is the resulting value after the summation at the each hidden neuron H;.

Activation at hidden neurons: The resulting value from the summation is then passed
through a non-linear activation function. In this thesis, the most popular logistic function
is applied. The activation operation that occurs at each hidden neuron H; can be

numerically expressed as:

A#H = ! , (2.3)
l+exp(—SU#H ;)
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where A#H, is the resulting value after the activation at each hidden neuron H;.

Post synaptic potential transfer: The output value of each hidden neuron is passed
through a linear post synaptic potential transfer function. In other words, the output value
of each hidden neuron is multiplied by a scalar weight (W#OP;) for each connection
between the hidden-layer neurons and the output neuron. Then the weighted cutputs are
summed and a bias value, B#OP, is subtracted from the sum to produce a single output
value OP’. The post synaptic potential transfer operation can be numerically expressed

as:
OP =Y (A#H ,xW#OP,)— B#OP. (2.4)
k=l

Post-processing: Neural networks also require a post-processing stage. The output value
of the post synaptic potential transfer needs to be post-processed to return to the original
scale of the output variable. The post-processing involves descaling (subtracting the
output shift factor, SH#OP, followed by division by the output scale factor, SC#OP). The

post-processing operation can be numerically expressed as:

_OP —SH#OP
SC#OP

OP

(2.5)

2.3 TRAINING OF ANNs

The training of the network is an iterative process to optimally adjust the weights
(connections between neurons) of the network in order to optimally predict the sample
data on which the training is performed. The best-known example of a neural network
training algorithm is Back Propagation (Patterson, 1996; Haykin, 1994; Fausett, 1994).
Modern second-order algorithms such as Conjugate Gradient Descent and Levenberg-
Marquardt (Bishop, 1995) are substantially faster (that is., an order of magnitude faster)

for many problems. There are also heuristic modifications of back propagation which
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work well for some problem domains, such as Quick Propagation (Patterson, 1996) and

Delta-Bar-Delta (Patterson, 1996).

The role of training algorithm is to set the network’s weights and biases so as to minimise
the prediction error made by the network. However, a problem commonly seen in neural
networks is over-fitting (also called over-learning) (Reed, 1993). A network with more
weights models a more complex function, and is therefore prone to over-fitting. A
network with fewer weights may not be sufficiently powerful to model the underlying
function. For example, a network with no hidden layers actually models a simple linear

function.

The answer for selecting the right complexity of network is to check progress against an
independent data set, the verification set. Some of the cases are reserved, and not actually
used for training in the algorithm. Instead, they are used to keep an independent check on
the progress of the algorithm. It is invariably the case that the initial performance of the
network on training and verification sets is the same @f it is not at least approximately the
same, the division of cases between the two sets is probably biased). As training
progresses, the training error naturally drops, and provided training is minimising the true
error represented by the root mean squared (RMS) error, the verification error drops too.
However, if the verification error stops dropping, or indeed starts to rise, this indicates

that the network is starting to overfit the data, and training should cease.

The problems associated with local minima, and decisions over the size of network to
use, imply that using a neural network typically involves experimenting with a large
number of different networks, probably training each one a number of times (to avoid
being misled by local minima), and observing individual performances. The key guide to
performance here is the verification error. However, following the standard scientific
precept that, all else being equal, a simple model is always preferable to a complex
model, then a smaller network is preferable to a larger one with a negligible improvement

in verification error.
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A problem with this approach of repeated experimentation is that the verification set
plays a key role in selecting the model. This means that it is actually part of the training
process and, therefore, its reliability as an independent guide to performance of the model
is compromised. To increase confidence in the performance of the final model, it is
therefore normal practice (at least where the volume of training data allows it) to reserve
a third set of cases - the zest set. The final model is tested with the test set data to ensure
that the results on the verification and training set are real, and not artifacts of the training
process. Of course, to fulfill this role properly the test set should be used only once - if it
is in turn used to adjust and reiterate the training process, it effectively becomes

verification data.

The division into multiple subsets is very unfortunate, given that the number of data is
usually less than ideally desired. This problem can be avoided by resampling.
Experiments can be conducted using different divisions of the available data into training,
verification, and test sets. There are a number of approaches to this subset, including
random (monte-carlo) resampling, cross-validation, and bootstrap (Statsoft, 1999). If
design decisions, such as the best configuration of neural network to use, are made based
upon a number of experiments with different subset examples, the results will be much

more reliable.

To overcome over-fitting, two other strategies are 1) adding some noise to the training
cases during training, which forces the neural network to model a smoothed version of
the data; 2) using a Weigened weight regularisation technique, which explicitly penalises

networks with large curvature, thus encouraging the development of a smoother model.
2.4 STATISTICAL PARAMETERS FOR ASSESSING ANNs
Throughout this thesis, ANNs are employed to solve regression type problems — a

category of problems where the objective is to estimate the value of a continuous output

variable from some input variables.
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Statistical parameters, such as root mean square (RMS) error, correlation coefficients R?
(the “coefficient of determination’™) and standard deviations ratio (SDR), can be applied

to assess the prediction performance of the network.

The RMS error and R? provide ways to compare the performance of neural networks by
way of indicating how well the predicted output matches the patterns over the entire set
of facts. In a regression problem, the standard deviations of both the prediction error and
original output data are important and they can be related by the SDR. The SDR in a
regression problem is the ratio of the standard deviation of the prediction error to that of
the original output data (an SDR of 0.1 is considered an excellent fit of the data and an
SDR of 1.0 indicates that the neural network does no better than a simple average)
(Statsoft, 1999). A close agreement between performance of the verification data set and
that of the test data set is a strong indicator that the network has learned to generalize

reliably.
2.5 NEURAL-COMPUTATIONAL SOFTWARE

Statistica Neural Networks (Statsoft, 1999) is a comprehensive neural networks analysis

program which has been extensively used throughout this thesis.

Statistica Neural Networks software supports a number of practical architectures of
neural networks including the MLP feedforward network used in this study. The network
architectures are supported by highly optimised training algorithms including Back-
Propagation, Levenberg-Marquardt, Conjugate Gradient Descent, Quick Propagation,
Delta-Bar-Delta and many others. Furthermore, the software package provides automatic

data scaling for both inputs and outputs.
2.6 ADVANTAGES AND LIMITATIONS OF ANNg

Neural networks are applicable in virtnally every situation in which a relationship

between the predictor variables (independents, inputs) and predicted variables
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(dependents, outputs) exists, even when that relationship is very complex and not easily

articulated in the usual terms of "correlations"” or "differences between groups.”

This sweeping success can be attributed to a few key factors (Statsoft, 1999; Nannariello
et al., 2001):

Neural network analysis is a very sophisticated modelling technique capable of
modelling extremely complex functions. In particular, neural networks are
nonlinear. For many years linear modelling has been the commonly used
technique in most modelling domains since linear models have well-known
optimization strategies. Where the linear approximation was not valid (which was
frequently the case) the models suffered accordingly. Neural networks also keep
in check the ‘curse of dimensionality’ problem that frustrates attempts to model
nonlinear functions with a large numbers of variables.

Neural networks learn by example. The neural network wuser gathers
representative data, and then invokes training algorithms to automatically learn
the structure of the data. Although the user does need to have some heuristic
knowledge of how to select and prepare data, how to select an appropriate neural
network, and how to interpret the results, the level of user knowledge needed to
successfully apply neural networks is much lower than would be the case using
(for example) some more traditional nonlinear statistical methods.

Neural networks can work with nominal data, which would be difficult to deal
with by other means.

Neural networks can directly represent the functional relationship between the

input(s) and output(s).

While neural networks can be used to solve complex problems, they do suffer from a

number of shortcomings (Nannariello et al., 2001):

The performance of a network can be sensitive to the quality of the input data.
The input data used to train neural networks should ideally contain information
that is spread evenly throughout the entire envelope of the system.

There is no guarantee of finding an acceptable solution to a problem.
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There are limited opportunities to rationalise the solutions provided. Unlike expert
systems, neural networks neither automatically explain their reasoning nor
provide an audit trail account that fully explains how the system reaches its
conclusion. Hence, the conclusions arrived at using neural network analysis are
considered by some as “black box” solutions.

There is limited theory to assist in the design of neural networks.
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CHAPTER 3

OPTIMISATION AND EVOLUTIONARY ALGORITHMS

3.1 INTRODUCTION

In general, the accomplishment of any abstract task can be thought of as problem-solving,
which, in turn, can be perceived as a search through a space of potential solutions. Since
we are after the “best” solution, we can view this task as an optimisation process. Some
problems only involve the optimisation at a single objective dimension. However, many
real-world problems involve multiple measures of objectives, which need to be optimised
simultaneously. Many powerful stochastic techniques for solving these large dimensional
optimisation problems have arisen out of operations research, decision science,
engineering, computer science and other related disciplines. The explosion in computing
power continues to arouse extraordinary interest in stochastic search algorithms that
require high computational speed and very large memories. Evolutionary algorithms, a
generic stochastic approach, have been demonstrated to be very powerful and generally
applicable for solving difficult single objective problems. Their fundamental algorithmic
structures can also be applied for solving many multi-objective problems (MOPs) (Coello
Coello et al., 2002).

This chapter first introduces some basic definitions related to optimisation to help
towards the understanding of basic optimisation problems. Next, it reviews the history
and current state of the evolutionary algorithms (EAs), illostrates the general EA
structure, explains how constraints can be handled tn EAs, describes an evolutionary
approach to the multi-objective optimisation problems (MOPs), and introduces a program
that implements general EA operators and multi-objective genetic algorithms (MOGA).

The advantages and limitations of EAs are also presented in this chapter.

In addition to this chapter, an instructive introductory overview of EAs can be found in

Bick ef al. (1997a) and Fogel (1994) and more detailed discussions can be found in Bick
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et al. (1997b), Coello Coello er al. (2002), Fogel (1998), Fonseca and Fleming (1995)
and Fonseca and Fleming (1998). These publications represent important milestones in
the acceptance of EAs as practical tools for addressing complex optimisation problems

and include numerous references that will assist readers just entering or not familiar with
the field.

3.2 OPTIMISATION

To help in the understanding of basic optimisation problems, in this section some basic

definitions related to optimisation are introduced.

3.2.1 Decision Variables
The decision variables are the numerical quantities for which values are to be chosen in
an optimisation problem. These quantities are denoted as x; j = I, 2,...,n. The vector of n

decision variables x is represented by:

x“—“(xl,---,xn). (3.1)

3.2.2 Constraints

In most optimisation problems there are always restrictions imposed by the particular
characteristics of the environment or resources available (e.g., physical limitations, time
restrictions, etc.). These restrictions must be satisfied in order that a certain solution be
considered acceptable. All these restrictions in general are called constraints, and they
describe dependences among decision variables and constants (or parameters) involved in

the problem. These constraints are expressed in the form of mathematical inequalities:

b(x)20i=1,..m, (3.2)

or equalities:

hix)=0i=1,..p. (3.3)
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The number of equality constraints, p, must be less than the number of decision variables,
n, because if p = n the problem is said to be over-constrained, since there are no degrees
of freedom left for optimising, in other words, there should be more unknowns than
equations. The number of degrees of freedom is given by n — p. The constraints given by

Eqgs. (3.2) and (3.3) define the parameter space or the feasible region X.

3.2.3 Commensurable vs Non-commensurable

In order to ascertain how “good” a certain solution is, it is necessary to have some criteria
to evaluate it. These criteria are expressed as computable functions of the decision
variables that are called objective functions. In real world problems, some of them are in
conflict with others and some have to be minimised while others are maximised. These
objective functions may be commensurable (measured in the same units) or non-
commensurable (measured in different units). The multiple objectives being optimised
almost always conflict, placing a partial, rather than total, ordering on the search space
(Bick, 1996).

3.2.4 Attributes, Criteria, Goals and Objectives

In operations research, it is common practice to differentiate among attributes, criteria,
objectives and goals. Artributes are often thought of as differentiating aspects, properties
or characteristics of alternatives or consequences. Criteria generally denote evaluative
measures, dimensions or scales against which alternatives may be gauged in a value or
worth sense. Objectives are sometimes viewed in the same way, but may also denote
specific desired levels of attainment or vague ideals. Goals usually indicate either of the

latter notions.

In this thesis, the terms objective, criteria and attribute are used interchangeably to
represent an MOP’s goals or objectives (i.e., distinct mathematical functions) to be
achieved. This convention is also adopted by several other researchers, for instance Horn
(1997) and Fishburn (1978). The terms objective space or objective function space are
also used to denote the coordinate space within which vectors resulting from evaluating

an MOP are plotted.
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3.2.5 Objective Functions
The Objective functions are designated as: f,(X), f,(X),..., f,(X), where k is the number

of objective functions in the MOP being solved. Therefore, the objective function forms a

vector function f(x)which is defined by:

Fx)y=(fi(X), f[L{x),.... [ (X)), EXy

3.2.6 Euclidean n-space
The set of all n-tuples of real numbers denoted by R”"is called Euclidean n-space. Two
Euclidean spaces are considered:
1) The n-dimensional space of the decision variables in which each coordinate axis
corresponds to a component of vector x .
2) The k-dimensional space of the objective functions in which each coordinate axis
corresponds to a component vector f{X).
Every point in the first space represents a solution and gives a certain point in the second
space, which determines a quality of this solution in terms of the values of the objective

funcrons.

3.2.7 Single-objective Optimisation
The single-objective optimisation problem can be formally defined as follows (Bick,
1996):

Given a functionf: X CS=R" >R, X #0, forxe X, the value f*= f(X*)>—co is

called a global minimum if and only if

Vxe X : f(x*)< f(x), 3.5)
where S is the search space, x* is the global minimum solution and f is the single

objective function.
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3.2.8 General MOP
A general multi-objective optimisation problem (also called multi-criteria optimisation,
multi-performance or vector optimisation problem) can be formally defined as follows

(Coello Coello ef al., 2002):

Find the vector x*=[x* x,* ..., x,*] which satisfies the constraints, namely in the

feasible region X, and optimises the vector function f (X)€Y (the objective space).

In other words, it is aimed at determining from among the set of all numbers in the

feasible region X the particular set x,*,x,*,...,x, * that yields the optimum values of all

the objective functions.

Any pointxin X defines a feasible solution. The vector function f(X)is a function
which maps the set X into the objective space Y that represents all possible values of the
objective functions. All the components of the vector f(x) represent the non-

commensurable criteria which must be considered. The vector x * is reserved to denote

the optimal solutions.

3.2.9 Pareto Optimum

Single-objective optimisation problems may have a unique optimal solution but MOPs
present a possibly uncountable set of solutions, which when evaluated, produce vectors
whose components represent trade-offs in objective space. This set of non-dominated
alternative solutions is known as Parero-optimal set (Ben-Tal, 1980). A decision-maker
(DM) then implicitly chooses an acceptable solution (or solutions) by selecting one or

more of these vectors.

Pareto dominance (Fonseca and Fleming, 1998): A given vector u = (u,,---,u, ) is said to
dominate v ={v,,~-,v,) if and only if u is partially less than v (u » < v), ie.

Vie {l,---,n}:u, <v, Adic {,--.n}ru, <v,.
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Pareto optimality (Fonseca and Fleming, 1998): A solution x, € X is said to be Pareto-
optimal if and only if there is no x, € X for which v= f(x,)=(v,,---,v,) dominates

= fle,)= (e, m).

Pareto-optimal solutions are also called efficient, non-dominated, and non-inferior
solutions. The corresponding objective vectors are simply called non-dominated. The set
of all non-dominated vectors is known as the non-dominared set, or the trade-off surface,

of the problem.
3.3 EVOLUTIONARY ALGORITHMS

Evolution provides inspiration for computing the solutions to problems that have
previously appeared intractable. It is quite natural, therefore, to seek to describe evolution
in terms of an algorithm that can be used to solve difficult optimisation problems. This
section provides a simple introduction to the history and current state of EAs, the general

EA structure, constraints handling in EAs and the EAs approach to the MOPs.

3.3.1 History and Current State

Although the origins of evolutionary algorithms can be traced back to the late 1950’s
[e.g., the influencing works of Bremermann (1962), Friedberg (1958), Friedberg ef al.
(1958) and Box (1957)], the field remained relatively unknown to the broader scientific
community for almost three decades. This was largely due to the lack of available
computer powers at that time, but also to some methodological shortcomings of those
early approaches (Fogel, 1995). The fundamental work of Holland (1962), Rechenberg
(1973), Schwefel (1973) and Fogel (1962) served to slowly change this picture during the
1970’s and currently a remarkable and steady (still exponential) increase in the number of
publications and conferences in this field can be observed in the work of Bick et al.

(1997a).

The majority of current implementations of evolutionary algorithms descend from three

strongly related but independently developed approaches: genetic algorithms introduced
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by Holland (1962), evolutionary programming introduced by Fogel (1962) and
evolutionary strategies introduced by Rechenberg (1973) and Schwefel (1975). The
differences between them are characterised by the typical data representation, the types of
variations that imposed on solutions to create offspring, and the methods employed for
selecting new parents. Over time, however, these differences have become increasingly

blurred, and will likely become of historical interest only (Fogel, 1998).

3.3.2 A General Structure
EAs are stochastic search methods that mimic the metaphor of natural biological

evolution on a computer. Figure 3.1 shows the structure of a simple EA (Pohlheim,
2004).

Initialisation: m Yes

Creation of ipjtial population and Are optimisation criteria met?

evaluation of individuals M
o

Best Individuals

Cpmpet-mon Fitness Assignment
{Multipopulation EA Oniy)
Start Result
Selection
. . Generate
Migration .
(Multipapulation EA Ordy) New Population

Recombination

|

Reinsertion Mutation

Evaluation of |
Offspring

Figure 3.1 General structure of a simple EA.

The EA starts the search by randomly generating a set of a specified number of solutions,
which is known as the population. Each solution within the population is known as an
individual. After the size of the population is specified, individuals of the first/initial
generation are randomly generated. To do this, decision variable values are generated

randomly within the corresponding parameter space.
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The objective function is then evaluated for these individuals. The first/initial generation
(a set of potential solutions) is produced. If the optimisation criteria are not met the
creation of a new generation starts. Individuals are assigned with certain fitness.
Throughout this thesis, Rank-based Fitness Assignment technique (Goldberg, 1989;
Fonseca and Fleming, 1993) is applied. The fitness assigned to each individual depends
only on its position in the individual rank and not on the actual objective value. Rank-
based Fitness Assignment overcomes the scaling problems of the proportional fitness
assignment and behaves in a more robust manner than propoertional fitness assignment
(Bick and Hoffmeister, 1991).

Individuals are selected according to their assigned fitness for the production of offspring
(new potential solutions). Several selection methods, such as Roulette Wheel Selection
(Baker, 1987), Stochastic Universal Sampling (Baker, 1987), Local Selection (Voigt et
al., 1991), Truncation Selection (Blickle, and Thiele, 1995) and Tournament Selection
{(Goldberg and Deb, 1991), have been developed.

Parents (existing potential solutions) are recombined. In other words, the information
contained in the parents is combined to produce offspring. Discrete Recombination
method (Miihlenbein and Schlierkamp-Voosen, 1995) can be applied to all (real-value,
integer-value and binary-value) variable representations. Intermediate Recombination
(Miihlenbein and Schlierkamp-Voosen, 1995), Line Recombination (Miihlenbein and
Schlierkamp-Voosen, 1995) and Extended Line Recombination (Miihlenbein, 1994)
methods can only be applied to real valued variables. Single (or Double or Multi-point)
Point Crossover (Booker, 1987), Uniform Crossover (Syswerda, 1989), Shuffle
Crossover (Caruana et al., 1989) and Crossover with Reduced Surrogate (Booker, 1987)

methods can only be applied to binary valued variables.
All offspring will be mutated (randomly altered) with a certain probability, which helps

to keep the diversity of the population and avoid premature convergence to local optima.

Mutation methods available for different variable {real valued, integer-valued and binary)
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representations have been introduced by Miihlenbein and Schlierkamp-Voosen (1993)
Bick (1996) and Hansen er al. (1995).

The fitness of the offspring is then computed. The offspring are inserted into the
population (the existing set of potential solutions) replacing their parents, producing a
new generation. This cycle is performed until the optimisation criteria or the designated

maximum number of generations is reached.

Such a single population EA is powerful and performs well on a wide variety of
problems. However, the chance of finding a global solution may be improved or the
number of the objective function evaluations may be reduced by introducing multiple
subpopulations. Every subpopulation (subset of potential solutions) evolves over a few
generations independently with a periodic communication phase between subpopulations.
This communication can take the form of an exchange of some good individuals, which
helps regenerate the converging subpopulations by injecting new generic material to
replace some of the worst individuals in the subpopulation. The multi-population EA
models the evolution of a species in a way more similar to nature than the single

population EA (Pohlheim, 2004).

3.3.3 Constraint Handling in EAs

The simplest approach to handling constraints in EAs has been to assign infeasible
individuals an arbitrarily low fitness (Goldberg, 1989}. In this approach, provided
feasible solutions can be easily found, any infeasible individuals are selected out and the

search is not affected much.

Certain types of constraints, however, such as bounds on the decision variables and other
linear constraints, can be handled by mapping the search space so as to minimise the
number of infeasible solutions it contains and/or designing the mutation and
recombination operators carefully in order to minimise the production of infeasible
offspring from feasible parents (Michalewicz and Janikow, 1991). This and the previous

approach are complementary and often used in combination with each other.
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In the case where no feasible individuals are known, and cannot easily be found, the
penalty imposed on infeasible individuals can be made to depend on the extent to which
they violate the constraints. Such penalty values are typically added to the unconstrained
performance value before fitness is computed (Goldberg, 1989). Although penalty
functions do provide a way of guiding the search toward feasible solutions, when these
are not known, they are very much problem-dependent. Guidelines on the use of penalty

functions have been described by Richardson et al. (1989).

Another approach to constraint-handling has been proposed by Powell and
Skolnick (1993) and consists of rescaling the original objective function to assume values
less than unity in the feasible region, while assigning penalty values greater than one to
infeasible individuals. Subsequent ranking of population assigns higher fitmess to all

feasible points than to infeasible ones.

3.3.4 Evolutionary Approach to MOPs

EAs seem particularly suitable for solving MOPs, because they deal simultaneously with
a set of possible solutions (the so-called population). This enables several members of the
Pareto-optimal set to be found in a single run of the algorithm, instead of a series of
separate runs having to be performed as in the case of the traditional mathematical
programming techniques. Additionally, EAs are less susceptible to the shape or
continuity of the boundary of the design region, whereas these two issues are a real
concern for mathematical programming techniques. Also, EAs are very attractive MOP
solution techniques because they address both search and multi-objective decision-

making (Coello Coello et al., 2002).

Many EA paradigms for solving real-world MOPs have been proposed in the last two
decades. Some examples of these paradigms are “Multi-Objective Genetic Algorithm
(MOGA)”’ (Fonseca and Fleming, 1993; 1998), *“Multi-Objective Messy Genetic
Algorithm (MOMGA)” (Van Veldhuizen and Lamont, 2000), “Niched-Pareto Genetic
Algorithm (NPGA)”’ (Horn and Nafpliotis, 1993), “Nondominated Sorting Genetic
Algorithm (NSGA)” (Srinivas and Deb, 1994), “Pareto Archived Evolution Strategy
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(PAESY’ (Knowles and Cone, 2000), “Vector Evaluated Genetic Algorithm (VEGA)”
(Schaffer, 1985) and “Strength Pareto Evolutionary Algorithm (SPEA)” (Zitzler and
Thiele, 1999).

A detailed discussion of these paradigms can be found in Coello Coello et al. (2002).
Among them, MOGA, NPGA and NSGA (or improved variants thereof) are some of the
literature’s most cited and imitated. As all these EA architectures move towards each
other in terms of data structures, parameters and operators, the affirmation that one is

“better’”’ than another is probably ill-conceived (Coello Coello et al., 2002).

MOGA is applied throughout this thesis as it is efficient, flexible and relatively easy to
implement (see Section 3.3.4.5 for the advantages and limitations of MOGA). The
following sections discuss the several important aspects of MOGA: the multi-objective
decision-making based on given goals, rank-based fitness assignment, constraint
satisfaction in term of objectives, MOGA as a method for progressive articulation, and

advantages and limitations of MOGA.

3.3.4.1 Multi-objective decision-making based on givgn goals

When presented with the trade-off surface for a given function, the DM would have to
decide which of all of the non-dominated points to choose as the solution to the problem.
First, the regions of the Pareto set which express good compromises according to some
problem-specific knowledge would be identified. Then, having a clearer picture of what
is achievable, the idea of compromise would be refined until the solution was found. As a
consequence, only the “interesting” regions of the Pareto set need to be well known,
which is not to reduce the scope of the search, but simply to zoom in on the region of the

Pareto set of interest to the DM.

Preference articulation implicitly defines a so-called utility function which discriminates
between candidate solutions. Although such a utility function can be very difficult to
formalize in every detail, approaches based on weighting coefficients (Hwang and
Masud, 1979), priorities (Ben-Tal, 1980) and goal values (Fonseca and Fleming, 1993)
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have been widely used. Goal values indicate desired levels of performance in each
objective dimension. The way in which goals are interpreted may vary. In particular, they
may represent minimum levels of performance to be attained, Utopian performance levels
to be approximated, or ideal performance levels to be matched as closely as possible.
Goals are usually easier to set than weights and priorities, because they relate more

closely to the final solution of the problem.

Assuming a minimisation problem, consider two g-dimensional objective vectors,
Y. = ()’0_1, Yazs " ya‘q) and ¥y, = (yb,,, Vo210 " Vog ), and the goal vector
g= (g,, 8208 q). Assuming a convenient permutation of the objectives, also consider

that

(A) y, is such that it meets a number, g-d. of the specified goals, ie,
d=1-,g-1:Viel,d,Vjed+1- gy, > g )rly,, <g,)or
(B) y, meets none of the goals, ie., Vi= 1""s€1a(}’a,.- > g;.); or

(C) y, meets all of the goals, ie., Vi=1,-+-,q, (ya_j < gj).

In the first situation (A), y, meets goals 4 +1.---,q and, therefore, will be preferable to
y, simply if it dominates y, with respect to its first d components. For the case where
all of the first d components of y, are equal to those of y,, y, will still be preferable to
y, if it dominates y, with respect to the remaining components of y,, or if the
remaining components of y, do not meet all their goals. In the second situation (B), y,
satisfies none of the goals. Then y, is preferable to y,, if and only if it dominates y,.
Finally, in the third situation (C) y, meets all of the goals, which means that it is a
satisfactory, though not necessarily an optimal solution. In this case, y_, is preferable to

¥, . if and only if it dominates y, or y, is not satisfactory (Fonseca and Fleming, 1993).

The use of the relation preferable to as just described, instead of the simpler relation

partially less than, implies that the solution set is delimited by those non-dominated
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points which tangentially achieve one or more goals. In fact, degradation in vector
components which meet their goals is now acceptable provided it results in the
improvement of other components which do not satisfy their goals and it does not go

beyond the goal boundaries (Fonseca and Fleming, 1993).

3.3.4.2 The MOGA as a method for progressive articulation

When goals can be supplied interactively at each EA generation, the DM can reduce the
size of the solution set gradually while learning about the trade-off between objectives.
The variability of the goals acts as a changing environment to the EA, and does not

impose any constraints on the search space.

In general, as shown in Figure 3.2 (Fonseca and Fleming, 1993), the EA (MOGA in this
case) would present the DM at each generation with a set of points to be assessed. The
DM makes use of the concept of Pareto optimality and of any a priori information
available to express its preferences, and communicates them to the EA, which in turn
replies with the next generation. At the same time, the DM learns from the data it is
presented with and eventually refines its requirements until a suitable solution has been

found.

Fitness

A priori knowledge DM EA Results

Objective function values
(acquired knowledge)

Figure 3.2 General EA optimiser with progressive articulation.

3.3.4.3 Rank-base fitness assignment for MOGA
Individuals in a population can be ranked in accordance to the preference decided using

the multi-objective decision-making strategy introduced in the Section 3.3.4.1. Consider

an individual x_ at generation ¢ and let r“(‘} be the number of individuals in the current
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population that are preferable to it. The current position of x, in the individuals’ ranks

can be simply given by
rank(x,,t)=r". (11)

This ensures that all preferred individuals in the current population are assigned rank zero
(Fonseca and Fleming, 1998). The ranking of a population provides sufficient relative
quality information to guide evolution. Ranked based fitness assignment can be described
as follows (Fonseca and Fleming, 1993):
1) Sort population according to rank;
2) Assign fitness by interpolating from the best individual to the worst according to
some function, usually linear or exponential, but possibly another type;
3) Average the fitness assigned to individuals with the same rank, so that all of them
are sampled at the same rate while keeping the global population fitness constant.
Fitness is understood here as the number of offspring an individual is expected to produce

through selection.

3.3.4.4 Constraint satisfaction in term of objectives

Constraints can be seen as hard objectives, which must be jointly satisfied before the
optimisation of the remaining, soft objectives, takes place. Satisfying a number of
violated constraints can be regarded as an MOP problem of minimizing the associated
functions until given goals are reached. The concept of non-inferiority is, therefore,
readily applicable, and even particularly appropriate when constraints are themselves
non-commensurable. When not all goals can be simultancously met, a family of
violating, non-dominated points is the closest one can get to a solution to the problem.
Goal-based multi-objective optimisation extends simple constraint satisfaction in the
sense that the optimisation continues even after all goals are met. In this case, solutions

should both be non-dominated and meet all goals (Fonseca and Fleming, 1998).
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3.3.4.5 Advantages and limitations of MOGA

The main advantage of MOGA is that it is efficient, relatively easy to implement and
flexible. It potentially reduces the number of function evaluations, compared to the
posteriori articulation of preferences where the DM is presented by the optimiser with a
set of candidate non-dominated solutions before expressing any preferences. It also
provides fewer alternative points at each iteration, which means that it is easier for the
DM to discriminate between alternatives than it would be if it were presented with the

whole Pareto set at once.

The main disadvantage is that it requires the DM to know beforehand the ranges of
variation of each objective in order to establish coherent goals. This could be an
expensive process in terms of computer processing time, if not impossible in many real-
world applications (Coello Coello et al., 2002). Also the use of an interactive method
may require reasonable interaction times for it to become attractive. The natural solution
to speed up the process is to run the EA on a parallel architecture. The most appealing of
all, however, would be the use of an automated DM, such as an expert system (Fonseca

and Fleming, 1993).

3.4 A PROGRAM IMPLEMENTING GENERAL EA OPERATORS AND MOGA

The above introduced general EA structure and operators (see Section 3.3.2) and MOGA
(see Section 3.3.4) have been implemented as MATLAB (Mathworks, 2002) M and
MEX files (Chipperfield er al., 1994) and further developed and incorporated into the
Genetic and Evolutionary Algorithm Toolbox for Use with Matlab (GEATbx) (Pohlheim,
2004). This toolbox offers the user several “default” EA instantiations (e.g., real-,
integer-, or binary-valued genetic algorithms and evolutionary strategy) and excellent
visualisation output to aid in analysis. GEATbx requires only a limited amount of user

effort to implement a specific EA.
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Throughout this thesis, GEATbx has been used as the tool for implementing the
evolutionary approach to solve the optimisation problems investigated in chapters 5, 6

and 7 of the present thesis.
3.5 ADVANTAGES AND LIMITATIONS OF EAs

There will always remain a dichotomy between efficiency and general applicability and
between reliability and effort of problem-solving, especially with optimum-seeking
algorithms. Any specific knowledge about the given situation may be used to specify an
adequate specific solution algorithm, the optimal situation being that one knows the
solution in advance. On the other hand, there cannot exist one method that solves all

problems effectively as well as efficiently.

The current literature identifies three main types of search methods: calculus-based,
enumerative and random (Goldberg, 1989). Calculus-based methods have been studied
extensively. These subdivide into two main classes: indirect and direct. Indirect methods
seek local extrema by solving the usually nonlinear set of equations resulting from setting
the gradient of the objective function equal to zero. Given a smooth, unconstrained
function, finding a possible peak starts by restricting search to those points with slopes of
zero in all directions. This is the multi-dimensional generalisation of the elementary
calculus notion of extremal points. On the other hand, direct methods seek local optima
by hopping on the function and moving in a direction related to the local gradient. This is
simply the notion of hill-climbing: to find the local best and climb the function in the

steepest permissible direction.

Both of these calculus-based methods have been improved, extended, hashed and
rehashed and they are effective and efficient in solving the problem that features a
unimodal objective space. However, there are inherent limitations in these methods. First,
they are local in scope: the optima they seek are the best in a neighbourhood of the
current starting point. When the objective space is multimodal, starting the search or

zero-finding procedures in the neighbourhood of a lower peak will not enable the finding
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of the highest peak. Furthermore, once the lower peak is reached, further improvement
must be sought through random restart (or other trickery). The restarting point, however,
cannot be guaranteed in the neighbourhood of the highest peak. In other words, calculus-
based methods lack robusiness for optimisation problems featuring multimodal objective
space. Second, calculus-based methods depend upon the existence of derivatives (well-
defined slope values). Even if numerical approximation of derivatives is allowed, thisis a
severe shortcoming. Many practical decision spaces have little respect for the notion of a
derivative and the smoothness this implies. The real world of search is fraught with
discontinuities and vast multimodal, noisy search spaces as depicted in a less calculus-
friendly function. Therefore, it comes as no surprise that calculus-based search methods,
characterised by the local scope of search and the restrictive requirements of continuity
and derivative existence, are unsuitable for optimisation problems that are combinatorial

(featuring discontinuous decision space) and/or multimodal.

Enumerative schemes have been considered in many shapes and sizes. The idea is fairly
straightforward: within a finite search space, or a discretized infinite search space, the
search algorithm starts looking at objective function values at every point in the space,
one at a time. Although the simplicity of this type of algorithm is attractive, such schemes
are discounted for their inefficiency. Many practical spaces are simply too large to search

for one at a time and still have a chance of using the information to some practical end.

Random search algorithms have achieved increasing popularity as researchers have
recognised the shortcomings of calculus-based and enumerative schemes. The EA
algorithm is an example of a search procédure that uses random choice as a tool to guide
a highly exploitative search. Using random choice as a tool in a directed search process
seems strange at first, but nature contains many examples. Another currently popular
search technique ‘“‘simulated annealing”, uses random processes to help guide its form of
search for minimal energy states [see Laarhoven and Aarts (1987) and Booker (1987)].
The important thing to recognise is that randomised search does not necessarily imply

directionless search, as shown in Section 3.3.2 of this thesis.
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It is generally accepted that EAs are robust and useful search algorithms when the
problem domain has multidimnensional decision variables. They are applicable even in
dynamic situations where the goals or constraints are moving over time or changing,
either exogenously or self-induced, where parameter adjustmnents and fitness
measurements are disturbed, and where the landscape is rough, discontinuous,
multimodal, fractal or cannot otherwise be handled by traditional methods, especially
those that need global prediction from local surface analysis. EAs are also particularly
suitable for solving MOPs (see Section 3.3.4) and the evolutionary approach towards the
MOPs has been becoming increasingly accepted in scientific, engineering and
management areas since the late 1990s (Coello Coello et al., 2002). Sometimes striking is
the fact that even obviously wrong parameter settings do not prevent fairly good results.
This can be described as robustness. Not yvet well understood, but nevertheless very
successful, are those EAs which self-adapt some of their internal parameters, a feature
that can be described as collective learning of the environmental conditions (Schwefel,
1997).

However, if there is already a traditional method that solves a given problem, EAs should
not be used because they cannot do it better or with less computational effort. EAs always
present an intermediate compromise; the enthusiasm of its inventors is not yet taken into
account here, nor are the insights available from the analysis of the algorithms for natural

evolutionary processes which they try to mimic (Schwefel, 1997).

In the present thesis, chapter 5 demonstrates that a multi-objective EA can be
successfully employed to solve a difficult MOP in architectural and building acoustics
and its effectiveness for solving combinatorial-type problems featuring discontinuous
decision space; and chapter 6, from an application point of view, compares the
robustness, effectiveness and efficiency of EAs and traditional calculus-based

optimisation methods.
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CHAPTER 4

PREDICTING ARCHITECTURAL SPEECH SECURITY USING
ARTIFICIAL NEURAL NETWORKS

4.1 INTRODUCTION

Offices and meeting rooms are often intended for confidential discussions where
eavesdroppers and others outside the room should not be able to hear what is being said.
The acoustical privacy of such rooms can be referred to as architectural speech security.
Improved speech security is achieved by constructing the boundaries of the room to have
higher sound transmission loss. When speech security is of concern, it is desirable to be
able to predict the degree to which the “transmitted” speech is audible or .inteiligible at

positions outside the room.

Defining the problem of speech security in terms of the fraction of speech that can be
understood makes it one of speech intelligibility. Investigations into speech privacy for
open-plan office situations have used this same approach (ASTM, 2002). The distinction
being made by security designers is that “privacy” is a less stringent description of sound
isolation than “security”. A condition where overheard speech is audible but only
slightly intelligible corresponds to excellent privacy, but could be described as imperfect
security. Therefore, a high degree of speech security implies not only very low speech

intelligibility but in some cases minimal audibility of the transmitted speech sounds.

Speech security can be described on three different levels. The first level would be when
only a very small percentage or none of the overheard words is intelligible; the second
level is when no words are intelligible but when it is often still possible to recognise the
cadence or rhythm of the speech; and finally, the highest level of speech security would
be when all speech sounds from the adjacent space are completely inaudible (Gover and
Bradley, 2004). Speech privacy and speéch security have been related to Signal-to-noise
(S/N) type measures, where the signal is the speech from the adjacent space. The simplest
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measure is the difference of A-weighted speech and noise levels. More sophisticated
measures such as the Articulation Index (AI) (ANSI, 1965) and its more recent
replacement the Speech Intelligibility Index (SII) (ANSI], 1997) are known to be better
related to speech intelligibility within rooms. However, Gover and Bradley (2004) have
shown that SII and Al cannot be used to describe conditions for high levels of speech
security which would correspond to acoustical conditions below SII=0 or AI=0, where
SII or Al is not defined. The difference in A-weighted levels is not limited in this way but
is much less accurately related to intelligibility scores. A more successful measure is the
SII-weighted S/N ratio, which is a weighted sum of one-third-octave band S/N ratios
using the same frequency weightings as the SII measure. Although the SH-weighted S/N
ratio predicts the intelligibility score and threshold reasonably well, the S/N loudness
ratio provides a more accurate estimate of the thresholds of cadence and audibility (Gover
and Bradley, 2004}.

This chapter investigates an approach that uses the artificial neural networks (ANNs) to
directly represent the functional relationship of the octave band (250 Hz — 8 kHz) S/N
ratios to the speech intelligibility score and to security thresholds. The objectives of the
ANNSs are to predict a) the speech intelligibility score (namely the percentage of words
correctly identified by each individual), b) the intelligibility threshold (namely the
percentage of listeners able to correctly identify at least one word), c¢) the cadence
threshold (namely the percentage of listeners able to detect the cadence of the speech)
and d) the audibility threshold (namely the percentage of listeners able to hear the
presence of the speech). On the basis of the statistical analysis of the prediction results,
the accuracy of the prediction using ANNs is then compared with those using

conventional methods.
4.2 DATABASE FOR ANN MODELS
Two speech intelligibility and security experiments were carried out by Gover and

Bradley (2004) at the Institute for Research in Construction (IRC), Canadian National
Research Council (CNRC). In their work, subjects (with negligible hearing loss) rated
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simulated speech security situations. The subjects sat in a sound-isolated room and heard
speech sounds combined with typical ambient noises. The speech and noise sounds were
spatially separated and were precisely measured at the listener’s head position in an

acoustically dead environment.

In the first intelligibility experiment (intelligibility scores and the intelligibility
threshold), 36 subjects, who had passed a standard audiometric hearing threshold test and
a short trial of an intelligibility test, each listened to 340 test sentences. The phonetically
balanced and low predictability Harvard sentences (Subjective Measurements
Subcommittee of the Standards Committee of IEEE Audio and Electroacoustics Group,
1969) were used with five different sentences for each physical condition. Each condition
was one of 68 combinations of ambient noise, wall transmission loss characteristics and
S/N ratio. The conditions were chosen so that the percentage of subjects detecting
intelligibility ranged from O to 100%. Subjects were then divided into two groups, 19
“better” subjects and 17 “worse” subjects, in accordance with their mean intelligibility

scores across all 340 sentences.

A follow-up experiment was conducted to determine not only the intelligibility score and
the intelligibility threshold but the thresholds of cadence of the speech and audibility of
any speech sounds. In this second experiment the 19 “better” subjects from the first
experiment each listened to 160 sentences. Again there were five sentences for each
condition and a range of ambient noise and wall transmission loss values. However, in
the second experiment conditions had, on average, much lower S/N values so that they
included situations where no speech sounds were audible to the listeners. Details of these

two experiments are provided in Gover and Bradley, 2004,

The results of the 19 “better” subjects in the above two experiments constitute the
database for the ANN models in the present work. The 9500 [19 x (340 + 160)]
individual intelligibility score test cases were used as the database for predicting the
intelligibility score. Of the 9500 cases, 7600 were used for training, 950 for verification

and 950 for testing. All the sentences in the first and second experiments, viz. 500

57



(340+160) sentences (cases), were used as the database for predicting the intelligibility
threshold. Of the 500 cases, 310 were used for training, 95 for verification and 95 for
testing. For predicting the cadence threshold and the audibility threshold the 160
sentences (cases) in the second experiment were used as the database. Of the 160 cases,

128 were used for training, 16 for verification and 16 for testing.

4.3 INPUTS AND OUTPUTS OF ANN MODELS

The inputs of the ANN models for all the four prediction situations are the octave band
(250 Hz — 8 kHz) S/N ratios, that is to say, the difference in the transmitted speech level
and the background noise level at each octave frequency band from 250 Hz to 8 kHz. The
range of the input variables for predicting the intelligibility score and the intelligibility
threshold when considering both experiments is different from that for predicting the
audibility and the cadence thresholds when accounting for only the second expenment.
Table 4.1 provides the range of each input variable of the four ANN models. The outputs
of the ANN models are the intelligibility score, the intelligibility threshold, the cadence
threshold and the audibility threshold, and are within the range of 0 — 100%.

Table 4.1 Ranges of input variables

The Range of Input Variables The Range of Input
for Predicting the Variables for Predicting the
Intelligibility Scores and the Cadence Threshold and the
Intelligibility Threshold Audibility Threshold
Input Variables Minimum Maximum Minimum Maximum
dB dB dB dB
S/N Ratio at 250 Hz -34.8 6.2 -34.8 -8.3
S/N Ratio at 500 Hz -30.2 13.1 -30.2 -2.3
S/N Ratio at 1 kHz -32.7 1.3 -32.7 -15.7
S/N Ratio at 2 kHz -28.2 7.1 -28.2 -1.8
S/N Ratio at 4 kHz 274 10.0 21.8 0.5
S/N Ratio at § kHz 232 8.7 -16.6 -6.3
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44 ARCHITECTURE OF ANN MODELS AND PROCEDURES OF ANN
ANALYSIS

Figure 4.1 illustrates the 3-layer feed-forward ANN architecture applied in the present
work. One hidden neuron layer, with 3 hidden neurons, was used. The ANN analysis was
undertaken using STATISTICA Neural Networks (Statsoft, 1999). The weights, which
were initialised to uniformly-distributed random values using the “uniform method”,
were adjusted by using ‘“‘back propagation” and “conjugate gradient” algorithms to
minimize the prediction error during the training. Conditions were set within the
STATISTICA Neural Networks program by altering the model’s parameters. “Early
stopping” and “Weigend weight regularization” techniques were used to control over-
fitting. Training of ANNs was stopped when the RMS error of the verification set could
no longer be improved. The test set was used to independently check the performance of
the network when an entire network design procedure was completed.
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Figure 4.1 Illustration of the 3-layer feed-forward artificial neural network for predicting
architectural speech intelligibility and security thresholds.

4.5 MODUS OPERANDI OF ANN MODELS

For the present work, the pre-processing of the inputs involves scaling input values to an

appropriate range suitable for use in the ANN. Input values are multiplied by a scale
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factor, followed by the addition of a shift factor. Table 4.2 provides the shift and scale

factors to input variables of each ANN model. These factors are automatically generated

by the scaling algorithm of the STATISTICA Neural Networks (Statsoft, 1999).

Table 4.2 Shift and scale factors to inputs of each ANN model

I{npat Varizbles ANN Model for ANN Madel for Predicting ANN Model for ANN Model for
Predicting Intelligibility Entetligibility Threshold Predicting Cadence Predicting Audibility
Scores Threshold Threshold

Shift Scale Shift Scale Shift Scale Shift Scale
S/N Ratio at 250 Hz 0.8478 0.0244 0.8561 0.0251 1.3117 0.0377 13117 0.0377
S/N Ratio at 500 Hz 0.6934 0.0231 0.6984 0.0231 1.0840 0.0363 1.0953 0.0362
S/N Ratio at 1 kHz 0.9629 0.0295 0.9748 0.0298 1.9676 0.0605 1.929% 0.0590
S/N Ratio at 2 kHz 0.7990 0.0284 (.7990 0.0284 1.1847 0.0421 10704 0.0382
S/N Ratio at 4 kHz 0.7333 0.0268 07333 0.0268 0.9791 0.0450 1.0969 0.0503
S/N Ratio at 8 kHz 0.7276 G.0314 0.7254 0.0316 1.6072 .0968 1.6063 0.0966

Each pre-processed neuron is multiplied by a scalar weight connecting the first layer

neurcns to the hidden layer neurons. At each neuron within the hidden layer, the

weighted inputs are summed and a bias value is subtracted from the summed weighted

inputs. The resulting value is passed through a non-linear activation function which in

this work is a sigmoidal logistic function (1 / (1 + €™), where X is the resulting value).

Table 4.3 provides the weights and biases linked to hidden neurons of each trained ANN

model.
Table 4.3 Weights and biases to hidden neurons of each ANN model
ANN Model for Predicting ANN Model for Predicting ANN Model for Predicting ANN Model for Predicting
Intelligibility Scores Intelligibility Threshold Cadence Threshold Audibility Threshold

h1401 h1#02 h1#03 h1#01 h1#02 hEH3 h1#01 h1#02 h1#03 hi1#61 h1#02 h1#03
Bias 115184 3.4952 24780 47585 | 21.8361 236038 | 21.3096 | 234213 0.0453 1.6085 20.0568 0.8694
SN
Ratio
at 1.1366 1.4757 07391 2.3090 47684 20.5849 | 200167 | 223940 09785 30270 4.2763 21.6642
250
He
SN
Ratio
at 10.5723 2.7610 4.5765 29866 | 208504 | 248108 | 20,7203 | 21.2851 03082 1.9515 2.4088 21.6567
300
Hz
SN
:::;m 20.2854 | 4.9302 7.2539 | 3.1024 | 22.6401 | 29.339% | 21.8440 | 20,1070 | 0.4341 213097 | Olill 1.1948
kHz
S/IN
::‘;'0 8.0602 1.3246 1.8921 2.1874 1.4327 21.4269 1.8129 240315 2116l 4.1976 1.1180 21.7192
kHz
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ANN Model for Predicting ANN Maodel for Predicting ANN Model for Predicting ANN Model for Predicting
Intelligibility Scores Intelligibility Threshoid Cadence Threshold Audibility Threshold
h1#01 h1#02 h1#03 | hi#0} hi1#02 h1#03 h1i#1 hl#02 h1#03 h1#01 h1#02 hi#03
SN
:‘::'0 2.0082 2.0439 200000 | 2.4986 0.7054 20.0970 2.5294 26.9358 2993 6.7447 1.3925 236152
kKHz
SN
;{:‘;“’ 1.1966 21.0482 | 229519 | 1.5709 2.3245 20.1919 | 218705 3.6446 204777 | 23.5032 | 20.2028 2.2250
kilz

The output value of each hidden neuron is multiplied by the scalar weights for each

connection between the hidden layer and the output neuron. The weighted outputs are

summed and a bias value is subtracted from the sum to produce a single output value.

Table 4.4 shows the weights and biases linked to the output neuron of each trained ANN

model.
Table 4.4 Weights and biases to the output neuron of each ANN model
ANN Model for ANN Madel for ANN Model for ANN Model for

Predicting Predicting Predicting Predicting

Intelligibility Scores Intelligibility Cadence Audibility

Threshold Threshold Threshold

Output (Intelligibility | Output (Intelligibility | Output (Cadence ( A?n:;:g::ty

Scores) Threshold) Threshold) Threshold)
Bias 0.0086 -0.6521 -1.5510 -0.9244
h1#01 0.5257 2.2279 -0.0603 2.8098
h1#02 1.5923 -1.8808 -1.2885 -2.7274
h1#03 -1.1333 1.0384 -0.4996 1.1762

The output is post-processed by subtracting the shift factor, followed by division by the

scale factor. In the present work, the shift factor and scale factor are 0 and 1 respectively

in all the four situations as the range of outputs has already been normalised between O

and 1 in the original database.

A more detailed numerical description of the modus operandi of an ANN can be found in

Section 2.2 of the present thesis.
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4.6 STATISTICAL RESULTS OF ANN ANALYSIS

Table 4.5 presents the statistical analysis results based on the ANN models specified in
the above section. In Table 4.5, the numbers in parentheses are the results based on the
work of Gover and Bradley (2004). In a regression problem, the standard deviations (SD)
of both the prediction error and original output data are important and they can be related
by the standard deviation ratio (SDR). The SDR in a regression problem is the ratio of the
SD of the prediction error to that of the original output data (an SDR of 0.1 is considered
an excellent fit of the data and an SDR of 1.0 is a poor fit) (Statsoft, 1999). The
correlation coefficients R2 (the “coefficient of determination’) of the ANN predictions
over the entire data sets for the intelligibility scores, intelligibility threshold, cadence
threshold and audibility threshold were 0.773, 0.929, 0.967 and 0.942 respectively. For
comparison, in the work of Gover and Bradley (2004), the SII-weighted S/N measure has
an R? of 0.762 for predicting the intelligibility scores and an R? of 0.919 for predicting
the intelligibility threshold and the S/N loudness ratio has an R? of 0.956 for predicting
the cadence threshold and an R” of 0.899 for predicting the audibility threshold.

Table 4.5 Statistical analysis results for ANN predictions

ANN Model for Predicling ANN Model for Predicting ANN Model for ANN Model for Predicting
Intelligibility Intelligibility Threshold Predicting Cadence Audibility
Scores Threshold Threshold
ke veb Te* En® Te" Veb Te' En* i Veb Te' En! Te" Vet Te En*
:{,}:,?. 0205 | 0208 | 0208 | 0206 | 0016 | 0oog | 0104 | 0411 | 0079 | 0056 | 0072 | 0076 | 0.096 | 0.089 | 0033 | 0.001
gg;"" 0205 | 0208 | o208 | 0206 | o1y | 0099 | 0105 | o111 | oo | 0049 | 0067 | 0077 | 0096 | 0088 | 0034 | 0091
SpR.S | 0477 | 0476 | 0475 | 0476 | 0280 | 0246 | 0234 | 0267 { 0192 | o115 | 0130 | 0183 | 0254 | 0211 | 0096 | 6240
2 0.773 0.929 0.567 0.942
R 0.773 | 0373 | 0774 | oo | 0921 | 0940 | 0931 | (o5 | 0963 | 0.987 | 0982 | ;0qq, | 0936 0958 | 0992 | soos)

*Tr = training data set.

®Ve = verification data set.

“Te = test data set.

YEn = entire data set.

*Error SD = standard deviation of the prediction error.
'SDR = standard deviation ratio.
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4.7 DISCUSSIONS AND CONCLUSIONS

The present work indicates that the ANN approach provides a direct and accurate method
for predicting speech intelligibility scores and security thresholds. The current method for
predicting speech intelligibility and privacy first requires the development of an index
and then requires the index to be related to subjective scores using a transfer function
(ANSI, 1969; ANSI, 1997; Gover and Bradley, 2004). The ANN approach can avoid this
two step process by using the signal-to-noise (S/N) ratio information to directly predict
the subjective speech intelligibility score and security thresholds. Compared with the
previous work (Gover and Bradley, 2004} that used one-third-octave band S/N ratios, the
ANN approach used only the “octave band” S/N ratios and performed comparably for the
predictions of the intelligibility score, the intelligibility threshold and the cadence
threshold, and better for the prediction of the audibility threshold.

Specifics of the ANN models for predicting the speech security and intelligibility scores
were also provided in the present work. With this information, ANN models can be
embedded into standard spreadsheet applications, thus allowing predictions to be made in

a transparent and direct fashion.

Similar investigations using one-third-octave band (160 Hz - 8000 Hz) S/N ratios have
also been conducted in the present work. Table A.1 — Table A.5 in Appendix A show the
specifics and statistical analysis results of the ANNs using one-third-octave band (160 Hz
— 8000 Hz) S/N ratios as the inputs. However, the statistical results of the one-third-
octave band analysis were only slightly better than those of the octave band analysis. This
may be due to the information in adjacent one-third-octave bands being highly correlated

and therefore not contributing any significant new information to the ANN.
The present work only takes into account the S/N ratios in predicting the architectural

speech intelligibility score and security thresholds. Other factors, such as talker gender

and voice characteristics, speech material, room characteristics and so on, could be
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included in the ANN models to investigate the possibility of further improving the

prediction accuracy.
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CHAPTER 5

OPTIMISING THE DESIGN OF FLAT-WALLED MULTI-LAYERED
ANECHOIC LININGS USING EVOLUTIONARY ALGORITHMS

5.1 INTRODUCTION

The concept of flat-walled multi-layered absorbent linings for anechoic rooms was
proposed three decades ago. Flat-walled linings have the advantage of being less
complicated and, hence, less costly to manufacture and install than the individual units
such as wedges. Recently, flat-walled multi-layered absorbent linings were also applied
as the anechoic termination for other types of enclosures, such as the duct-type noise
measurement enclosure (Bracciali and Cascini, 2000), which required anechoic

conditions for their internal surfaces.

An ideal acoustic absorbent material should have a low frontal acoustic reflection and a
high internal acoustic attenuation. However, these two requirements for the same material
are in conflict with each other. A method of partially overcoming this conflict is to use a
multi-layered lining system (Dunn and Davern, 1986). Davern (1980) carried out work on
the design of flat-walled multi-layered anechoic linings as an alternative to the more
conventional wedge-type system. The approach taken was to use conventional
measurements in an impedance tube. Davern’s measurements indicated that a flat-walled,
multi-layered, graded density lining could achieve anechoic conditions with an overall
thickness slightly less than a quarter of a wavelength at the cut-off frequency, e.g. 0.727
m, at 110 Hz. However, the work (Davern, 1980) proved to be tedious and time

consuming because of the numerous trial and error measurements involved.

The subsequent work undertaken by Dunn and Davern (1986) demonstrated that the
overall impedance of a flat-walled multi-layered system could be calculated by the
repeated application of a single layer impedance equation. They also demonstrated that

the direct calculation approach could be readily programmed on a desktop computer and
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good agreement between measured (impedance tube) and calculated values could be

achieved.

The ability to rapidly test potential layer combinations using a computer has marked
advantages over repeated impedance tube measurements. Nonetheless, a problem
remained unsolved: how to efficiently optimise the design of a flat-walled multi-layered
lining; more specifically, how to efficiently find a lining composite (a combination of
materials) that could achieve the target cut-off frequency with a minimum overall

thickness, where there exists a large pool of materials.

A cut-off frequency is the frequency above which no pressure reflections exceed 10 per
cent; this corresponds to an energy absorption exceeding 99 per cent (Beranek and
Sleeper, 1946). As implied by the above definition, the design of an anechocic lining can
be considered as a multi-objective optimisation problem (MOP) (see chapter 3 of this
thesis for more details of MOP), which is one of the major difficulties that the designers

of anechoic linings face when the optimisation of a design is required.

This chapter demonstrates that a multi-objective evolutionary algorithm (EA) can be
successfully employed as an optimiser to aid and speed up the design of flat-walled
muliti-layered anechoic linings. Two types of materials, fully-reticulated {(open-cell)
polyurethane foams and fibrous building insulation material, are investigated. The
investigation of fibrous building insulation material is shown in the form of an
application case, in which the effectiveness of EAs for sclving combinatorial-type

problems featuring discontinuocus decision space is also illustrated.
5.2 FUNDAMENTAL EQUATIONS
The normal incidence acoustic impedance, Z,, at the front of a layer of homogeneous

material of thickness L can be calculated using the following equation (Zwicker and
Kosten, 1949):
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Z, =W Z, cosh{yL}+ W sinh(}1.)

Z,sinh(yL)+ W cosh(yL)’ (5.1)

where Zg is the backing impedance of the layer, W is the characteristic impedance of the
layer and y is its propagation constant. Both W and y are complex and frequency
dependent. When the material has a solid backing (Z, = %), the single layer equation can

be written as (Dunn and Davern, 1986)

Z, =W, coth(y,L,). (5.2)

Z3 Z2 Z1

ARRRRRRRRNN

Figure 5.1 Illustration of a multi-(three-)layered system.

The impedance at the front of a composite layered material (Figure 5.1), Z;, can be
calculated by applying the single-layer equation to each material successively (Dunn and
Davern, 1986), that is,

zZ cosh(}/j L, )+ W, sinh{y, L, )
Z, =W, - ’
Z,_,sinh(y,L,)+ W, cosh(y,L,)

(5.3)
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where the subscript { refers to the i-th layer, starting from layer 1 that is closest to solid

backing.
The pressure reflection factor at normal incidence, r, is the ratio of the pressure amplitude

of the reflected wave to the incident wave in the reference plane for a plane wave at

normal incidence and can be calculated by the following equation (ISO, 1996):

Z,/pec—1
5750—“5' (5.4)

where p is the air density and ¢ is the velocity of sound in air. The relationship between r

Yy =

and the normal incidence sound absorption coefficient a, (ISO, 1996) is

o, =1-r°. (55)

Furthermore, the absolute value of the characteristic impedance W is related to r by the

following equation: (Dunn and Davern, 1986):

F‘il _1+r (5.6)
el 1-r
The propagation constant y is expressed as (Dunn and Davern, 1986)

y=a+jf, 57

where jisv—1, « is the attenuation constant and f is the wave number that is related with
the acoustic wave velocity v in the material at frequency f by the following equation

(Dunn and Davern, 1986):
2
B= i . (5.8)
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v equals ¢ when the acoustic wave is propagated in the air.

Hence, in the present work, the average quarter wavelength 1, at frequency f in an N-

layered lining composite can be calculated by

N N
1 1 L +L,+-+L 1 2L 2L
A, ==xle— —xT2 N oo —x == (5.9
4 f 4f t, af L L, Ly 4fz£
Vi Vs, Yy i=t ¥

where v, is the average sound wave velocity in the multi-layered lining composite and 7,

is the overall time that it takes the sound wave to pass the multi-layered lining composite.
Equation (5.3) can also easily handle the particular case where any of the layers is a

simple air space. The propagation constant y and characteristic impedance W of an air

space can be expressed as (Lee and Chen, 2001)

Y= jB., (5.10)
and

W=pc. (5.11)

When an air space is backed by a solid surface (Zy = ), the surface impedance of the air

space can be expressed as (Lee and Chen, 2001)
Z, =—jpccot(B, L). (5.12)
5.3 OPTIMISER

Throughout this chapter, a Genetic and Evolutionary Algorithm Toolbox for Use with
Matlab (GEATbx) (Pohlheim, 2004), incorporating Multi-Objective Genetic Algorithm
(MOGA) (Fonseca and Fleming, 1993; 1998), is applied as the optimiser to aid and speed
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up the design of the flat-walled multi-layered anechoic linings. See chapter 3 of the
present thesis for more details of EAs, MOGA and GEATbx.

5.4 APPLICATION OF FULLY-RETICULATED (OPEN-CELL)
POLYURETHANE FOAMS

All materials investigated in the early work (Davern, 1980; Dunn and Davern, 1986) on
flat-walled multi-layered anechoic linings were fully-reticulated (open-cell) polyurethane
plastic foams. Those materials do not have small fibres and have lower susceptibility to
mechanical damage than fibrous materials. Detailed research of this type of material can

be found in the work of Cummings and Beadle (1993).

Dunn and Davern (1986) studied 3 foams with steady flow resistivity in the range 380 ~
3200 SI rayl/m (Table 5.1) and reported the Delany and Bazley (1970) type curve-fitting

equations for predicting the bulk acoustic properties, W and y, that is,

W = pefl+0.114(of /o) + j(-0.0985(0f /o) 7)) . (5.13)

y = (2 /e)0.168(0f [} °™ + jl1+0.136(af /) '), (5.14)

where, f is the frequency and ¢ is the flow resistivity. For normalisation purposes, a
value of 1.2 kg/m> was used for air density and 340 m/s for sound velocity. The Delany
and Bazley (1970) type curve-fitting equations are discussed in more detail in chapter 6

of the present thesis.

Table 5.1 Measured values of steady flow resistivity in the work of Dunn and
Davern (1986)

Foam Identity Notional Number of Flow Resistivity
Pores/Linear Inch (SI rayl/m)
A 45 380
B 60 1340
C 80 3200
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Similar curve-fitting equations for predicting the bulk acoustic properties, W and y, of the
same type of material but with a wider range of flow resistivity 60 — 6229 SI rayl/m

(Table 5.2) were reported in the work of Cummings and Beadle (1993) as follows:

W = ocfl+0.0953(0F /o) %" + j{-0.0086(af /o) ), (5.15)

y = @nf [ No.167(af /o) + L+ 0.174(af 1) ™). (5.16)

Table 5.2 Measured values of steady flow resistivity in the work of Cummings and

Beadle (1993)

Notional Number of Pores/Linear Inch Flow Resistivity (SI rayl/m)
10 60
16 79
21 176
29 287
33 356
42 671
45 816
58 1724
65 2184
72 3085
87 5745
100 6229

Equations (5.13) — (5.16) indicate that a large flow resistivity value will result in large
attenuation, but at the same time, it will cause a high frontal reflection. A method of
partially overcoming this conflict is to use a multi-layered lining system. By selecting a
front layer material with appropriate characteristic impedance, one can obtain a low
primary reflection by encouraging the incoming wave train to enter the composite layer
structure. Then the inner layers of material can be selected to attenuate the wave energy
within the material as much as possible without, at the same time, causing a substantial

interlayer reflection {(Dunn and Davern, 1986).
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High correlation coefficients of the curve-fitting equations have been observed in both
Dunn and Davern (1986) and Cummings and Beadle (1993). Good agreement between
the measured (impedance tube) overall impedance of a flat-walled multi-layered system
and calculated values using the multi-layered impedance equation and the curve-fitting
equations for predicting bulk acoustic properties has also been shown in Dunn and
Davern (1986). Thisl supports the idea that the design of flat-walled multi-layered linings

can be undertaken on a desktop computer.

However, it is not advisable to use the curve-fitting equations for predicting bulk acoustic
properties beyond the range of the experimental data (Cummings and Beadle, 1993). The
most serious consequence of extrapolation is in the case of predictions at low frequencies.
See Section 6.2.2 of the present thesis for more detailed discussions. The lowest
frequency at which measurements were conducted in Davern (1980), Dunn and Davern

(1986) and Cummings and Beadle (1993) was 100 Hz.

5.4.1 Optimisation Procedure

This section explains the optimisation procedure for a flat-walled multi-layered anechoic
lining that uses a three-layered lining system composed of fully-reticulated (open-cell)
polyurethane plastic foams and targets a cut-off frequency of 100 Hz. It is considered that
frequencies below 1000 Hz are the most critical in the design of anechoic linings and thus

the EA search is limited to one-third-octave band frequencies between 100 and 1000 Hz.

5.4.1.1 Design criterion
Two scenarios are considered:
Scenario 1: Min y = (rmo (x ) Ti2s (x b5 Fiooo (%) Leras )

subject to x = (L,,m.,Lm,é'l,'-v,(Sm)E X,

y=(y.)eY, (5.17)

where the subscripts (100,125,---,1000) are the centre frequencies of a third-octave

spectrum; r is the pressure reflection factor at each corresponding frequency; L and &
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are respectively the thickness and the flow resistivity of each layer; m is the number of

layers; L

overall

=L +---+L_ is the overall thickness of the multi-layered system; x is
called the decision vector; X is the parameter space; y is the objective vector; and Y is

the objective space. The parameter space X may vary during the design process according

to the design requirement.

The goal vector of this scenario is
g:(3100’8125’“"giﬂm}’gLﬂmﬂH)s (5.18)

where the goal values for (r,{(x) 7, (), Fpo (X)) aTe €100 = 8125 ="+ = 81000 = 10%,

which are regarded as hard goals, namely, the pressure reflection over 10% at any

frequency is not acceptable. The goal value for the overall thickness of the system g,

is soft and may vary during the design process. The three cases, Case A, Case B and Case

C, presented in the Section 5.4.1.4.1 are examples of Scenario 1.

Scenario 2: Min y = (rm(x), !'125(35),"', Ti000 (x))
SllbjeCt o x= (Lls“‘,Lms§;s"‘9§m )E X n (L1+3“"+Lm = Loveml!_ﬂzed )’

y={y. .y, )EY. (5.19)

In this scenario the overall thickness of the system is set to a fixed value L, s, - The

goal vector of this scenario is

£ = {81007 8125>" "> Brom0 ) (5.20)
where g, = 8125 =" = 81000 = 10% and has to be reached at the end of the design. This

scenario can be a situation where the overall thickness of a certain multi-layered lining

system, which meets the design criterion of the anechoic lining, is known due to some
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prior knowledge, and where the designer wants to know the possible compositions of the

system. Case D presented in Section 5.4.1.4.2 is an example of Scenario 2.

5.4.1.2 Constraint handling
The definitions of the above two scenarios indicate that the first scenario is only

constrained by the bounds on the decision variables (LE,---,Lm,(?I,---,é'm). However, in
addition to the bounds on the decision variables, the second scenario is also constrained

by a linear relationship (L] et L, =L pre )
The constraint imposed by bounds on the decision variables can be simply handled by

mapping the search space to minimise the number of infeasible solutions it contains,

while that imposed by the linear relationship (L1 et =L, 0 ﬁm,) is handled by

(el

converting it to a penalty function and adding it to the objective function before fitness is

computed, that is,

Zi/pc_l
Z,/pc+1

+ ’(1(‘[’1 AR ’+Lm ) - anemﬁ _fixed | * (5'21)

where x is a scalar factor used to tighten or loosen the constraint. As the acceptable

range of r is 0<r<10%, the maximum violation of the constraint

|(L1 oL, )= Lot snea| 15 limited to 0.01 m when the scalar factor & is set to 1000.

Penalty functions provide a way of guiding the search toward feasible solutions but they
are problem dependant. Guidelines for applying penalty functions to handle constraints
and the introduction of some other constraint handling techniques can be found in chapter

3 of this thesis.
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5.4.1.3 Parameter settings of GEATbx

For every operation of the EA using GEATbx, the settings for some of the relevant

parameters were as follows:

representation of variables: real value since the bulk acoustic properties of the
material are calculated using Equations (5.13) — (5.16) and it is assumed that any
required thickness of the material is available.

fitness assignment: multi-objective rank-based fitness assignment (Fonseca and
Fleming, 1993; 1998). See chapter 3 of this thesis for more details.

evolutionary operator for selection: stochastic universal sampling (SUS) (Baker,
1987) which works on both real-value and integer-value data representation.
Using this selection method, the individuals in the population are mapped onto
contiguous segments of a line, such that each individual’s segment is equal in
length to its fitness. Equally spaced pointers, as many as the number of
individuals to be selected, are placed along the line. This selection method has the
advantage of providing zero bias and minimum spread during the selection.
evolutionary operator for recombination: discrete recombination (Miihlenbein and
Schlierkamp-Voosen, 1995) which performs an exchange of variable values
between the parents. For each variable position of the offspring, the parent
contributing its variable to the offspring is chosen randomly with equal
probability. Discrete recombination can be applied to all (real-value, integer-value
and binary-value) variable representations.

recombination rate: 1. This means all parents have the possibility of contributing
to the value of each variable of the offspring.

evolutionary operator for mutation: real-value mutation function (Pohlheim,
2004).

mutation rate: 1. This means that, on average, 1 variable per individual is to be
mutated.

mutation range: 0.02. This means the initial mutation step sizes will be 0.02 times
the domain of each variable.

population size: 100. This means there are 100 individuals (solutions) per

population.

76



e generation gap: 0.9. This means 90% of the population to be reproduced every
generation.

e termination method: maximum number of generations which is set 100. This
means the maximum number of generations an optimisation runs is 100 and when
this number is reached the optimisation terminates.

All the other internal parameters necessary for operating GEATbx were set to their
default values. Details of these parameters and guidelines for setting them can be found
in Pohlheim (2004). The initial population was generated randomly by the program. The
computer (a desktop PC with Intel® P4 processor and 256 Mb RAM) time for each
operation with the above set of parameters varied from 60 seconds to 100 seconds
depending on the complexity of the search task. The non-dominated set yielded by each
operation — which provided the decision maker (DM) with insight into the characteristics
of the problem — was saved in a standard spreadsheet. Ten operations were conducted

before any decision was made.

5.4.1.4 Searching process
The searching process for the optimum results of the two scenarios previously introduced

in Sectton 5.4.1.1 is shown below.

5.4.1.4.1 First scenario optimisation

Three cases were involved in the first scenario optimisation. In Case A, three materials
originally investigated by Davern (1980) were chosen for the construction of the multi-
layered lining system; in Case B, the materials with the steady flow resistivity in the
range of 380 — 3200 SI rayl/m (Dunn and Davern, 1986) were considered; and in Case C,
the materials considered had a greater steady flow resistivity in the range of 60 — 6229 SI

rayl/m (Cummings and Beadle, 1993).
As introduced in chapter 3 of this thesis, the searching process using MOGA is an

interactive and progressive process between the DM and the algorithm. The process

begins with the prior information based on the work of Davern (1980).
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As previously mentioned, Davern (1980) showed that a flat-walled, multi-layered,
anechoic lining, with Foam C as Layer 1 (against the solid back), foam B as Layer 2 (the
mid layer) and Foam A as Layer 3 (the front layer), can achieve a cut-off frequency of
110 Hz with overall thickness of the system, 0.727 m, slightly less than a quarter of a

wavelength in the air at the cut-off frequency.

Case A:

On the basis of the prior information, the decision space was set to &,=3200 SI rayl/m,
0 ,=1340 SI rayl/m, §,=380 SI rayl/m, and 0.001 ms< L,,L,,L, £ 0.85 m. The goals
were sel 10 €100 = 8155 = ** = &0 = 10%, and g,  =0.85 m. 0.85 m corresponds to a

quarter of the wavelength in the air at the cut-off frequency of 100 Hz. The minimum
thickness was set to 0.001 m to avoid the ‘divided by zero’ type error. All solutions,
provided by the EA and meeting the anechoic lining design criterion, namely the goals
set for g, tO g,00. are shown on Figure 5.2. The minimum overall thickness of the
system provided by this set of solutions was 0.802 m, which indicated that the goal set for

g, was slightly over-attained. Hence, the goal for g .., Wasresetto 0.8 m.

0.45
—- X
£ os T |
g 0.35 1 e 1l | —e—Back Layer
) HERE: .
ﬁ .30 (L1)YThickness
§ 0.25 1 —e— Mid Layer
5 0.20 | {(L2)Thickness
2 0.15 -5~ Front Layer
@ .
£ 0.10 {L3)Thickness
L34
£ 0.05
e

0.00

0.80 0.81 0.82 0.83 0.84 0.85
Overall Thickness of the System (m)

Figure 5.2 Search results of Case A. Thickness of each layer vs. overall thickness of the

system.
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The EA was repeated with the tightened goal for g, . However, no solution was found

by the EA with less overall thickness. Hence it was decided that the EA had found the
optimum solutions for Case A. Other preferable solutions may exist. However, they are
probably more difficult to find given the encoding structure for the chromosomes and the

associated genetic operators.

Case B:

It was assumed that the curve-fitting equations, Equations (5.13) and (5.14), for
predicting the bulk acoustic properties of fully reticulated polyurethane plastic foams
developed by Dunn and Davern (1986) could be used not only for the three materials
listed in Table 5.1 but also for the same type of materials with steady flow resistivity in
the range of 380 — 3200 SI rayl/m. The decision space in this case was set to 380 SI
rayl/m < 6,,6,,9, < 3200 SI rayl/m and 0.001 m <L,,L,,L, <0.85 m. The goals were

SEL 1O 8100 = Z25 =+ = &ip00 = 10%, and g, = 0.8 m. With the goal g,  setto0.8

m, it was hoped that the EA could find solutions with overall thicknesses less than the
minimum overall thickness, 0.802 m (found in Case A). The minimum overall thickness
of the system found by EA in this case was 0.79 m. The solutions that meet the anechoic
lining design criterion and have the overall thicknesses between 0.79 m and 0.802 m are

shown in Figure 5.3.
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E 035
P 0y
% 0.30 —e— Back Layer
- . L1)Thickness
5 0.25 P { -)
8 0.20 ﬂ_ —s— Mid Layer
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o 0.15
w Y & ~ Front Layer
§ 0.10 (L3)Thickness
-t
o
= 0.05
s

0.00

0790 0792 0794 0796 0.798  0.800
Overall Thickness (m)
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Figure 5.3 Search results of Case B. (a) Thickness of each layer vs. overall thickness of

the system. (b) Steady flow resistivity of each layer vs. overall thickness of the system.

The goal for g,  was also set to 0.7 m, 0.75 m and 0.79 m. However, no solution was

found by the EA with the overall thickness less than 0.79 m.

Case C:

Cummings and Beadle (1993) investigated the same type of fully reticulated
polyurethane plastic foam materials but with a wider range of flow resistivity, 60 — 6229
SI rayl/m (Table 5.2), and developed similar curve-fitting Equations (5.15) and (5.16). In
this case, in lieu of Equations (5.13) and (5.14), Equations (5.15) and (5.16) were used
for predicting the bulk acoustic properties. Correspondingly the decision space in this

case was set to 60 SI rayl/m <4,,9,,0; < 6229 Sl ray/m and 0.001 m <L ,L,,L, <
0.85 m. The goals were set t0 8,49 = £125 =" = & 190 =10%, and g, = 0.8 m It was

hoped that with a greater choice of materials, solutions with less overall thickness could
be found. The results produced by the first few operations of EA indicate that an overall

thickness as thin as 0.61 m, slightly less than a fifth of the wave length at 100 Hz, was
achievable. By further gradually tightening the goals for g,  from 0.68 m (a fifth of
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the wave length at 100 Hz) to 0.57 m (a sixth of the wave length at 100 Hz), the
minimum overall thickness found by the EA was 0.529 m. The solutions that meet the
anechoic lining design criterion and have the overall thickness between 0.529 m and 0.68
m are shown in Figure 5.4. Table 5.3 presents the solution with the minimum overall
thickness, 0.529 m, and Table 5.4 shows the corresponding pressure reflection factor at
the frequencies from 100 to 1000 Hz.

Table 5.3 The solution with the minimum overall thickness (0.529m)

BackLayer | MidLayer | FrontLayer | BackLayer | MidLayer | FrontLayer
(L1) L2 (L3) (L1) Flow (L2) Flow (L.3) Flow
Thickness | Thickness | Thickness | Resistivity | Resistivity | Resistivity
(m) {(m) {(m) (SI rayl/m) | (SI rayl/m) | (SI rayl/m)
0.121 0.153 0.255 6188 1707 417

Table 5.4 Corresponding pressure reflection factors (%) of the solution with the

minimum overall thickness (0.529m)

100 125 160 200 250 | 315 400 500 630 800 | 1000
Hz Hz Hz Hz Hz Hz Hz Hz Hz Hz Hz
9941 | 1.409 | 6.318 | 9.876 [ 8.533 | 1.677 | 7.410 | 9.026 | 4.501 | 7.181 | 5.155

In the above interactive and progressive optimisation process, goals were supplied
interactively at each EA operation. The DM could then reduce the size of the solution set
gradually while learning about the trade-off between objectives. The variability of the
goals acts as a changing environment to the EA. A more general introduction of
interactive and progressive articulation optimisation process and its advantages and

disadvantages can be found in chapter 3 of this thesis.
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Figure 5.4 Search results of Case C. (a) Thickness of each layer vs. overall thickness of

the system. (b) Steady flow resistivity of each layer vs. overall thickness of the system.

5.4.1.4.2 Second Scenario Optimisation

During the design process, the overall thickness for a certain multi-layered system, which
can meet the design criterion of the anechoic lining, is sometimes known due to some
prior knowledge. What is not known, and which is of interest to the designer, is the

possible compositions of the system. Case D gives an example of this scenario.
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Case D:

The results found in Case A in Section 5.4.1.4.1 indicate that a flat-walled, multi-layered,
anechoic lining, with Foam C as Layer 1 (which is against the solid back), Foam B as
Layer 2 (the mid layer) and Foam A as Layer 3 (the front layer), can achieve a cut-off
frequency of 100 Hz with a minimum overall thickness of 0.802 m. The designer may
want to know the required thickness for each layer if the overall thickness is 0.85 m.

Hence, the decision space in this case was set to §,=3200 SI rayl/m, &= 1340 S1rayl/m,
5,=380 SIrayl/m, 000l m< L,,L,, L, < 085m,and L, + L, + L, =L, ges =085 m
The goals were set t0 g4y = 8125 =" = 81000 = 10% . The objective function with the
penalty itern can be written as

Zi/ 0oc -1

=‘_

Z./pc+l

+1000x|(L, + L, + L, }—0.85]. (5.22)

This limits the possible maximum violation of the constraint to 0.01m as explained in
Section 5.4.1.2. Figure 5.5 shows the search results provided by the EA. The maximum

violation of the constraint of this set of results was only 0.00065m.
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Figure 5.5 Search results of Case D. Thickness of each layer vs. overall thickness of the

system.
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5.4.1.5 Verification of searching results

As the bulk acoustic properties of the materials in the above searching process were
calculated using curve fitting Equations (5.13) — (5.16), the materials found by the EA
were ideal and might not be commercially available. Hence, the verification of searching

results can only be carried out theoretically.

Davern (1972) proved that to achieve the criterion of a maximum of 10% pressure
reflection (which corresponds to a normal absorption coefficient of 99% or better) for an
anechoic lining, the real and imaginary parts of the specific acoustic impedance ratio

should lie on, or within, the circle defined by the equation:

2 A
(_R-—l.OZJ +(i] = (0.202), (5.23)
pe pe

where R and J/ are respectively the real part and imaginary parts of the normal incidence

acoustic impedance and % and —é—c- are respectively the specific normal acoustic

resistance and specific normal acoustic reactance. All results found by the EA agree with
this principle. For instance, Table 5.5 shows the calculated results of Equation (5.23) for

the solution with the minimum overall thickness as shown in Table 5.3.

Table 5.5 Calculated results of Equation (5.23) for the solution with the minimum
overall thickness (0.529m)

Frequency 100 125 160 200 250 315 400 500 630 800 1000
Hz Hz Hz Hz Hz Hz Hz Hz Hz Hz Hz

Calculated Results

of Equation (5.23) 0.04 | 0001 | 0016 | 0.04 | 0.028 0 0.023 | 0.032 | 0.007 | 0018 | 0.0L1

5.4.2 A Detailed Investigation on the Application of Maulti-layered Polyurethane
Foams as Flat-walled Anechoic Linings

Using the same optimisation process as introduced in the above section, a detailed
investigation was carried out on the application of multi-layered polyurethane foams as

flat-walled anechoic linings. Curve-fitting Equations (5.15) and (5.16) developed by
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Cummings and Beadle (1993) for a flow resistivity range between 60 and 6229 SI rayl/m
(Table 5.2) were used to calculate the acoustic bulk properties of the material. The
investigation included the following aspects: the efficacy of a single layer of material, the
minimum number of layers of linings to achieve the minimum overall thickness for low
(100 Hz), mid (250 Hz) and high (500 Hz) cut-off frequencies, the use of the three-
layered lining composite for low to mid cut-off frequencies and the effect of air gaps. The
investigation results provide the benchmark and guidelines for the design of flat-walled

multi-layered anechoic linings.

5.4.2.1 Single layer

First, the performance of a single layer of material for three cut-off frequencies between
100 and 500 Hz is investigated. Figure 5.6 shows the minimum thickness of a single layer
of material as a function of the cut-off frequency. Figure 5.7 shows the required flow
resistivity of the single layer of material, which has the minimum overall thickness for

the corresponding cut-off frequency.

Figure 5.7 indicates that with a decrease in the cut-off frequency from 500 to 100 Hz the
required flow resistivity of a single layer of material is reduced from 1400 to 280 SI
rayl/m and there is a near linear relationship between the cut-off frequency and required

flow resistivity of the single layer of material, which can be approximately expressed as

o=282xf —7.82, (5.24)

where f. is the cut-off frequency ranging from 100 to 500 Hz. Figure 5.6 indicates that,
with a decrease of the cut-off frequency from 500 to 100 Hz, the minimum thickness for
a single layer of material is substantially increased, and to achieve the required cut-off
frequency the minimum thickness of the single layer material needs to be equivalent to
the wavelength at the corresponding cut-off frequency. Hence, it is not effective to use

just a single layer of material as the flat-walled anechoic lining.
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Figure 5.6 Minimum thickness of a single layer of material as a function of cut-off
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Figure 5.7 Flow resistivity of the single layer of material, which has the minimum
thickness for achieving the corresponding cut-off frequency, as a function of the cut-off

frequency.
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5.4.2.2 Number of layers

As discussed previously, employing multi-layers of material can partially overcome the
reflection versus attenuation conflict and make the use of flat-walled anechoic linings
more attractive. Thus, in the design of the flat-walled multi-layered anechoic lining it is
important to determine for a certain cut-off frequency the minimum number of layers of

linings to achieve the minimum overall thickness.

The dependency of the minimum overall thickness on the number of layers is
investigated for three cut-off frequencies, 100 Hz, 250 Hz and 500 Hz. The results of this

investigation are shown in Figure 5.8.
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Figure 5.8 Minimum overall thickness as a function of the number of layers.

These results indicate that

a) For low (100 Hz) and mid (250 Hz) cut-off frequencies, a two-layered composite is
still not sufficiently effective to overcome the reflection versus attenuation conflict.
However, the minimum overall thickness can be significantly reduced by employing a
three-layered composite in lieu of a two-layered one. The effect is more pronounced

for the low cut-off frequency. An increase in the number of layers from three to six
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can not further reduce the minimum overall thickness of the multi-layered lining
composite. Therefore, for low and mid cut-off frequencies, the minimum number of
layers of linings required to achieve the minimum overall thickness is three.

b) For high (500 Hz) cut-off frequency, the minimum number of layers of linings
required to achieve the minimum overall thickness is two as the minimum overall
thickness can not be further reduced by increasing the number of layers from two to

six.

5.4.2.3 Three-layered lining composite

In most practical situations the cut-off frequency of an anechoic lining will be required to
be no more than 250 Hz. Therefore, a three-layered lining composite will be of most
interest. Figure 5.9 shows the minimum overall thickness of a three-layered lining
composite as a function of the cut-off frequency. Figures 5.10 and 5.11 respectively show
the required thickness and flow resistivity of each individual layer of the three-layered
lining composite, which has the minimum overall thickness for the corresponding cut-off

frequency.

Figure 5.12 shows the ratio of the minimum overall thickness of the three-layered lining
composite to the average quarter wavelength in the composite as a function of the cut-off
frequency. Figure 5.13 shows the ratio of the minimum overall thickness of the three-
layered lining composite to the quarter wavelength in the air as a function of the cut-off

frequency.
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Figure 5.9 Minimum overall thickness of a three-layered lining composite as a function
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Figure 5.10 Thickness of each individual layer of the three-layered lining composite

which has the minimum overall thickness for achieving the corresponding cut-off

frequency, as a function of the cut-off frequency. The back layer is the layer that is

closest to the solid backing; the front layer is the layer that faces the air; and the mid layer

is the layer in between the back layer and the front layer.
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Figure 5.11 Flow resistivity of each individvual layer of the three-layered lining
composite, which has the minimum overall thickness for achieving the corresponding
cut-off frequency, as a function of the cut-off frequency. The back layer is the layer that
is closest to the solid backing; the front layer is the layer that faces the air; and the mid

layer is the layer in between the back layer and the front layer.
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Figure 5.12 Ratio of the minimum overall thickness of the three-layered lining composite
to the average quarter wavelength in the lining composite, as a function of the cut-off

frequency.
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Figure 5.13 Ratio of the minimum overall thickness of the three-layered lining composite

to the quarter wavelength in the air, as a function of the cut-off frequency.

From Figure 5.9 to Figure 5.13 one can observe the following:

a)

b)

<)

d)

The mimimum overall thickness of the three-layered lining composite is close to the
average quarter wavelength in the composite for cut-off frequencies between 100 and
200 Hz. It is becoming closer to the quarter wavelength in the air with the increase of
cut-off frequency from 200 to 250 Hz.

For the three-layered lining composite the material with low flow resistivities should
be placed in front of the material with high flow resistivities.

For the material investigated to achieve a cut-off frequency between 100 and 250 Hz,
the required flow resistivity for each layer of material in the three-layered lining
composite basically does not vary with the cut-off frequency. The average flow
resistivity for the front layer of material is 400 SI rayl/m, which is close to the
characteristic impedance of the air, and the average flow resistivities for the mid layer
and back layer are 1700 and 6200 SI rayl/m respectively.

The required thickness of the back layer basically does not vary with the cut-off
frequency and is around 0.125 m. The thicknesses of the front layer and the mid layer

have to be increased to achieve the decreased cut-off frequency.
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5.4.2.4 Effect of air gaps

In a practical situation, when the flat-walled multi-layered lining is not installed properly,

air gaps may exist between the lining and the solid back wall and between layers of lining

material. Figure 5.14 shows how the air gaps, ranging from O m to 0.03 m, affect the

pressure reflection factors of the three-layered lining composite with the minimum

overall thickness for achieving a cut-off frequency of 160 Hz. It indicates that, with the

presence of air gaps, the pressure reflection factors at certain frequencies may exceed the

requirement for an anechoic lining (10%) by up to 6%, although they may also be

reduced at some other frequencies, especially at frequencies lower than the cut-off

frequencies. A similar effect caused by air gaps on the optimum lining composites for

other cut-off frequencies can be observed.
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Figure 5.14 Effect of air gaps, ranging from O m to 0.03 m, on the pressure reflection
factors of the three layered lining composite with the minimum overall thickness for
achieving a cut-off frequency of 160 Hz. The back layer is the layer that is closest to the
solid backing; the front layer is the layer that faces the air; and the mid layer is the layer
in between the back layer and the front layer. (a) With an air gap between the solid back

wall and the lining composite. (b) With an air gap between the back layer and the mid
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layer of the lining composite. (c) With an air gap between the mid layer and the front
layer of the lining composite. (d) With air gaps between the back layer and the mid layer
and between the mid layer and the front layer of the lining composite. (e) With air gaps
between the back solid wall and the back layer, between the back layer and the mid layer

and between the mid layer and the front layer of the lining composite.

5.5 APPLICATION OF FIBROUS BUILDING INSULATION MATERIALS: AN
APPLICATION CASE

The MARCS Auditory Laboratories at the University of Western Sydney recently
decided to construct an anechoic room for its research in the area of speech
communication and auditory processes. The internal size of the room is 4500 mm long,
3600 mm wide and 3500 mun high. The maximum anechoic lining thickness was limited
to 300 mm due to the small size of the room, and the desired cut-off frequency was 250
Hz. As the budget for the project was limited, the conventional anechoic lining system
using individual units such as wedges was not affordable. An alternative anechoic lining

system, flat-walled multi-layered anechoic linings, was therefore required.

5.5.1 Fibrous Building Insulation Materials Investigated

The material investigated in the above Section 5.4 is fully-reticulated (open-cell)
polyurethane foams. The detailed investigation results provide the benchmark and
guidelines for the design of flat-walled multi-layered anechoic linings. However, the
materials found by the EA might not be commercially available because the bulk acoustic
properties of the materials in the above searching process were calculated using curve
fitting Equations (5.13) — (5.16) and it was assumed that any required thickness of the
material was available. The MARCS Auditory Laboratories was also reluctant to use
polyurethane foams for the anechoic lining material because of the fire hazard and
mechanical durability problems related to this type of material. Thus fibrous materials

were required.
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Hence, sixteen of the most commonly used commercial fibrous building insulation
materials available in Australia were then investigated as the pool of materials for
consideration. Measurements of thickness, density, and flow resistivity (ASTM, 2003) of
each material were made and results of these measurements are presented in Table 5.6.
The bulk acoustic properties of each material were also measured using a two-thickness
method (Smith and Parrott, 1983). Generally, the cost for the glasswool type material is
higher than the polyester type material.

Table 5.6 Fibrous building insulation materials investigated

Type Material Fixed Thickness Density (kg/m3) Flow Resistivity
1D {mm) (Pas/m)
Low-density Glasswool 1 50 104 3190
2 25 20.0 11180
Mid-density Glasswool 3 25 295 12378
4 25 30.0 13915
High-density Glasswool 5 23 108.0 47637
. . 6 25 33.0 6221
Mid-density Polyester 5 5% 300 =153
8 25 10.5 1410
9 35 7.9 453
10 65 8.8 535
11 75 10.8 458
Low-density Polyester 12 83 10.8 594
13 90 11.6 6359
14 30 9.6 562
15 40 3.2 483
16 50 9.3 663

5.5.2 Application of GEATbx

In terms of the application of GEATbx, the main differences from that introduced in
Section 5.4 are the data presentation and the corresponding evolutionary operators. In
Section 5.4 the bulk acoustic properties of the material were calculated using curve fitting
Equations (5.13) — (5.16) and it was assumed that any required thickness of the material
was available. Hence, variables were represented as continuous real values and real
valued evolutionary operators were applied accordingly. However, in the present
application the sixteen materials investigated all have their own measured bulk properties
and fixed thicknesses and the overall thickness of a material can only be multiples of its

fixed thickness, that is, variables in the present work all have a discrete nature. In other
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words, the present optimisation problem is a combinatorial-type problem. In order to
apply GEATbx, the bulk properties and fixed thicknesses of the materials were organized
into matrices with the index of each column of the matrix, ranging from one to sixteen,
representing each material. Another variable required is the integer multiples of the fixed
thickness of each material. During the EA searching process, the program would pick up
the material of interest by pointing at the corresponding column of the matrix and vary
the overall thickness of the material by assigning a certain integer multiple. In other
words, the EA works on the integer value representation. Accordingly, the evolutionary
operators (stochastic universal sampling selection (Baker, 1987), discrete recombination
{Miihlenbein and Schlierkamp-Voosen, 1995), and integer mutation function (Pohlheim,

2004), which can work with integer value representation, were applied in the GEATDbX.

5.5.3 Optimisation Results

In this case, a three-layered lining system was investigated because of its high efficacy
compared with a two-layered lining system as indicated in Section 5.4. Taking into
account the expected errors resulting from Equation (5.3) and the measurements of the
materials’ bulk properties, it was considered that a reflection factor of no larger than 12%
was acceptable during the EA search. It was also considered that frequencies below 1000
Hz were the most critical ones in the design of anechoic linings and thus the EA search
was limited to one-third-octave band frequencies between 250 and 1000 Hz. Table 5.7

shows the optimization results provided by GEATbx.

Using the sixteen materials investigated, the program found fourteen options (i.e.,
material combinations) that could achieve a 250 Hz cut-off frequency with an overall
thickness of the lining system no larger than 300 mm. Among the fourteen options,
Options 2 and 12 are the cheapest because the least amount of glasswool material was
required. There were two reasons that the cost was not included as one of the
optimisation goals. The first is that the primary concern of the optimisation is the
physical performance of the lining system; and the second reason is to reduce the time for

running the optimisation program.
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The only difference between Options 2 and 12 was that Option 12 uses 40 mm more of
Material 15 for Layer 3 than Option 2 does. The absorption performances of Options 2
and 12, in terms of the pressure reflection factor, were measured using an impedance tube
(ISO, 1996). The measurement results, with the predicted ones, are presented in Figure
5.15. Various situations could cause the difference between the measured pressure
reflection factors presented and predicted ones. Firstly, it may be due to the errors
resulting from the determination of bulk acoustic properties using the two-thickness
method (Smith and Parrott, 1983), which requires that two test samples have identical
bulk acoustical properties and that there is no variation associated with the mounting of
test samples between measurements. Although during the measurement, samples were
carefully selected and the mounting of test samples was in accordance with the standard
(ISO, 1996), it could not be guaranteed that there were no variations between test samples
and between the mountings of test samples. In addition, because test material samples are
available in only one thickness, in order to use the two-thickness method, samples had to
be doubled up to achieve twice the original thickness, which introduced an unpredictable
“interface impedance” effect. For this and other reasons, a detailed review of, and
investigation into, different methods for determining bulk acoustic properties of rigid
porous media are carried out in chapter 6 of the present thesis. Secondly, it may be due to
the limitations of the experimental apparatus, for instance, the resonances of impedance
tube at low frequencies. Unfortunately, all the above errors are unpredictable and

unquantifiable.

Since the measured pressure reflection factors of Option 2 at frequencies of 250 Hz and
315 Hz are larger than 12, it was decided to apply Option 12 as the lining system for the

anechoic room in the MARCS Auditory Laboratories.

Table 5.7 Optimization results
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Material ID of Each Muitiples of the Fixed Overail Pressure Reflection Factor (%) at Each Frequency
Layer Thickness of Each Thickness
Layver’s Material of the
Option | Layer | Layer | Layer | Layer | Layer | Layer ;;;‘t‘:; 250 | 315 | 400 | 500 | 630 | s00 | 1
D 1 2 3 1 2 3 cmm) Hz Hz Hz | Hz | Hz Bz | kHz
1 4 t 16 7] 2 ! 250 9.6 7.7 172 | 45 | o8 4.6 6.3
2 7 1 15 3 2 2 233 13 2.6 6.2 8.4 4.5 1.3 11.6
3 5 2 L5 2 4 3 270 8.6 8.4 3.7 1.5 0.7 6.1 8.0
&4 2 )] 16 5 2 1 275 10.2 163 5.1 7.4 4.9 2.6 4.7
5 7 I 1) 3 3 1 275 8.1 11.6 8.2 9.1 4.4 3.9 312
6 E ] 15 2 3 2 280 7.6 26 3.6 10.1 7.5 2.5 10.2
7 4 1 15 2 3 2 280 7.0 3.3 9.1 10.4 7.t 2.3 9.3
8 2 1 15 4 2 2 280 4.2 6.5 6.2 7.0 30 0.9 [1.B
9 2 f 15 2 3 2 280 8.0 0.8 8.5 10.3 7.9 32 10.1
16 7 3 15 2 3 2 280 5.6 50 10.3 1.3 6.9 2.1 11.2
11 5 i 15 2 3 2 280 $.9 8.1 4.4 4.1 53 6.6 5.3
12 7 ) 15 3 2 3 295 5.9 k1.7 9.6 2.3 3.6 7.2 11.3
13 5 1 16 2 4 11 300 8.4 10.3 7.8 105 | 6.0 3.2 14
14 7 1 16 4 3 3 300 11.0 P11 6.9 6.5 3.0 5.6 33
18
16 —e— Option 2 (measured)

—s— Option 12 (measured)
---a~- Option 2 (predicted)
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Figure 5.15 Prediction results and impedance tube measurement results of Option 2 and

Option 12.
5.5.4 Installation of the Lining

Layers of insulation materials were attached to each other and to the internal surfaces of

the room using spikes affixed to the internal surfaces of the room. Care was taken to
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eliminate air cavities between the layers of insulation materials and between the internal

surfaces of the room and the innermost layer of insulation material.

At the joints where two sheets of the same layer of material meet each other, large gaps
were avoided by placing them tightly together. The joints at different layers were
staggered to ensure that they did not overlap. Also, at the corners of the room, multi-
layers of insulation material were staggered to ensure that their edges overlapped. Figure
5.16 provides an illustration of the arrangement of muiti-layered materials. For the layer

that is exposed to the air the adjoining sheets of material were loosely sewn together.

L L L L L L L L L
— layer 1

Figure 5.16 Installation of arrangements of multi-layered materials.

layer 3

NN NN

5.5.5 Qualification of the Completed Anechoic Room

The completed anechoic room, as shown in Figure 5.17, was qualified in accordance with
the procedure set out in ISO 3745:2003 (ISO, 2003). The sound source was located so
that the assumed position of its acoustic centre was at the geometric centre of the room.
Five straight microphone traverses were used. Four of the five traverses were from the
geometric centre of the room to the room corners (the lower southeast, lower southwest,
upper northeast and upper northwest corners) and lay in an imaginary plan that passed
through the geometric centre of the room. The fifth traverse was from the geometric
centre of the room to the west wall, which is one of the parallel walls closest to the
geometric centre of the room. One-third-octave band-filtered pink noise with the

sequential midband frequencies from 250 to 10 kHz was used as the test signal. The test
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signal was generated and digitally filtered (IEC, 1995) using Matlab (MathWorks, 2002).
For the five traverses, the measurement of the sound pressure level was carried out
starting 0.5 m from the geometric centre of the room and extending to the maximum
distance that the measurement microphone could reach. The spacing between the

measurement points was 0.1 m.

3600 mm |

g

4500 mm

o

AN

N

b) Elevation view

Y

Figure 5.17 Sketch of the completed anechoic room in the MARCS Auditory

Laboratories at the University of Western Sydney.

5.5.5.1 Measurement equipment

For the qualification of the room the directionality of the sound source must be uniform
to within the allowable deviations as set out in ISO 3745:2003 (ISO, 2003). These limits
are reproduced in Table 5.8. For the midband frequencies below 800 Hz, a Bruel & Kjaer
Type 4296 OmniPower Loudspeaker, which meets the requirements of ISO 140-3 (ISO,
1995; Bruel & Kjaer, 2005), was used as the sound source (ISO, 2003). For the higher
frequency bands from 800 to 10 kHz, a compression driver (TOA Electric TU-50)
attached to a 1.5 m long and 6 mm inner diameter cylindrical tube was used as the sound

source (ISO, 2003). The compression driver was acoustically shielded by a box wrapped
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with mass-loaded vinyl material. As there was no directionality information for the
custom-made high frequency sound source, its directionality was measured in accordance
with the procedure set out in ISO 3745:2003 (ISO, 2003). The measurement was
conducted in an anechoic room, with a 50 Hz cut-off frequency (Australian National
Acoustic Laboratories, 2003), at the Australian National Acoustic Laboratories. Figure
5.18 shows the measured deviations in directionality of the custom-made high frequency

sound source.

Table 5.8 Maximum allowable deviation in directionality of the sound source for an
anechoic room qualification as per ISO 3745:2003 (ISO, 2003)

One-third-octave Allowable deviations

band frequency (Hz) in directionality (dB)
800 to 5000 +2.0
6300 to 10000 +2.5
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Figure 5.18 Measured deviations in directionality for the custom-made high frequency

sound source.
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During the measurements a reference microphone was located at an arbitrary but fixed
position in the room to check the variation of the sound source output. The drift of the
sound power level of the sound sources (with the associated signal generation and
amplification system) in any one-third-octave band, from 250 to 630 Hz for the low
frequency sound source and from 800 to 10 kHz for the high frequency sound source,

was less than = 0.2 dB at any time during the measurement.

Other equipment used in the measurement of the room was:

(1) RME Hammerfall DSP Multiface Sound Card (24 bit/96 kHz multichannel interface);

(2) RME ADI-96 Pro 24 bit/96 kHz DSP based A/D converter and conditioning
amplifier;

(3) adigital SPDIF cable connecting the above sound card and A/D converter;

(4) Hafler P3000 Power Amplifier;

(5) Bruel & Kjaer Type 2804 Microphone Power Supply;

(6) Bruel & Kjaer Type 4190 Microphone with Bruel & Kjaer Type 2669 Microphone
Preamplifier.

5.5.5.2 Qualification results

The maximum allowable deviation of the measured sound pressure levels from the
theoretical levels, using the inverse square law as per 1SO 3745:2003 {ISO, 2003), is
reproduced in Table 5.9. Figure 5.19 shows the measured deviations for the traverse into
the lower southeast corner of the room. Similar results can be observed for the traverses
into the other corners. Figure 5.20 shows the measured deviations for the traverse into the

west wall of the room.

The qualification results indicate that

(1) a minimum anechoic distance of 2.1 m is achieved for the traverses to the four
corners that are on an imaginary plane passing the geometric centre of the room. This
approximately corresponds to 75% of half of the diagonal distance (without taking

into account the anechoic lining thickness) of the imaginary plane.
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(2) a minimum anechoic distance of 1.3 m is achieved for the traverse to one of the walls

closest to the geometric centre of the room. This approximately corresponds to 85%

of half the distance (without taking into account the anechoic lining thickness)

between the two parallel walls closest to the geometric centre of the room.

Table 5.9 Maximum allowable deviation of measured sound pressure levels from the

theoretical level using the inverse square law in an anechoic room as per ISO

3745:2003 (ISO, 2003)
One-third-octave band frequency (Hz) Allowable deviations (dB)
< 630 + 1.5
800 to 5000 +1.0
> 6300 +1.5
N — a1 250 Hz
» ) . - 03 - - . . . - » . - % 315 Hz
a & S . . - - - . . P - » - » 4 400 Hz
3;,, - - . . [} . . * e . 3 . . ¢ 500 Hz
) - Y . . - - - » . 3 - - - s « 630 Hz
g ¥ L] [ [ = ) ] . - ¥ & a = 800 Mz
% F o v v % % . 9w o . L I 1 kHz
g 4 TR ) L3 — e . L) M L] 1.25 kHz
g L] w 0 0 L] r . 0 ] Yy . L P 1.6 kHz
g - & - - . - [ L] - - - L] [] . 2 kHZ
'E bl & - [ . L] - - * '] L ] k] - 2.5 kHZ
S o e e e " — C— s s =¥ 3.15kHz
-é - hd hod w o Py - ' [] L L L 4 kHz
% ¥ " 2 a2 a " T _ s " a s % % 5 kHz
= . [ - - . . - - - - - * - - ¢« 8.3 kHz
8 4 e % =+ = . = . s . . . ¢« & L BkMz
¢ . . P Py - . » e« 3 . - [ « +» «10kHz
0.5 1 15 2

Distance from the sound source (m)

Figure 5.19 Measured deviations for the traverse into the lower southeast corner of the

room. The frequency labels along the right vertical axis define the position of the 0 dB

deviation for that frequency; the lines above and below the 0-dB position are the

permissible variations from free-field performance in accordance with Table 5.9.
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Figure 5.20 Measured deviations for the traverse into the west wall of the room. The
frequency labels along the right vertical axis define the position of the 0 dB deviation for
that frequency; the lines above and below the 0-dB position are the permissible variations

from free-field performance in accordance with Table 5.9.

5.6 CONCLUSIONS

Simplicity of production and mounting make the flat-walled, multi-layered anechoic
lining an attractive option in the design considerations of anechoic chambers. Previous
investigations indicated that a flat-walled, multi-layered anechoic lining system, with an
overall thickness slightly less than a quarter of a wavelength, could be used to achieve a
required cut-off frequency (Davern, 1980). However, the work proved to be tedious and
time consuming because of the numerous trial and error measurements involved. Good
agreement between the measured (impedance tube) overall impedance of a flat-walled
multi-layered system and calculated values using multi-layered impedance equation and

the curve-fitting equations for predicting bulk acoustic properties has been shown in

105



Dunn and Davern (1986), which supports the idea that the design of flat-walled multi-

layered linings can be undertaken on a desktop computer.

EAs work on populations of individuals instead of single solutions. In this way the search
is performed in a parallel manner. This characteristic makes EAs very attractive for
solving MOP. In this chapter, a multi-objective EA [MOGA (Fonseca and Fleming,
1993; 1998; Pohlheim, 2004)] was implemented as the optimiser to aid and speed up the

design process of flat-walled multi-layered anechoic lining composite.

The general optimisation procedure was first demonstrated for a three-layered lining
system composed of fully-reticulated (open-cell) polyurethane plastic foams and targeted
a cut-off frequency of 100 Hz. Then, a detailed investigation was carmried out on the
application of multi-layered polyurethane foams as flat-walled anechoic linings. The
major findings of the investigation were 1) a single layer of material was not as effective
as a flat-walled multi-layered anechoic lining; 2) for low (100 Hz) and mid (250 Hz) cut-
off frequencies the minimum number of layers needed to achieve the minimum overall
thickness was three, and for high (500 Hz) cut-off frequency the minimum number of
layers to achieve the minimum overall thickness was two; 3) for the material investigated
in the present work and for cut-off frequencies between 100 and 250 Hz inclusive, using
a three-layered flat-walled anechoic lining, the achievable minimum overall thickness
was between a quarter wavelength in the lining composite and a quarter wavelength in
the air for the corresponding cut-off frequency; 4) for a three-layered lining composite
the material with low flow resistivity should be placed in front of the material with high
flow resistivity. For the material investigated, to achieve a cut-off frequency between 100
and 250 Hz, the required flow resistivity for each layer of material in the three-layered
lining composite basically did not vary with the cut-off frequency. The average flow
resistivity for the front layer of material was 400 SI rayl/m, which is close to the
characteristic impedance of the air, and the average flow resistivities for the mid and back
layers were 1700 and 6200 rayl/m respectively; 5) for the three-layered lining composite,
the required thickness of the back layer basically did not vary with the cut-off frequency

and was around 0.125 m. The thicknesses of the front and the mid layers had to be

106



increased to achieve the decreased cut-off frequency; 6) to achieve the designed
performance of the lining composite air gaps should be avoided. The above investigation
results provide the benchmark and guidelines for the design of flat-walled multi-layered

anechoic linings.

An investigation using fibrous building insulation material was also carried out in the
form of an application case. The bulk acoustic properties of sixteen of the most
commonly used commercial fibrous building insulation materials available in Australia
were measured and, on the basis of the measurement results, a multi-objective
evolutionary algorithm was used to optimise the design of a flat-walled multi-layered
anechoic lining to meet the design criteria - a 250 Hz cut-off frequency with a maximum
lining thickness of 300 mm. Nonetheless, because of the discrete nature of the problem,
different data representation and evolutionary mutation operator to those applied in the

investigation of polyurethane foams were used.

Results of the EA search indicated that for the sixteen materials investigated there were
fourteen options that could achieve a cut-off frequency of 250 Hz with the overall lining
thickness less than 300 mm. For all the options, the materials in the lining system
exhibited a trend of a graduated increase in density and flow resistivity from the front
layer (Layer 3) to the back layer (Layer 1). The options found by EA were evaluated on
the basis of their costs and two options were short-listed. The acoustic performances of
the short-listed options were then measured in an impedance tube. The difference
between the measured and predicted performances may be due to the errors resulting
from the measurement of bulk acoustical properties and the limitations of the
experimental apparatus, all of which, unfortunately, are unpredictable and unquantifiable.
The option that had the Jower measured pressure reflection factors at low frequencies was
used as the lining system for the anechoic room in the MARCS Auditory Laboratories.
The lining system finally used in the anechoic room had an overall thickness of 295 mm,
which is about 45 mm less than a quarter of a wavelength at the cut-off frequency of 250
Hz. The material cost of the applied lining system was about fifty Australian dollars per

square metre. The completed anechoic room, where the optimised design was applied,
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was qualified and the results showed that a large percentage (73% - 85%) of the distance

between the sound source and the room boundaries, on the traverses made, was anechoic.
The success of this application case also shows the effectiveness of EAs for solving

combinatorial-type problems featuring discontinuous decision spaces, which is difficult

or even impossible, for traditional optimisation methods.
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CHAPTER 6

DERIVATION OF THE BULK ACQOUSTIC PROPERTIES OF A RIGID
POROUS MEDIUM FROM A SINGLE IMPEDANCE TEST

6.1 INTRODUCTION

Porous materials are employed as acoustic absorbents in a wide variety of applications.
Examples of these are in noise control, in architectural and building acoustics’, in the
laboratory and in sound recording and reproduction. Wherever predictive design methods
for sound propagation in systems involving porous media are used, the acoustic
properties of these media need to be known. For many design purposes it is sufficient to
regard a porous material as being rigid if it contains a gas in its pores, though in recent
years much work has been focussed on the acoustics of poroelastic media, which can
exhibit significant structural motion including resonant effects. Most of this work is

formulated within the framework of the much earlier work by Biot (1956).

Whether structural motion in a poroelastic material is significant depends on several
factors, one of the most important being the structural boundary conditions between the
material and any adjacent elastic impervious solid structure. These conditions are mainly
determined by whether the material and structure are bonded together. This is highlighted
in the work of Bolton er al. (1996) for example, who examined sound transmission
through a double partition with a poroelastic material filling the air-space between the
panels. Here, structural motion is likely to be significant overall if the porous medium is
bonded to both panels, less so if it is bonded only to one panel and even less so if it is
bonded to neither panel. This is understandable, since solid contact between the
poroelastic material and the impervious structure would involve relatively good structural
impedance matching between the two, with consequent effective vibrational

transmission. Where there is an air-space between the two, or even relatively loose

' For instance, as investigated in Chapter 5 of the present thesis, the application of multi-layered porous
materials as anechoic linings.
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contact, this is not the case and it is mainly the “air wave” that is excited in the pores of

the poroelastic material, with structural motion playing a minor role.

Resonant behaviour (usually highly damped, for obvious reasons) can also be exhibited
by porous media. Allard (1993) contains an example of this, and Watson and Cummings
(1994) show measured data on the bulk acoustic properties of lightweight fibrous media
under differing degrees of static compression. The Watson and Cummings results show
very pronounced structural resonance effects and resonance frequencies increasing with
the extent of compression. However, any resonant effects are usually apparent only in
narrow frequency bands, and can — as a first approximation at least — be ignored in many

applications.

If a porous material is taken to be effectively rigid, it behaves as an “equivalent fluid”
and its acoustic characteristics are conveniently expressible in the form of two complex,
frequency-dependent, “bulk” properties such as characteristic impedance and propagation
constant (alternatively “propagation coefficient”), or effective density and effective sound
speed®. Once these two complex (i.e., four real) properties are known, it is usually more
or less straightforward to include the porous medium in an acoustic — or vibroacoustic —
model of the system being investigated. Examples of such models are those of Astley et
al. (1991) and Cummings et al. (1999), both cases involving flat plates placed near or
adjacent to — but not bonded to — layers of an equivalent fluid porous medium. The good
correspondence between predicted and measured data in their work is an indication that a
porous material in loose contact with, but not bonded to, a solid structure behaves as
though there is no structural contact between the two. This clearly cannot always be the
case, but experience has shown that in the majority of practical cases, unless mechanical
bonding between a solid structure and a porous layer is deliberately ensured, vibrational
transmission between the structure and the solid frame of the porous medium is minimal

and the equivalent fluid description is adequate for design purposes at least.

% It is immaterial how the bulk properties are expressed, provided they offer a complete description of the
porous medium; and it is, of course, a simple matter to find one pair of complex parameters from the other,
as 1s the case in the two aforementioned examples.
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This chapter first reviews traditional methods for determining the bulk acoustic properties
of rigid porous media and then proposes a new method requiring only a single surface
impedance measurement and an optimisation process of function coefficients to derive
the bulk acoustic properties. The results of the proposed new method are compared with
those obtained by one of the traditional methods. This chapter also, from an application
point of view, compares the effectiveness, robustness and efficiency of evolutionary

algorithms (EAs) and traditional calculus-based optimisation methods.

6.2 TRADITIONAL METHODS FOR DETERMINING BULK ACOUSTIC
PROPERTIES

Traditionally, two approaches for determining the bulk acoustic properties of porous
acoustic materials have been used. One is to measure these properties directly by acoustic
experiments and the other is to calculate them using theoretical models or empirical

curve-fitting formulae.

6.2.1 Measuring Bulk Acoustic Properties

Probably the most straightforward method for measuring the bulk acoustic properties was
originally developed by Scott (1946) though it has been employed later by other authors
such as Delany and Bazley (1970) and Cummings and Chang (1987). This method
requires a direct measurement of the attenuation and phase change of a progressive plane
wave system inside the test material sample to measure the propagation constant. This
can be achieved by means of a probe microphone penetrating the interior of the material
and detection of the sound pressure, at fixed points in the axial direction, in the
measurement tube. A surface impedance measurement, performed on the test material
sample with a standing wave technique, serves to measure the characteristic impedance
of the material. Scott’s method, though simple in principle to implement, is beset by two
disadvantages: first, an effectively infinite (i.e., sufficiently great) length of homogeneous
material is required to ensure that an essentially progressive wave system exists in the
material for an appropriate distance beyond the surface presented to the standing-wave

system, and second, the probe microphone must traverse a sufficient length of the
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material and detect sound pressure either at discrete points or continuously in order to

define the spatial attenuation and phase changes adequately ( Smith and Parrott, 1983).

The inconvenience and other disadvantages of Scott’s method have motivated the
development of other measurement methods that rely only on surface impedance
measurements on thinner samples. Surface impedance methods, for determining the bulk
acoustic properties directly from measured data at each frequency of measurement,
require two separate impedance tests with differing sample geometry (to find two
complex bulk properties requires knowledge of two complex surface impedances). This
can be accomplished by one of two procedures: in the first of these (the “two-thickness
method”), each of two test material samples of differing thicknesses is terminated by a
rigid wall, and in the second (the “two-cavity method”), a single thickness of the test

material is terminated by two different cavity backing depths.

The two-thickness method was first developed by Smith and Parrot (1983). The measured
surface impedances are related to the characteristic impedance W and the propagation

constant y by

Z,, =W coth(id,), (6.1)
Z,, =W coth(yd, ), (6.2)

where Zy is the measured surface impedance corresponding to the test sample thickness
dy and Zy is the measured surface impedance corresponding to the test sample thickness
d. It is experimentally convenient to make o> = 2 d;. The solutions for W and y then

become

W= [Za‘] (2Zd2 —Za ]”2* (6.3)

y:[ 1 ]ln[1+[(zzd2—Zdl)/zdiluz]. (6.4)

2“‘1 1“[(22d2 “241)/2:11]”2
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The two-thickness method is efficient. However, it requires that two test samples have
identical bulk acoustic properties and that there is no variation assoctated with the
mounting of test samples between measurements. Also, in the case of materials available
in only one thickness, “doubling up” the material to achieve twice the original thickness
introduces an unpredictable “interface impedance” effect, which could cause

experimental errors in determining the bulk acoustic properties.

Compared with the two-thickness method, the two-cavity method only requires
impedance measurements of one test sample. This method appears to have been
originally suggested by Zwikker and Kosten (1949) and was subsequently employed by
various workers including Delany and Bazley (19). Yaniv (1973) investigated this
version of the two-cavity method in some detail by applying the electrical transmission
line theory to an acoustic transmission line: when the line is terminated in a high-
impedance (which can be achieved by terminating the acoustic material in a rigid wall) or
a low-impedance {which can be achieved by terminating the acoustic material in an air
cavity with a depth equal to a quarter-wavelength, itself terminated in a rigid wall), the

impedance of the line can be expressed by

Z,, =W coth(3d), (6.5)
Z,c =W tanh(d), (6.6)

where Zps is the surface impedance to an acoustic line terminated with zero air cavity
between the line and the rigid wall; Z, is the surface impedance to an acoustic line
terminated with an air cavity having a depth equal to a quarter-wavelength between the
line and the rigid wall; and d is the thickness of the acoustic test material. Solving

Equations (6.5) and (6.6) gives

W= (Z0sZ,c )%, 6.7)
1 1+(Z, /17, J'?

”z(_)l“ (2o 20, 6:8)
2d 1_(qu‘fzos)
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Since the characteristic impedance and the propagation constant are frequency dependent,
the depth of the air cavity must be changed for every frequency of interest, which results
in a very tedious measurement procedure. To implement this method, a movable rigid
piston has sometimes been used to terminate the sample holder of the test material. In
practice, however, such a piston would often be associated with some slight air leakage
around its edge, thereby introducing a measurement error which cannot be taken into

account quantitatively (ISO, 1998).

To avoid changing the air cavity depth at every frequency, as is required in Yaniv’'s
method, and therefore to improve the efficiency of the two-cavity method, Utsuno ez al.
(1989) developed a method that requires surface impedance measurements of the test
material sample with two different arbitrary depths of air cavity between the test material
sample and the rigid wall. The surface impedance of the test material sample with an
arbitrary depth of air cavity between the test material sample and the rigid wall, Z,s, can
be calculated by (Zwicker and Kosten, 1949)

Z,, cosh(yd )+ W sinh(3dd )
Zy=W :
3 Z_ sinh(yd )+ W cosh(3t!)

(6.9)

where Z, is the surface impedance of an arbitrary depth of air cavity between the test
material sample and the rigid wall. On the basis of the Equation (6.9), Utsuno derived the
following equations for calculating the characteristic impedance and propagation

constant:

142
W = il:ZaSIZaS2(Zn1 — Zﬂl)_zalzaZ(ZaSI —zaS2 )i| (6.10)
(Z.n “Zaz)_(zam _Zasz)
?=(leﬂlizaﬁ +W Z, "W:l’ (6.11)3
2d Zo—W Z, +W

1 Z o +W Z —W
* Equation (6.11) in (Utsuno et al, 1989) is ¥ = — |In as1 al , where jis ¥~1.This is
2jd Zo—WZ,+W

not Correct,
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where the sign in Equation (6.10) is selected so as to let the real part of W be positive;
Z.s1 and Zass are respectively the surface impedance of the test material sample with air
cavity depth a; and a; between the test material sample and the rigid wall; and Z,; and Z,;
are respectively the surface impedance of air cavity depth a; and a; between the test

material sample and the rigid wall and can be calculated by

Z,= —jpccot(%at), (6.12)
c

Z,= —jpccot[—z—?—g?—az), (6.13)
c

where p is the air density; c is the velocity of sound in air; and fis the frequency.

To avoid the problem of the elimination of the term (Zs, - Z,s2) in Equation (6.10), an
appropriate set of air cavity depths needs to be selected so that the following equation is

not satisfied:

(a,—a,)=ncl2f, (6.14)

where n = 1, 2, 3, ... . This implies that, for a high-resolution broadband application,
Utsuno’s method requires more than one pair of cavities (and therefore more than two
measurements). It should also be pointed out that the aforementioned limitation
(involving the possibility of air leakage) inherent in the Yaniv's two-cavity method
would also apply to that of Utsuno’s improved two-cavity method if a movable piston

were to be used to vary the depth of the air cavity.

The two-cavity method can become inaccurate in the case of samples having high steady
flow resistivities because the spatial attenuation rate in the material tends to increase with
flow resistivity (other parameters remaining the same) and sound waves travelling along
the length of the test sample can therefore be highly attenuated. The surface impedance in

such cases will be determined primarily by the characteristic impedance of the material,
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with the presence of the backing cavity having only a minor influence. Hence the two
measured surface impedances required by the two-cavity method are nearly the same and
uncertainties in the derived quantities (particularly the propagation constant) will be
relatively large. To measure the bulk properties of materials having high flow
resistivities, Champoux and Stinson (1991} developed a method that relates the
characteristic impedance and propagation constant to the surface impedance of the test
material sample and a transfer function measured along its length. However, to realise

this method, a specially fabricated impedance tube has to be used.

6.2.2 Calculating Bulk Acoustic Properties

In vibroacoustical design methods involving equivalent fluid porous media, there are, in
general, two ways of calculating the frequency-dependent pair of complex properties.
The first is from theoretical models, such as those developed by Beranek (1947), Zwikker
and Kosten (1949), Lambert (1982) and Attenborough (1983), for which the various
nonacoustic properties {(volume porosity, tortuosity, viscous and thermal characteristic
lengths, for example) need to be known; and the second is by the use of empirical curve-
fitting formulae, such as those of Delany and Bazley (1970). They involve the use of
eight experimentally-determined function coefficients ¢;-cg, characteristic of a particular
type of material though independent of its steady flow resistivity, provided that the
microstructural geometry remains substantially similar and the fluid Prandtl number and
ratio of principal specific heats remain effectively constant, and a single dimensionless
frequency parameter pfic (where o is the flow resistivity of the material) as shown by

Equations (6.15) and (6.16) (Cummings and Beadle, 1993):

W = peli+a, (e /o) + Slealer fo) ). ©15)
y = Qaf Je)es(af Jo) + jlL+e,(of fo) )] (6.16)

It should be noted that the formulae in their original form (Delany and Bazley, 1970)
involved a dimensional parameter containing the frequency and flow resistivity. Delany
and Bazley’s formulae have proved very successful over many years for a wide variety of

porous media including fibrous materials and plastic foams and have gained fairly wide
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acceptance. These empirical formulae normally yield accurate predictions of the bulk
acoustic properties of effectively rigid porous media, provided they are employed within
the range of frequency parameter values used in determining the eight coefficients.
However, if these formulae are extrapolated to lower values of the frequency parameter,
they can yield physically meaningless predictions which are useless for predictive
purposes - see Mechel (1988). This problem does not occur if the formulae are
extrapolated beyond the high-frequency limit of the data. One way of overcoming the
low-frequency problem to some extent, by at least producing “physical” predictions as
the frequency parameter tends to zero, is to employ a (usually geometrically idealized or
“phenomenological”) predictive model at frequencies below the range of measured data.
The phenomenological model of Morse and Ingérd (1968) is about the simplest, though it
does not generally vield particularly accurate predictions. In the absence of any
knowledge of the microstructural geometry of the material it may, however, be
appropriate. Estimates of the effective compressibility and density (both assumed to be
real quantities) — at acoustic frequencies — of the gas contained in the pores of the
material are required in this model. Models involving a specified microstructure are
preferable - see Zwikker and Kosten (1949) - and an example of these is the parallel-fibre
model of Mechel (1976/1977). This can be cast in a simplified form to give predictions of
bulk properties that are valid at low frequencies, and this low-frequency forecast can be
applied at frequencies below the range of measured data. Usually, however, there is some
degree of mismatch between the low-frequency predictions and those from the empirical
curve-fitting formulae, at the chosen transition point (in the frequency parameter)
between the two prediction methods. For many purposes this would be of little
consequence, but where the bulk acoustic properties are to be used in predictive schemes
in which it is desirable or necessary for them to vary continuously with frequency (such
as dissipative silencers and other sound attenuating devices), a jump in values of the bulk
parameters at a certain frequency can upset the predictive process, particularly if some
kind of extrapolation procedure in the frequency domain is employed. Mechel (1976)
overcame this problem by slightly adjusting the empirical coefficients in the Delany and
Bazley formulae so that a smooth transition between the low-frequency approximation

and the empirical predictions was achieved. Unfortunately this method somewhat
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degrades the prediction accuracy of the empirical formulae, sometimes to an

unacceptable extent.

Kirby and Cummings (1999) have re-examined the problem of low-frequency modelling
of the bulk properties of rigid fibrous media, and have proposed an improved semi-
empirical prediction method for the low-frequency region which yields physically
reasonable predictions at low frequencies, whilst at the same time giving accurate
prediction at higher frequencies (in agreement with the Delany and Bazley formulae) as
well as continuity in bulk property values between low and higher frequencies. This
model is based on a parallel-fibre geometry, which is used in conjunction with the Delany

and Bazley formulae and their associated empirically-determined coefficients.

If one is to use measurements as the basis for prediction of the bulk acoustic properties of
rigid porous media with geometrically similar microstructures, then the Delany and
Bazley formulae are ideally suited for this purpose, and extrapolation to low frequencies
can be achieved by methods such as those of Mechel (1976/1977;1976), or Kirby and
Cummings (1999). Although the formulae of Delany and Bazley (1970) were originally
conceived for fibrous media, they are applicable to porous media with a wide variety of
microstructural geometries. Not surprisingly, differing sets of values of the eight
coefficients are found for different types of material - see Cummings and Beadle (1993).
For example, geometrically similar, fully reticulated, polyurethane foams have a set of
values differing significantly from those for typical fibrous materials - see Delany and

Bazley (1970).

6.3 DERIVING BULK ACOUSTIC PROPERTIES FROM A SINGLE
IMPEDANCE TEST

The aforementioned experimental techniques in Section 6.2.1 are largely unrelated to the
notion of employing curve-fitting formulae or theoretical models, such as those
introduced in Section 6.2.2, to describe the bulk acoustic properties of nigid porous

media. Rather they are concerned with (more or less) directly measuring the bulk

120



properties themselves at each measurement frequency. If, however, formulae such as
those of Delany and Bazley, or a theoretical model involving experimentally-determined
parameters, are to be “fitted” to a series of experimental data taken at a number of
frequencies (preferably over a fairly wide frequency range), then the requirement of
conducting two separate impedance measurements at each frequency is removed. Indeed,
surface impedance data on one sample with a rigid backing surface will suffice very well.
By this means, optimum values of the coefficients in the curve-fitting formulae, or the
physical parameters in the theoretical formulae, may be found. An example of this
approach is the work of Braccesi and Bracciali (1998), who emplioyed a least squares
regression method and the model of Zwikker and Kosten (1949) to fit measured acoustic
pressure reflection coefficient data from a rigidly-backed sample of porous material
mounted in a tube. The inferred parameters were steady flow resistivity and structure
factor. This method proved successful, its main drawback being the inability of using the

simple theoretical model to give very accurate predictions over a broad frequency range.

The method uvsing curve-fitting formulae such as those of Delany and Bazley (1970) —
with an appropriate mathematical form and enough empirical coefficients to allow an
accurate fit to data ~ in an optimisation procedure to yield a best fit to experimental data
taken from a single sample over a wide frequency range, has several advantages over the
aforementioned two-measurement methods. First, any experimental errors arising from
material inhomogeneity (in the case of the two-thickness method) or sample mounting
(for example, edge effects of various kinds) between the two tests will be absent. Second,
there will be no cumulative random errors in the results arising from the fact that two sets
of experimental data are being combined. And third, conducting only one impedance test
is less time-consuming than doing two tests, so more effort can be devoted to

experimental accuracy within a given time.
6.3.1 Basis for Proposed New Method

If the characteristic impedance W and the propagation constant y in Equation (6.9) are

substituted with the Equations (6.15) and (6.16), Equation (6.9) is transformed to
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Z5 =t elar/o) + jlealar /o) e
z, cosh((2a /e (g fo)* + jli+ s o fo) J)+ et + e, (g o) + ileslor /o)™ Jsimhet)
z, sish{(27 /c)les(of /o) + I+ e, (o [o) Ja )+ peli+ ¢, (e o) + jles(or fo) Jleosh(p)

, (6.17)

and if let fcy, c2, ... , cg) represents the right hand side of Equation (6.17), it can be

further transformed to
Z, = f(€;,€5,....,C5). (6.18)
When the depth of air cavity is zero, the characteristic impedance W and the propagation

constant y in Equation {6.5) can be substituted with the Equations (6.15) and (6.16),

namely

Zys = pcll +c,(of fo)" + f(f:s (or /o) )Jcoth((Zzy”/c)lcs (o lo) + j(l +e;(of fo)" )}i}

, (6.19)
and if let f{cy, ¢3, ... , cg) represents the right hand side of the equal mark in Equation
(6.19), it can be further transformed to

Zo, = fc;hChsuing) . (6.20)

On the basis of the formulae (6.18) and (6.20), the procedure for the new method can be
described as first, to determine Z;s or Zgs by one surface impedance measurement of the
test material sample with an arbitrary depth of air cavity or zero air cavity between the
test material sample and the rigid wall and then, to conduct a function coefficients
optimisation process to find a set of ¢j-cg that minimises difference between f(cy, ¢z, ...,

cg) and the measured surface impedance Zgs or Zgs.
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6.3.2 An Application Example

An application example is given in this section to demonstrate the use of the proposed
new method. In the present example, a ptece of 30 mm thick open-cell foam, with a flow
resistivity of 3900 SI rayls/m, is used as the test material sample. The bulk properties
obtained using the proposed new method are compared with those obtained using
Utsunco’s improved two-cavity method (Utsuno et al., 1989) and the surface impedance
calculated using the bulk properties obtained from the proposed new method is verified

with that measured,

6.3.2.1 Measurement of surface impedance

The surface impedance of the material sample with an air cavity of 90 mm between the
test material sample and the rigid wall was measured for frequencies between 300 and
3800 Hz with a step of 12.5 Hz (provided by Shin H.-C. at the University of Cambridge,
UK, personal communication, 3rd March, 2005) and the measurement result is shown in
Tables B.1 in Appendix B. During the impedance measurement, the air density p = 1.213
kg/m’ and the air velocity ¢ = 342.19 mJs.

6.3.2.2 Function coefficients optimisation

To make the new method useful, an effective, efficient and robust optimisation technique
is required. As discussed in Section 3.5 of the present thesis, there will always remain a
dichotomy between efficiency and general applicability and between reliability and effort
of problem-solving, especially with optimum-seeking algorithms. Any specific
knowledge about the given situation may be used to specify an adequate solution
algorithm. On the other hand, there cannot exist one method that solves all problems

effectively as well as efficiently.

A theoretical comparison between the calculus-based optimisation techniques and EAs
has been provided in Section 3.5 of the present thesis. In this chapter, both calculus-based
optimisation techniques and evolutionary algorithms (EAs) are investigated for their
effectiveness, robustness and efficiency in solving the function coefficients optimisation

problem of the present example.
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6.3.2.2.1 Objective function

Since both the measured surface impedance Zispoam and ficy, c2, ... , cg) are complex
values, the object of the function coefficients optimisation in this example is to find a set
of c¢i-cg that will result in an overall minimum root mean square (RMS) error between
ZasFeam and flcy, €2, ..., g). In other words, the objective function of the optimisation can

be written as

Min y = IRMS(Re(f (€5 0511 05)~ Zog pyn W+ [RMS(tm(f ;s o9V~ Z o P
subject to b < (¢,,¢,,...,c5)Sub, 6.21)

where Re and Im respectively represent the real part and the imaginary part of the
difference between Zspoam and flcy, ¢z, ... , ¢3), Ib and ub are respectively the lower and

upper bounds of coefficients (¢1, ¢, ... , ¢cg) and y is the objective value.

6.3.2.2.2 Optimisation techniques investigated

The calculus-based optimisation techniques considered in the present investigation are
the Gauss-Newton method (Dennis, 1977) with line-search (Fletcher, 1987; Nocedal and
Wright, 1999 ), the Levenberg-Marquardt method (Levenberg, 1944; Marquardt, 1963 )
with line-search, the BFGS Quasi-Newton method (Broyden, 1970; Fletcher, 1970;
Goldfarb, 1970; Shanno, 1970) with line-search, and the Sequential Quadratic
Programming (SQP) method (Biggs, 1975; Han, 1977; Powell, 1978a; Powell, 1978b) for
constrained optimisation. At each search-iteration of the first three methods, two steps are
involved: first determining the search direction by using the Gauss-Newton method, the
Levenberg-Marquardt method or the BFGS Quasi-Newton method and then determining
the search step-length using a line-search procedure. At each search-iteration of the SQP
method for constrained optimisation, the constrained optimisation problem is transformed
to a quadratic programming {(QP) subproblem by linearising the nonlinear constraints and
appending them to the objective function. Then the QP subproblem is solved using the
BFGS Quasi-Newton method with line-search. Details of the above four calculus-based

optimisation techniques are not included here as they have been studied, developed,
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applied and documented at length - see Dennis (1977), Fletcher (1987), Gill et al. (1981),
Powell (1983) and MathWorks (2002). In addition, these methods have been coded and
implemented in the Matlab Optimisation Toolbox (MathWorks, 2002) as standard
functions, the Isgnonlin function (based on Gauss-Newton method with line-search or
Levenberg-Marquardt method with line-search), the fininunc function (based on BFGS
Quasi-Newton method with line-search) and the finincon function (based on SQP

method), all of which are used in the present investigation.

Table 6.1 shows the settings of the main function parameters during each operation of the
above Matlab functions (MathWorks, 2002) in the present investigation. Other function
parameters that are not shown in Table 6.1 were set to their default values. More detailed

information regarding these function parameters can be found in MathWorks (2002).

Table 6.1 Settings of the main function parameters for the Matlab calculus-based

optimisation functions investigated in the present application example

Parameter Names | Descriptions Isgnonlin Lsgroniin Fminunc Fmincon
Function Function (using | Function Function
{using Levenberg-
Gauss- Marquardt
Newton method)
method)

DiffMaxChange Maximum change 0.1 0.1 0.1 0.1

in variables for
finite difference
derivatives.

DiffMinChange Minimum change 1e-008 1e-008 1e-008 1e-008
in variables for
finite difference

derivatives.
LevenbergMarquardt | Preference for Off On Not Not
Levenberg- applicable applicable

Marquardt over
Gauss-Newton
algorithm.

LineSearchType Line search Quadcubic Quadecubic Quadcubic | Not
algorithm choice. applicable

MaxFunEvals Maximum number 150,000 50,000 1000 1000
of function
evaluations
allowed.

MaxIter Maximum number 20,000 10,000 400 400
of iterations
allowed.
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Parameter | Descriptions Isgnonlin Lsgnonlin Function | Fminunc Fmincon

Names

Function (using | (using Levenberg- | Function Function
Gauss-Newton Marquardt

method) method)
TolCon Termination Not applicable Not applicable Not 1e-006
tolerance on the applicable
constraint violation.
TolFun Termination 1e-009 1e-009 1e-006 1e-006
tolerance on the
function value,
TolX Termination 1e-009 1e-009 1e-006 le-006

tolerance on x.

If the optimisation converges, the operation of the function terminates automatically

when any of the conditions set in parameters MaxFunEvals, MaxIter, TolFun and TolX is

met. Otherwise, it will be terminated manually.

The Genetic and Evolutionary Algorithm Toolbox for Use with Matlab (GEATDbx)

(Pohlheim, 2004) introduced in chapter 3 of the present thesis was applied to investigate

the efficiency and robustness of EAs for the present function coefficients optimisation

problem. For every operation of the EA using GEATDbx, the settings for the main

parameters were:

representation of variables: real value.

fithess assignment: rank-based fitness assignment (Fonseca and Fleming, 1993;
1998). See chapter 3 of this thesis for more details.

evolutionary operator for selection: stochastic universal sampling (SUS) (Baker,
1987) which works on both real-value and integer-value data representation.
Using this selection method, the individuals in the population are mapped onto
contiguous segments of a line, such that each individual’s segment is equal in
length to its fitness. Equally spaced pointers, as many as the number of
individuals to be selected, are placed along the line. This selection method has the
advantage of providing zero bias and minimum spread during the selection.
evolutionary operator for recombination: discrete recombination (Miihlenbein and
Schlierkamp-Voosen, 1995} which performs an exchange of variable values
between the parents. For each variable position of the offspring, the parent

contributing its variable to the offspring is chosen randomly with equal

126




probability. Discrete recombination can be applied to all (real-value, integer-value
and binary-value) variable representations.

* recombination rate: 1. This means all parents have the possibility of contributing
to the value of each variable of the offspring.

e evolutionary operator for mutation: real-value mutation function (Pohlheim,
2004).

* mutation rate: 1. This means on the average 1 variable per individual to be
mutated.

+ mutation range: 0.02. This means the initial mutation step sizes will be 0.02 times
the domain of each variable.

e population size: 100. This means there are 100 individuals (solutions) per
population.

» generation gap: 0.9. This means 90% of the population to be reproduced every
generation. Since in every generation there are 100 individuals as defined by the
population size, the reproduction of 90% of the population will result in 100 x 0.9
= 90 function evaluations for every generation after the initial population, which
requires 100 function evaluations because they are new individuals.

e termination method: running mean method or maximum number of generations.
Based on these two methods, the optimisation operation terminates either when,
for 15 consecutive generations, the improvement of the objective value is less
than le-6 or when the maximum number of generations is reached.

All the other internal parameters necessary for operating GEATbx were set to their

default values. Details of these parameters and guidelines for setting them can be found
in Pohlheim (2004).

6.3.2.3 Optimisation and statistical analysis results

Table 6.2 shows all optimisation conditions using surface impedance measurement
results between 300 and 3800 Hz. Table 6.3 shows optimised coefficients ¢i-cg of each
condition in Table 6.2 and the statistical analysis results in terms of the overall RMS error
between Z,sroam and the optimised flci, ¢a, ... , ¢g); the RMS error between the real part of

ZsFoam and the real part of the optimised flicy, ¢z, ... , cg); the RMS error between the
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imaginary part of Z,spoam 2nd the imaginary part of the optimised flc;, ¢z, ... , ¢g); the
correlation coefficients R’ (the “coefficient of determination™) between the real part of
ZasFoam and the real part of the optimised flcy, 3, ... , cg); and the correlation coefficients

R? between the imaginary part of Z,sroam and the imaginary part of the optimised ficy, c2,

‘o Cg).

Table 6.2 Optimisation conditions using surface impedance measurement results
between 300 and 3800 Hz

Optimisation | Optimisation Initial Value(s) { 1p of ¢;-¢; | ub of ¢,~¢; | Search Termination
Condition ID | Method Used of ¢;-c3 Condition

1 Isqnontin [0.0953, -0.491, | Not Not Termination tolerance
Function (using | 0.0986, -0.665, applicable applicable on the function value,
Gauss-Newton 0.167, -0.636, 1e-9, set in TolFun
method) 0.174,-0.372] reached

{Cummings and
Beadle, 1993)

2 Isgnonlin [3,3,3,.3,3,3, Not Not Not converged
Function (using | 3, 3] applicable applicable
Gauss-Newton
method)

3 Lsgnonlin [0.0953, -0.491, | Not Not Termination tolerance
Function (using | 0.0986, -0.665, applicable applicable on the function value,
Levenberg- 0.167, -0.636, le-9, set in TolFun
Marquarde 0.174, -0.372] reached
method) {(Cummings and

Beadle, 1993)

4 Lsgnonlin [3,3,3,3,3,3. Not Not Not converged
Function (using | 3, 3] applicable applicable
Levenberg-

Margquardt
method)

5 Fminunc [0.0953, -0.491, | Not Not Termination tolerance
Function 0.0986, -0.665, applicable applicable on the function value,

0.167, -0.636, 1e-6, set in TolFun
0.174, -0.372)] reached
{(Cummings and

Beadle, 1993)

G Fminunc [3,3.3,3,3,3, Not Not Not converged
Function 3,31 applicable applicable

7 Fmincon {0.0953, -0.491, | [0,-1,0,- [1,0,1,0,1,0, | Termination tolerance
Function 0.0980, -0.665, 1,0,-1,0,-1] 1,0] on the function value,

0.167, -0.636, le-6, set in TolFun
0.174, -0.372] reached
(Cummings and

Beadle, 1993)

8 Fmincon [3.3,3,3,3,3, [-10-10 - {10 ¥} 10 10 | Termination tolerance
Function 3, 3] 10-10-10- | 101010 10] | on the function value,

10-10-10) 1e-6, set in TolFun
reached

9 Fmincon [0,0,0.0,0,0, {0,-1,0,- (1,0,1,0,1,0, | Termination tolerance
Function 0, 0] 1,0,-1,0,-1] | 1,0] on the function value,
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Optimisation | Optimisation Initial Value(s) | 15 of c,-¢; | ub of c,-¢c; | Search Termination
Condition ID | Method Used of ¢;-¢4 Condition
le-6, set in ToiFun
reached
10 Frmincon [0,0,0,0,0,0, [-10-10 - {10 10 10 10 | Not converged
Function 0, 0] 10-10-10- | 101010 10]
10 -10-10]
i1 EAs [0.0953, -0.491, | [0,-1,0,- [1,0,1,0,1,0, | Terminated when for 15
0.0986, -0.665, 1,0,-1,0,-1] 1,0] consecutive generations
0.167, -0.636, the improvement of the
0.174, -0.372] objective value is less
{Cummings and than le-6.
Beadle, 1993)
12 EAs Randomly [0,-1,0,- [1,0,1,0,1,0, | Terminated when for 15
initialised 1,0,-1,0,-11 1.0] consecutive generations
(Pohlheim, the improvement of the
2004) objective value is less
than le-6.
13 EAs [3,3,3,3,3,3, [-10-10 - [16 10 10 10 | Terminated when for 15
3,3] 10-10-10- | 1010 10 10] | consecutive generations
16 -10-10] the improvement of the
objective value is less
than le-6.
14 EAs The resulted last | [-10-10 - [10 16 10 10 | Terminated after 300
generation of 10-10-10- | 1010 10 10] | generations.
optimisation 10-10-10]
condition 13
15 EAs Randomly [-10-10- {1010 10 10 | Terminated when
initialised 10-10-10- { 1010 10 10] | maximum number of
(Pohtheim, 10-10-10] generations (4,800)
20043 reached.

Different initial values, except those of the optimisation condition 14, were used to test

the sensitivity of different optimisation techniques to the starting point of the search. The

initial values of ¢;-cg for optimisation conditions 1, 3, 5, 7 and 10 are based on the work

of Cummings and Beadle (1993), in which they studied twelve different open-cell foams

and obtained a generic set of ¢-cs for open-cell foams with flow resistivities in the range

of 60 — 6229 SI rayls/m. The optimisation condition 14 is a continuation of the

optimisation condition 13 so its initial values (initial population) were the last generation

of the optimisation condition 13. Matlab functions Isqnonlin and fininunc are for

unconstrained optimisation problems and, therefore, boundary constraints cannot be

assigned to them. Different boundary constraints were assigned to the Matlab function

fmincon and EAs to test the sensitivity of each optimisation method to the range of the

search.
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Table 6.3 Optimisation and statistical analysis results using surface impedance

measurement results between 300 and 3800 Hz

Optimisation Optimisation Number of Statistical Analysis Results
Condition ID Results of ¢-c5 Function Overall | RMS RMS Error | B of | B* of the
Evaluations RMS error of the | the Imaginary
‘When Error of the | Imaginary Real Part
Optimised Real Part Part
Results Part
Found
i [0.1408 -0.2634 169,619 0.0558 0.0399 0.0390 0.9991 0.9991
0.1171 -0.6208
0.1905 -0.6908
0.1612 -0.4300]
2 Not converged
3 [0.1258 -0.4504 30,815 0.0537 0.0374 0.0386 0.9992 0.9991
0.1110 -0.6923
0.1887 -0.7057
0.1623 -0.4608]
4 Not converged
5 [0.1316 -0.3818 157 0.0531 0.0364 0.0387 0.9992 0.9991
0.1080 -0.7329
0.18%96 -0.7015
0.1626 -0.4527]
6 Not converged
7 [0.1317 -0.3812 186 0.0531 0.0364 0.0387 0.9992 0.9991
0.1081 -0.7320
0.1896 -0.7016
0.1626 -0.4528]
8 [0.1318 -0.3801 693 0.0531 0.0364 0.0387 0.99%2 0.9991
0.1082 -0.7311
0.1896 -0.7015
0.1626 -0.4528]
9 [0.1317 -0.3808 0612 0.0531 0.0364 0.0387 0.9992 0.9991
0.1082 -0.7309
0.1896 -0.7015
0.1626 -0.4528]
10 Not converged
11 [0.1311 -0.3878 70,210 0.0531 0.0364 0.0387 09992 0.9991
0.1073 -0.7412
0.1895 -0.7024
0.1628 -0.4519]
12 [0.1323 -.0.3733 177,490 0.0531 0.0364 0.0387 0.9992 0.9991
0.1091 -0.7192
0.1896 -0.7009
0.1624 -0.4535]
13 [0.1361 -0.3354 156,430 0.0533 0.0367 0.0387 0.9992 0.9991
0.1097 -0.7129
0.1902 -0.6970
0.1623 -0.4527]
14 [0.1329 -0.3676 27,010 + 0.0531 0.0364 0.0387 0.9992 0.9991
0.1085 -0.7263 156,430 =
0.1899 -0.6980 183,440
0.1625 -0.4525]
15 [0.1323 -0.3744 432,010 0.0531 0.0364 0.0387 0.9992 0.9991

0.1085 -0.7265
0.1898 -0.6998
0.1625 -0.4536]
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For this investigation, on average it takes the computer (IBM T41 laptop with Intel
Pentium M 1.6 Gb CPU and 512 Mb Ram)} 0.018 seconds for one function evaluation.
The optimisation condition 14 is used as a continuation of the optimisation condition 13
to check if the objective value of condition 13 can be further minimised with the
increased number of generations so the sum of the number of function evaluations of
condition 13 (156,430) and the number of function evaluations of 300 generations (100 +
99 x 90 = 27,010) is regarded as the number of function evaluations required to achieve

the optimised objective value in the optimisation condition 14.

It is considered that any of the optimised sets of c|-cg of optimisation conditions 5, 7, 8,
9, 11, 12, 14 and 15 is the optimised solution because they all result in the same
minimum objective value (i.e. the overall RMS error) and other statistical analysis results
and there are no significant differences between any set of cy—¢g found in these
conditions. Hence, any optimised set of ¢;-cs of optimisation conditions 5, 7, 8,9, 11, 12,
14 and 15 can be used to calculate the characteristic impedance and the propagation
constant of the test material sample of the present example for the frequency range of 300
to 3800 Hz according to Equations (6.15) and (6.16). Those calculated using the
optimised set of ci-cg of the optimisation 7 are presented in Table B.3 and Table B.4 in
Appendix B. Substituting the derived bulk acoustic properties in Table B.3 and Table B.4
into Equation (6.9), the surface impedance of the material sample with an air cavity of 95
mm between the sample and the rigid wall can be calculated and the calculated results are

shown in Table B.5 in Appendix B.

As shown by the results of optimisation conditions 1 and 3, the Isqgronlin function based
on the Gauss-Newton method with line-search or the Levenberg-Marquardt method with
line-search is neither effective nor efficient for the present example. Results of the
optimisation conditions 5 and 7 show that some traditional calculus-based optimisation
techniques, such as the fininunc function (based on the BFGS Quasi-Newton method with
line-search) and the finincon function (based on the SQP method), can be effective and
efficient optimisation methods for the present example when the starting point and/or the

range of the search are properly defined. For both of these two optimisation conditions
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the optimisation process was completed in only around three seconds. However, when the
starting point and/or the range of the search are not properly defined either the efficiency
of search is reduced as shown by the increased number function evaluations of
optimisation conditions 8 and 9 or the optimisation does not converge at all as shown by

optimisation conditions 2, 4, 6 and 10.

Although, as shown by the optimisation condition 11, with the same starting point of the
search the EA is more efficient and effective than the Isgnoniin function (based on the
Gauss-Newton method with line-search or the Levenberg-Marquardt method with line-
search), results of the optimisation conditions 11 to 15 show that for the present example
the EA is an effective method for finding the minimum solution but it is not as efficient
as the fminunc function (based on the BFGS Quasi-Newton method with line-search) or
the fmincon function (based on the SQP method) . This is easily understandable because,
for every operation of EA, an evaluation of a large number of potential solutions is
undertaken. In the present example 90 function evaluations were made for every new
generation. Nonetheless, the EA is not sensitive to the starting point (which can even be

randomly generated) or to the range of the search. This certainly proves the robustness of
the EA.

6.3.2.4 Bulk properties and the surface impedance obtained using Utsune’s
improved two-cavity method

To utilise Utsuno’s improved two-cavity method (Utsuno et al., 1989), an additional
surface impedance of the material sample with an air cavity of 53 mm between the
sample and the rigid wall was measured for frequencies between 300 and 3800 Hz with a
step of 12.5 Hz (provided by Shin H.-C. at the University of Cambridge, UK, personal
communication, 3rd March, 2005) and the measurement result is shown in Tables B.2 in
Appendix B. On the basis of the measured surface impedances in Table B.1 and Table
B.2 bulk acoustic properties between 300 and 3800 Hz (see Tables B.6 and B.7 in
Appendix B) were obtained using Equations (6.10) and (6.11).
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6.3.2.5 Verification and comparison
Figure 6.1 compares the measured surface impedance in Table B.1 with the calculated

surface impedance in Table B.5 obtained by the proposed new method.

o  Measured

—— Calculated using the proposed new
method based on results of
optimisation condition 7 in Table 6.3

“The real part of tho surfacs impodence Zeatpo
th

360 800 1300 1800 2300 2800 33C0 3800
Frequency (Hz)

(a)

o Measured

Calculated using the proposed rew
" method based on results of optimisation
2 & q condition 7 in Table 6.3

The imaginery part of the surface impeciance Zasipc)

-5

300 800 1360 1800 2300 2800 3300 3800
Frequency (Hz)

(b
Figure 6.1 Comparison between (a) the real part and (b) the imaginary part of the
measured surface impedance (normalised by the characteristic impedance of the air, pc)
in Table B.1 and those of the calculated surface impedance (normalised by the
characteristic impedance of the air, pc) in Table B.5 obtained by the proposed new

method.
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Figure 6.2 below compares the bulk acoustic properties, characteristic impedance and
propagation constant, in Table B.3 and Table B.4 derived from the proposed new method

with those in Table B.6 and Table B.7 obtained by Utsuno’s improved two-cavity

method.
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Figure 6.2 Comparison between (a) the real part and (b) the imaginary part of the
characteristic impedance (normalised by the characteristic impedance of the air, pc)
between 300 and 3800 Hz derived from the proposed new method and those obtained by
Utsuno’s improved two-cavity method and comparison between (c) the real part and (d)
the imaginary part of the propagation constant between 300 and 3800 Hz derived from

the proposed new method and those obtained by Utsuno’s improved two-cavity method.
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An excellent fit between the surface impedance measured and that calculated using the
proposed new method can be observed in Figure 6.1. Generally, the bulk properties
derived from the proposed new method are also in good agreement with those obtained
using Utsuno’s improved two-cavity method. The discrepancies between 300 and 800 Hz
in Figure 6.2 (b) and (c) are probably due to cumulative systematic and random errors in
the results arising from the fact that two sets of experimental data were being combined
for Utsuno’s improved two-cavity method. In the "Utsuno" method, there are several
possibilities for systematic errors that are rather difficult to quantify. They include
(i) differing degrees of sample compression or stretching between the two experiments,
caused by static friction between the tube walls and the sample, (ii) errors in a precise
knowledge of the cavity depths in the two experiments, (iii) the neglect of viscothermal
acoustic boundary-layer effects (Scott, 1946) in both the surface impedance measurement
and the theory for processing the two sets of impedance data to find the bulk properties,
(iv) possible differing structural edge-mounting effects in the sample, or small air-gaps,
between the two tests. It is suspected that the discrepancies starting from about 3500 Hz
in Figure 6.2 (a), (b) and (c) occur because the first half-wavelength frequency in
Equation (6.14) is being approached. In the present example, since the two cavities are 90
mm and 53 mm and the air velocity is 342.19 m/s, the first half-wavelength frequency
based on Equation (6.14) is 4624 Hz.

To further investigate the discrepancies at high frequencies, additional surface impedance
measurement results were included to calculate the bulk acoustic properties. These are
shown in Tables B.§ and B.9 in Appendix B, for the same test material sample, with both
cavity depths, at high frequencies between 3812.5 and 4500 Hz with a step of 12.5 Hz
(provided by Shin H.-C. at the Umiversity of Cambridge, UK, personal communication,
3rd March, 2005). In other words, to derive the bulk acoustic propertics of the material,
the surface impedance measurement results between 300 and 4500 Hz with an air cavity
depth of 90mm were used for the proposed new method; and the surface impedance
measurement results between 300 and 4500 Hz with both cavity depths were used for

Utsuno’s improved two-cavity method. The optimisation condition for the proposed new
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method using surface impedance measurement results between 300 and 4500 Hz is

shown in Table 6.4 and the optimisation results are shown in Table 6.5.

Table 6.4 Optimisation conditions using surface impedance measurement results

between 300 and 4500 Hz

Optimisation | Optimisation Initial Value(s) | 15 of c,-c; | ub of c,-¢; | Search Termination

Condition ID | Method used of ¢-Cg Condition

16 Fmincon [0.0953, -0.491, [0,-1,0,- [1,0,1,0,1,0, | Termination tolerance
Function 0.0986, -0.665, 1,0,-1,0,-1] 1,03 on the function value,

0.167, -0.636, le-6, set in TolFun
0.174, -0.372) reached
{Cummings and
Beadle, 1993)

Table 6.5 Optimisation and statistical analysis results using surface impedance

measurement results between 300 and 4500 Hz

Optimisation Optimisation | Number of Statistical Analysis Results
Condition | Results of ¢;~cs | Function Overall | RMS | RMS R of | R" of the
ID Evaluations | RMS error | Error of | the Imaginary
When Error of the | the Real Part
Optimised Real Imaginary | Part
Results Part Part
Found
16 [0.1275 -0.4507 161 0.1052 | 0.0727 0.0760 0.9966 0.9962
0.1007 -0.8222
0.1876 -0.7171
0.1574 -0.5061]

The derived bulk acoustic properties between 300 and 4500 Hz using the results of
optimisation condition 16 in Table 6.5 of the proposed new method are provided in
Tables B.10 and B.11 in Appendix B. The bulk acoustic properties between 3812.5 and
4500 Hz obtained using Utsuno's improved two-cavity method are provided in Tables
B.12 and B.13 in Appendix B, which is in addition to those between 300 and 3800 Hz
provided in Tables B.6 and B.7. The bulk acoustic properties, in Tables B.3, B4, B.6,
B.7, B.10, B.11, B.12 and B.13, obtained by different methods are illustrated in Figure
6.3. In addition, Figure 6.3 shows the extrapolated bulk acoustic properties at high
frequencies between 3812.5 and 4500 Hz (see Tables B.14 and B.15 in Appendix B)
using the results of optimisation condition 7 in Table 6.3 which is based on the surface

impedance measurement results between 300 and 3800 Hz.
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Figure 6.3 Comparison between (a) the real part and (b) the imaginary part of the

characteristic impedance (normalised by the characteristic impedance of the air, pc)

between 300 and 4500 Hz obtained by the proposed new method and those obtained by

Utsuno’s improved two-cavity method and comparison between (c) the real part and (d)

the imaginary part of the propagation constant between 300 and 4500 Hz obtained by the

proposed new method and those obtained by Utsuno’s improved two-cavity method.
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Figure 6.3 clearly shows that Utsuno’s improved two-cavity method becomes inaccurate
when the half-wavelength frequency is approached. In fact it may affect a large band of
frequencies - in this case about a 1000 Hz-band between 3500 and 4500 Hz. The
proposed new method is certainly immune from this problem. In addition, it also shows
that there is no significant problem extrapolating the Delany and Bazley (1970) type
curve-fitting formulae beyond the high-frequency limit of the data.

6.4 CONCLUSIONS

This chapter proposed a new method requiring only a single surface impedance
measurement and an optimisation process of the function coefficients of Delany and
Bazley (1970) type curve-fitting formulae to derive the bulk acoustic properties. This
method has several advantages over the traditional two-measurement methods. First, any
experimental errors arising from material inhomogeneity (in the case of the two-thickness
method) or sample mounting (for example, edge effects of various kinds) between the
two tests will be absent. Second, there will be no cumulative random errors in the results
arising from the fact that two sets of experimental data are being combined. And third,
conducting only one impedance test is less time-consuming than doing two tests, so more

effort can be devoted to experimental accuracy within a given time.

An application example was given to demonstrate the use of the proposed new method.
The surface impedance obtained using the proposed new method was verified with that
measured and an excellent fit between them was observed. The derived bulk acoustic
properties using the proposed new method were compared with those obtained using
Utsuno’s improved two-cavity method and generally they were in agreement. The
discrepancies between 300 and 800 Hz were probably due to cumulative random errors in
the results arising from the fact that two sets of experimental data were being combined
for Utsuno’s improved two-cavity method. The discrepancies at high frequencies
between 3500 and 4500 Hz occurred because the first half-wavelength frequency in

Equation (6.14) was being approached. In addition, it was also shown that there was no
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significant problem extrapolating the Delany and Bazley (1970) type curve-fitting
formulae beyond the high-frequency limit of the data.

Using the same example, a comparison of the effectiveness, robustness and efficiency of
EAs and traditional calculus-based optimisation methods was also made. Results of the
different optimisation conditions showed that some traditional calculus-based
optimisation techniques could be effective and efficient optimisation methods for the
present example, when the starting point and/or the range of search were properly
defined. The optimisation process could be completed in approximately three seconds.
However, when the starting point and/or the range of search were not properly defined,
either the efficiency of search was reduced or the optimisation did not converge at all. In
the present example, the EA was an effective method for finding the minimum solution
but it was not as efficient as some traditional calculus-based optimisation techniques with
properly defined starting points and/or range of search. This was easily understandable
because, for every operation of EA, an evaluation of a large number of potential solutions
was undertaken. In the example 90 function evaluations were made for every new
generation. Nonetheless, the EA was not sensitive to the starting point (which could even
be randomly generated) or to the range of the search, This certainly proved the robustness
of the EA.

In the present investigation, the flow resistivity of the test material sample is 3900 SI

rayls/m. Further study is required to investigate how the proposed new method can work

for materials having high steady flow resistivities.
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CHAPTER 7

PREDICTING AND OPTIMISING THE AIRBORNE SOUND
TRANSMISSION OF FLOOR-CEILING CONSTRUCTIONS USING
COMPUTATIONAL INTELLIGENCE

7.1 INTRODUCTION

The acoustic performance of various types of floor-ceiling constructions has become
more and more important in the field of architectural acoustics as residential densities and
occupant amenity expectations increase. Building codes and occupant satisfaction require
the architects to be fully informed as to the sound insulation performance of floor-ceiling
constructions. Manufacturers must have their products tested in standard test facilities to
ensure compliance with building codes. However, in the product development stage,
there are vast ranges of building materials and construction assemblies available for
manufacturers to select. Therefore, numerical analysis, as a complement to the expensive
and time consuming laboratory tests, is needed to predict the sound insulation
performance of constructions that have not been measured. Once an accurate and reliable
numeric model is obtained, the optimisation of the sound insulation performance of the

constructions may be carried out on the basis of this model.

However, there are a large number of parameters (such as surface mass of the
constructions, joint depth, joist spacing, resilient channel spacing, insulation density and
insulation thickness) that may affect the sound insulation performance of floor-ceiling
constructions. Furthermore, the relationship between the parameters and sound insulation
performance of floor-ceiling constructions may also be non-linear. For these reasons, an
accurate prediction and efficient optimisation of the sound insulation performance of the

floor-ceiling constructions has been difficult.

It is an enticing challenge to a theoretician to develop a new method suitable for solving

the given problem. However, from the application point of view, the time for developing
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the technique has to be added to the computer time invested. In that respect, utilising a
non-specialised and robust procedure, to which Computational Intelligence (CI) belongs,
may be worthwhile. CI is one of the approaches to program computers in order to make
them behave as if they were humans who can understand and tackle highly complex
problems. The three major domains of CI are Artificial Neural Networks (ANNs),
Evolutionary Algorithms (EAs), and Fuzzy Logic (FL). As discussed and demonstrated
in the previous chapters, ANNs and EAs are very much capable of handling the problems

that involve multi-parameters and non-linear relationship.

Coomes and Fricke (2001), using the results from acoustic laboratory tests of known wall
partitions, investigated the application of ANNs for predicting the sound transmission
class (STC), and transmission loss (TL) at specific frequencies, for steel and timber stud
drywall constructions. The results obtained were highly encouraging with neural network
designs achieving predictions for STC values within a similar range to those determined
by a number of acoustic laboratories for comparable wall constructions. Fora-Moncada
and Gibbs (2002) applied ANNs to establish the room and wall factors that influence
sound level difference between rooms at low frequencies (40 — 100 Hz). In their work,
the cross-validation average prediction error was 4 dB, with all cases included, or 3 dB, if
equal room configurations were excluded. More details of the above two investigations

can be found in the Literature Review, Section 1.2, of this thesis.

In this chapter, an ANN is first developed on the basis of the data from laboratory tests on
floors to predict the STC of typical floor-ceiling constructions. The predictions of STC
using ANNs are compared with those obtained using the multivariate regression analysis.
Then an evolutionary algorithm is applied to search the multi-dimensional space created
by the ANN in order to find a floor-ceiling construction that meets the STC requirement
set out by the architect. The success of the work presented in this chapter implies that
from the application point of view, it is promising to use ANNs and EAs to form a
general problem-solving framework for architectural and building acoustics problems

that feature high dimensionality and non-linear relationship.
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7.2 PREDICTIONS OF STC USING ANNs

Using the laboratory measurement data, Warnock and Birta (1998) carried out a
multivariate regression analysis to calculate the STC of floor-ceiling constructions. In
this section, on the basis of the same set of laboratory measurement data as used in their
work, an ANN approach for predicting STC of floor-ceiling constructions is first
investigated and then the performance of the predictions is compared with that of

multivariate regression analysis.

7.2.1 Database for the ANN Model

The Institute for Research in Construction (JRC), National Research Council Canada
(CNRC), in collaboration with 18 industry and government partners, carried out a major
research study over the period 1995 to 1998 to measure the acoustical and fire resistance
performance of floor assemblies: Acoustical and Fire Performance of Floor Assemblies.
In this IRC research project, airborne sound transmissions were measured in the floor test
facility to ASTM standard E90 (ASTM, 1999b), and STC values were subsequently
calculated in accordance to ASTM standard E413 (ASTM, 1999a). Most of the floors in
the project incorporated wood joists or trusses. Joist type, length, spacing and depth were
varied. There were only 14 steel joist systems and 4 concrete slab floors. The joist types
comprised solid wood, wood trusses, I-joists, and steel joists. Three types of sound
absorbing material were used: glass wool, rock woeol and cellulose fibre. The
measurements provide an extensive, consistent data set for analysis and testing of
computer models (Warnock and Birta, 1998; Warnock, 1999; Warnock, 2000a; Warnock,
2000b).

One category of floor-ceiling constructions which contained sufficient data to allow a
meaningful analysis was of solid timber joist floors with resilient channels directly
attached to the joists and with sound absorbing material in the cavity. There are seventy
one cases in this category and the ranges of input parameters are shown in Table 7.1.
Warnock’s laboratory study (Warnock, 1996) indicated that floor joist length made no

significant difference to the floor sound transmission; therefore, the joint length was not

148



included as one of the input parameters. Of the 71 cases, 53 were used for training, 8 for

verification and 10 for testing.

Table 7.1 Ranges of input and output parameters

Variable Minimum Maximum
Sound Transmission Class (STC) 47 70
Sound Absorbing Material Density
(InsDensity), kg/m’ 10.1 58.35
Sound Absorbing Material Thickness 59 270
(InsThick), mm
Joist Spacing (JstSpace), mm 305 610
Joist Depth (JstDepth), mm 184 286
Resilient Metal Channel Spacing
(RCSpace), mm 200 610
Floor and Ceiling Layer Surface Density 13 127
(FCMass), kg/m
7.2.2 ANN Model

Figure 7.1 illustrates a three-layer feed-forward ANN architecture applied in the present
chapter. The floor and ceiling layer surface density in kgj'm2 was converted to its
logarithmic value, which yielded a better data distribution than the non-logarithmic value.

One hidden neuron layer, with 3 hidden neurons, was used.

The ANN analysis was undertaken using STATISTICA Neural Networks (Statsoft,
1999). The weights, which were initialised to uniformly-distributed random values using
the “uniform method”, were adjusted by using “back propagation”, “conjugate gradient”
and “quick propagation” algorithms to minimize the prediction error during the training.
Conditions were set within the STATISTICA Neural Networks program by altering the
model’s parameters. “Early stopping” and “Weigend weight regularization” techniques
were used to control over-fitting. Training of ANNs was stopped when the RMS error of
the verification set could no longer be improved. The test set was used to independently

check the performance of the network when an entire network design procedure was

completed.
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Figure 7.1 1llustration of the 3-layer feed-forward artificial neural network for predicting
STC of floor-ceiling constructions (see Table 7.1 for information on the inputs and the

output).

Table C.1 — Table C.4 in Appendix C provides the specifics of the neural network model.
They include the shift and scale factors of inputs, weights and thresholds to each hidden
neuron of the neural network, weights and thresholds to the output neuron of the neural
network and shift and scale factor of the output. The same modus operandi of the ANN
model as introduced in chapter 2 and chapter 4 of this thesis can be applied with these

specifics.

7.2.3 Comparisons of the Predictions of ANN Analysis and Multivariate Regression
Analysis

Table 7.2 presents the statistical analysis results (numbers without brackets) based on the
ANN models specified in the above section. In a regression problem, the standard
deviations (SD) of both the prediction error and original output data are important and
can be related by the standard deviation ratio (SDR). The SDR in a regression problem is
the ratio of the SD of the prediction error to that of the original output data (an SDR of
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0.1 is considered an excellent fit of the data and an SDR of 1.0 is a poor fit) (Statsoft,
1999),

Table 7.2 Statistical analysis results for predictions of ANN analysis and

multivariate regression analysis (in parentheses)

™ Ve Te* En
RMS error 0.758 1.090 0.880 0.821 (1.347)
Error SD® 0.765 1.170 0.906 0.844 (1.219)
SDR' 0.231 0.160 0.179 0.206 (0.297)
R* 0.947 0.988 0.973 0.960 (0.918)

“Tr = training data set.

®Ve = verification data set.

“Te = test data set.

“En = entire data set.

“Error SD = standard deviation of the prediction error.
'SDR= standard deviation ratio.

Warnock and Birta (1998) carried out a multivariate regression analysis on the same
category of data as that discussed here. The equation they derived for calculating the STC

of this category of floor-ceiling constructions is as follows:

STC =1.31+24.4x1og(FCMass)+0.02 x JstDepth + 0.01X JstSpace
+0.02 % InsThick + 0.01x RCSpace + 0.023x InsDensity '

.1
Table 7.2 also shows the statistical analysis results (numbers in parentheses) of the
calculations using Equation (7.1). Since Equation (7.1} was derived on the basis of the
entire data set, only the results of the entire data set are shown. All the statistical results
in Table 7.2 indicate that the ANN model provides more accurate predictions than the
multivariate regression equation does. This may also imply that the relationship between

the input floor parameters and the output STC is indeed non-linear.

Ancther advantage of ANN is its ability to work with nominal values, which is not

possible when using multivariate regression analysis. This enables the ANN to directly
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acquire additional information and knowledge about a given problem domain. In future
work, for instance, a nominal input, “joist type” (timber or other material), could be
included in the ANN model. Also, a sound absorbing material type or code containing
both the information about the density and thickness of the material can be used as one of
inputs of the ANN model. Architects are often more familiar with the sound absorbing
material type or code than the relevant density and thickness of a certain material. The
replacement of two numerical inputs {(sound absorbing material density and thickness)
with one nominal input (sound absorbing material type or code) would further simplify

the prediction model.

7.3 OPTIMISATIONS OF STC USING EAs

Since the search for an appropriate floor-ceiling construction which would meet the
design requirements of the architect involves the evaluation of different combinations of
floor-ceiling construction parameters and, since the non-linear ANN model is more
complex than the linear regression equation, the classic optimisation techniques are
inefficient or unsatisfactory for searching for solutions provided by the ANN model. A
better approach is to use EAs which have the ability and robustness to search a large non-
linear multidimensional space (potential solutions), and which are capable of solving

combinatorial-type problems (Goldberg, 1989).

The parametric study indicated that the most important parameter determining STC
performance of floor-ceiling constructions is the mass of the floor and ceiling layers.
However, other parameters also have an effect on the overall STC performance of floor-
ceiling systems. Hence, there is a need to resolve — once we have an ANN model that
accurately predicts the STC of a certain floor-ceiling construction — how we can optimize
the STC performance of floor-ceiling constructions within the range of design parameters
utilised in buildings. For instance, an architect may wish to know the construction
required to achieve an STC 55 rated floor-ceiling using a relatively low depth type of

solid timber joists (say 235mm deep) and the least mass possible. Consequently, the
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question is posed as to which type of floor—ceiling construction can meet these

requirements.

Genetic and Evolutionary Algorithm Toolbox for Use with Matlab (Pohlheim, 2004) was
used to search the multidimensional space provided by the ANN model presented in
Section 7.2 of this chapter and find an appropriate floor-ceiling construction which would
meet the design requirements of the architect. The searching ranges of the parameters are
those listed in Table 7.1. The ANN model developed was used as the objective function.
Real value variable representations and multipopulation searching were used. Initial
values were randomly generated by the GEATbx (Pohlheim, 2004) within the range of
parameters at the start of the searching. Discrete recombination (Miihlenbein and
Schlierkamp-Voosen, 1995) and real value mutation genetic operators (Pohlheim, 2004)

were employed.

To achieve an STC 55 floor-ceiling construction using 235mm deep solid timber joists,
the searching results indicate that
* the minimum surface weight of the floor and ceiling layers should be 20 kg/m?;
® 235mm thick cellulose fibre sound absorbing material, with a density of 58 keg/m>,
should be applied;
» the joist spacing should be 610mm; and
e the resilient metal channel spacing should be 610mm.

This construction was not included in the original laboratory tests (Warnock and Birta,
1998; Warnock, 2000b).

Nonetheless, the original laboratory tests (Warnock and Birta, 1998; Warnock, 2000b)
show that the following floor-ceiling construction can achieve an STC rating of 52:

* the floor layer is 1 layer of 15mm thick oriented strandboard with a surface
weight of 8.8 kg/m2;

* the ceiling Jayer is 1 layer of 16mm thick gypsum board with a surface weight of
11.3 kg/m2;

® floor joists are 235mm deep solid timber joists with a spacing of 406mm;

153



* the sound absorbing material is 152mm thick glass fibre with a density of 11.1
kg/m3; and
e resilient metal channels are spaced 610mm apart.
The differences in construction methods between the tested laboratory floor-ceiling
system and the one found by EA are the type (density) and thickness of sound absorbing
material and the spacing of joists. From the laboratory tests, Warnock (1999) concluded
that
¢ each increase in sound absorbing material thickness of about 65mm results in an
increases of 1 STC point;
¢ for the same thickness of material, cellulose fibre gives an STC that is higher than
that of glass fibre by about 1 STC point;
e an increase in joist spacing of approximately 200mm will increase the STC by 1

point.

On the basis of Warnock’s conclusions, the increase of sound absorbing material
thickness from 152mm to 235mm will result in an increase of 1 STC point. Furthermore,
a change of sound absorbing material from glass fibre to celluiose fibre will increase STC
by 1 point, and changing the spacing of joists from 406mm centres to 610mm centres will
result in an increase of STC by 1 point. Hence, the overall STC performance of the floor-
ceiling construction tested can be increased from 52 to 55 if its construction is changed to
the searched result of EAs. In other words, the searched result of EAs is in agreement
with laboratory test results and studies. However, the limitation of this verification

process is that it assumes the behaviour of the floor-ceiling construction is linear.

7.4 CONCLUSIONS

The prediction of the airborne sound transmission of floor-ceiling constructions using
ANNs and the optimisation of the airborne sound transmission of floor-ceiling
constructions using EAs were investigated in this chapter. The results of the investigation
showed that ANNs and EAs can be used together to solve architectural and building

acoustics problems that feature high dimensionality and non-linear relationships. From

154



the application point of view, the general framework can be briefly described as first
developing an ANN to numerically describe the input-output relationship of a particular
acoustic problem, and then using an EA to search the multi-dimensional space created by

the ANN to find a particular solution that meets the architect’s requirements.

For solving the particular problem introduced in this chapter (predicting and optimising
the airborne sound transmission performance of floor-ceiling constructions - airborne
STC), initially an ANN model that could predict the STC of timber joist type floor-
ceiling constructions was established, and then an EA was applied to search for an
appropriate floor-ceiling construction capable of meeting the architect’s design
requirements. For the purpose of comparison with Warnock’s work (Warnock and Birta,
1998; Warnock, 1999; Warnock, 2000a; Warnock, 2000b), the same type of measure of
airborne sound transmission, namely STC, was used. A similar analysis to that described
in this paper can be carried out using weighted sound reduction index, Rw, or sound

transmission loss values at any frequency of interest.

The comparison of statistical parameters of predictions made using the ANN and
calculated using multivariate regression equations indicated that the ANN model
provided a more accurate prediction. This may also imply that the relationship between
the input floor parameters and the output STC is non-linear. Future work may investigate
the feasibility of reducing the complexity of the ANN model and providing a more user-
friendly application environment by including nominal inputs, such as “joist type” or
“sound absorbing material type or code”, which is not achievable using multivariate

regression analysis.

In the present study, due to the high cost, it is not feasible to test in a laboratory the
optimised floor-ceiling construction found by the EA. Therefore, the findings from
Warnock’s laboratory tests (Warnock, 1999), which assumed the linear performance of
floor-ceiling constructions, were applied to verify the EA result. With sufficient funding
available in the future, the result found by EAs should be further verified by laboratory

tests.
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Another aspect of the acoustic performance of floor-ceiling constructions, namely impact
transmission, could also be investigated using the same method as that introduced in this
chapter. Multiple-objective EAs could also be applied to optimise STC and IIC (or other
measures of sound transmission} of floor-ceiling constructions together. Optimising IIC
or IIC together with STC is probably a more appropriate use of CI techniques, as the
output may not be dominated by a single input parameter such as mass (which is the

situation with airborne sound transmission).
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CHAPTER 8

CONCLUSIONS AND FURTHER WORK

8.1 SUMMARY OF OBJECTIVES

The development of architectural and building acoustics research and design activity has
long been frustrated by issues such as multiple parameters, multiple criteria,
discontinuous decision spaces and a large quantity of measured data. These complex
situations are not easily reconcilable and therefore remain difficult to resolve using
conventional methods. Computational Intelligence (CI) is one of the approaches to
programming computers that make them behave more like they were human, that is,
having the ability to understand and tackle highly complex problems. Two of the major
domains of CIl are Artificial Neural Networks (ANNs) and Evolutionary Algorithms
(EAs). The present work aimed to show the potential of these techniques when applied to

some architectural research and design issues.

It is an enticing challenge to a theoretician to develop a new method suitable for solving
the given problem. However, from the application point of view, the time for developing
the technique has to be added to the computer time invested. In that respect, utilising a
non-specialised and robust procedure, to which ANNs and EAs belong, may be
worthwhile. With the inherent power of CI, it is promising to use ANNs and EAs to solve
architectural and building acoustics problems that feature high dimensionality, multiple

criteria, discontinuous decision spaces and a large amount of data collection.

The general objective of the present research was to assess the application of ANNs and
EAs to build a methodological framework for design and research associated with
architectural and building acoustics. This methodological framework should be easily
understood and handled, and is either usable as a black box method or open to the

incorporation of new or old recipes for further sophistication, specialization or
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hybridisation. It is hoped that the ongoing research will lead to other applications of

ANNSs and EAs in the field of architectural and building acoustics.

The topics for the investigation in the present work were chosen on the basis of need and
the data available. Thus it was decided to concentrate the research effort in the following
specific topics: 1) predicting architectural speech intelligibility and security that involve
multiple decision parameters; 2) optimising the design of flat-walled multi-layered
anechoic linings that features multiple criteria decision making, multiple decision
parameters and discontinuous decision spaces; 3) developing a new method for deriving
the bulk acoustic properties of a rigid porous medium from a single impedance test,
which needs to deal with a large quantity of measured data; and 4) predicting and
optimising the airborne sound transmission of floor-ceiling constructions that involves

multiple decision parameters.

In the present work, the application of ANNs to architectural acoustic issues has been
extended to those not considered previously; and, perhaps more importantly, EA
techniques have been applied to optimise acoustic designs, which has been difficult in the

past.

8.2 CONCLUSIONS

The investigation in chapter 4 indicates that the ANN approach provides a direct and
accurate method for predicting architectural speech intelligibility scores and security
thresholds. The current method for predicting speech intelligibility and privacy first
requires the development of an index and then requires the index to be related to
subjective scores using a transfer function (ANSI, 1969; ANSI, 1997; Gover and Bradley,
2004). The ANN approach can avoid this two step process by using the signal-to-noise
(S/N) ratio information to directly predict the subjective speech intelligibility score and
security thresholds. Compared with the previous work (Gover and Bradley, 2004) that
used one-third-octave band S/N ratios, the ANN approach used only “octave band” S/N

ratios and performed comparably for the predictions of the intelligibility score, the
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intelligibility threshold and the cadence threshold, and better for the prediction of the
audibility threshold.

Specifics of the ANN models for predicting the speech security and intelligibility scores
were also provided. With this information, ANN models can be embedded into standard
spreadsheet applications, thus allowing predictions to be made in a transparent and direct

fashion.

Similar investigations using one-third-octave band (160 Hz — 8000 Hz) S/N ratios have
also been conducted in the present work, However, the statistical results of the one-third-
octave band analysis were only slightly better than those of the octave band analysis. This
may be due to the information in adjacent one-third-octave bands being highly correlated

and therefore not contributing any significant new information to the ANN.

Chapter 5 demonstrates that a multi-objective evolutionary algorithm (EA} can be
successfully employed as an optimiser to aid and speed up the design of flat-walled
multi-layered anechoic linings. Two types of material, fully-reticulated (open-cell)
polyurethane foams and fibrous building insulation material, were investigated. The
general optimisation procedure was first demonstrated for a three-layered lining system
composed of fully-reticulated (open-cell) polyurethane plastic foams and targeted a cut-
off frequency of 100 Hz. Then, a detailed investigation was carried out on the application
of multi-layered polyurethane foams as flat-walled anechoic linings. The major findings
of the investigation were 1) a single layer of material was not as effective as a flat-walled
multi-layered anechoic lining; 2) for low (100 Hz) and mid (250 Hz) cut-off frequencies
the minimum number of layers needed to achieve the minimum overall thickness was
three, and for high (500 Hz) cut-off frequency the minimum number of layers to achieve
the minimum overall thickness was two; 3) for the material investigated in the present
work and for cut-off frequencies between 100 and 250 Hz inclusive, using a three-layered
flat-walled anechoic lining, the achievable mimimum overall thickness was between a
quarter wavelength in the lining composite and a quarter wavelength in the air for the

corresponding cut-off frequency: 4) for a three-layered lining composite the material with
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low flow resistivity should be placed in front of the material with high flow resistivity.
For the material investigated, to achieve a cut-off frequency between 100 and 250 Hz, the
required flow resistivity for each layer of material in the three-layered lining composite
basically did not vary with the cut-off frequency. The average flow resistivity for the
front layer of material was 400 SI rayl/m, which is close to the characteristic impedance
of air, and the average flow resistivities for the mid and back layers were 1700 and 6200
SI rayl/m respectively; 5) for the three-layered lining composite, the required thickness of
the back layer basically did not vary with the cut-off frequency and was around 0.125 m.
The thicknesses of the front and the mid layers had to be increased to achieve the
decreased cut-off frequency; 6) to achieve the designed performance of the lining
composite air gaps should be avoided. The above investigation results provide the

benchmark and guidelines for the design of flat-walled multi-layered anechoic linings.

An investigation using fibrous building insulation material was also carried out in the
form of an application case. The bulk acoustic properties of sixteen of the most
commonly used commercial fibrous building insulation materials available in Australia
were measured and, on the basis of the measurement results, a multi-objective
evolutionary algorithm was used to optimise the design of a flat-walled multi-layered
anechoic lining to meet the design criteria - a 250 Hz cut-off frequency with a maximum
lining thickness of 300 mm. Nonetheless, because of the discrete nature of the problem,
different data representation and evolutionary mutation operator to those applied in the

investigation of polyurethane foams were used.

Results of the EA search indicated that for the sixteen materials investigated there were
fourteen options that could achieve a cut-off frequency of 250 Hz with the overall lining
thickness less than 300 mm. For all the options, the materials in the lining system
" exhibited a trend of a graduated increase in density and flow resistivity from the front
layer (Layer 3) to the back layer (Layer 1). The options found by EA were evaluated on
the basis of their costs and two options were short-listed. The acoustic performances of
the short-listed options were then measured in an impedance tube. The difference

between the measured and predicted performances may be due to the errors resulting
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from the measurement of bulk acoustical properties, the inaccuracy of the prediction
equation and the limitations of the experimental apparatus, all of which, unfortunately,
are unpredictable and unquantifiable. The option that had the lower measured pressure
reflection factors at low frequencies was used as the lining system for the anechoic room
in the MARCS Auditory Laboratories at the University of Western Sydney. The lining
system finally used in the anechoic room had an overall thickness of 295 mm, which is
about 45 mm less than a quarter of a wavelength at the cut-off frequency of 250 Hz. The
material cost of the applied lining system was about fifty Australian dollars per square
metre. The completed anechoic room, where the optimised design was applied, was
qualified and the results showed that a large percentage (75% - 85%) of the distance

between the sound source and the room boundaries, on the traverses made, was anechoic.

The success of this application case also shows the effectiveness of EAs for solving
combinatorial-type problems featuring discontinuous decision spaces, which is difficult

or even impossible, for traditional optimisation methods.

A new method of deriving the bulk acoustic properties of a rigid porous medium was
proposed in chapter 6. The method required only a single surface impedance
measurement and an optimisation process of the function coefficients of Delany and
Bazley (1970) type curve-fitting formulae. This method has several advantages over the
traditional two-measurement methods. First, any experimental errors arising from
material inhomogeneity (in the case of the two-thickness method) or sample mounting
(for example, edge effects of various kinds) between the two tests will be absent. Second,
there will be no cumulative random errors in the results arising from the fact that two sets
of experimental data are being combined. And third, conducting only one impedance test
is less time-consuming than doing two tests, so more effort can be devoted to

experimental accuracy within a given time.
An application example was given to demonstrate the use of the proposed new method.

The surface impedance obtained using the proposed new method was verified with that

measured and an excellent fit between them was observed. The derived bulk acoustic
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properties using the proposed new method were compared with those obtained using
Utsuno’s improved two-cavity method and generally they were in agreement. The
discrepancies between 300 and 800 Hz were probably due to cumulative random errors in
the results arising from the fact that two sets of experimental data were being combined
for Utsuno’s improved two-cavity method. The discrepancies at high frequencies
between 3500 and 4500 Hz occurred because the first half-wavelength frequency in
Equation (6.14) was being approached. In addition, it was also shown that there was no
significant problem extrapolating the Delany and Bazley (1970) type curve-fitting
formulae beyond the high-frequency limit of the data.

There will always remain a dichotomy between efficiency and general applicability and
between reliability and effort of problem-solving, especially with optimum-seeking
algorithms. Any specific knowledge about the given situation may be used to specify an
adequate solution algorithm. On the other hand, there cannot exist one method that solves
all problems effectively as well as efficiently. Using the same example, also in chapter 6,
a comparison of the effectiveness, robustness and efficiency of EAs and traditional
calculus-based optimisation methods was made. Results of the different optimisation
conditions showed that some traditional calculus-based optimisation techniques could be
effective and efficient optimisation methods for the present example when the starting
point and/or the range of search were properly defined. The optimisation process could be
completed in approximately three seconds. However, when the starting point and/or the
range of search were not properly defined, either the efficiency of search was reduced or
the optimisation did not converge at all. In the present example, the EA was an effective
method for finding the minimum solution but it was not as efficient as some traditional
calculus-based optimisation techniques with properly defined starting points and/or range
of search. This was easily understandable because, for every operation of EA, an
evaluation of a large number of potential solutions was undertaken. In the example 90
function evaluations were made for every new generation. Nonetheless, the EA was not
sensitive to the starting point (which could even be randomly generated) or to the range

of the search. This certainly proved the robustness of the EA.
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The prediction of the airborne sound transmission of floor-ceiling constructions using
ANNs and the optimisation of the airborne sound transmission of floor-ceiling
constructions using EAs were investigated in this chapter. The investigation results
showed that ANNs and EAs can be used together to solve architectural and building
acoustics problems that feature high dimensionality and non-linear relationships. From
the application point of view, the general framework can be briefly described as first
developing an ANN to numerically describe the input-output relationship of a particular
acoustic problem, and then using an EA to search the multi-dimensional space created by
the ANN to find a particular solution that meets the requirement of the architect or other

designers.

For solving the particular problem introduced in chapter 7 (predicting and optimising the
atrborne sound transmission performance of floor-ceiling constructions), initially an
ANN model that could predict the sound transmission class (STC) of timber joist type
floor-ceiling constructions was established, and then an EA was applied to search for an
appropriate floor-ceiling construction capable of meeting the architect’s design
requirements. The comparison of statistical parameters of predictions made using the
ANN and calculated using multivariate regression equations indicated that the ANN
model provided a more accurate prediction. This may also imply that the relationship

between the input floor parameters and the output STC is non-linear.

8.3 FURTHER WORK

The investigation carried out in chapter 4 only takes into account the S/N ratios in
predicting the architectural speech intelligibility score and security thresholds. Other
factors, such as talker gender and voice characteristics, speech material, room
characteristics and so on, could be included in the ANN models to investigate the

possibility of further improving the prediction accuracy.

In chapter 5, in the design of the lining system for the anechoic room in the MARCS
Auditory Laboratories at the University of Western Sydney, some difference between the

165



measured and predicted pressure reflection factors were observed. One of the reasons for
this discrepancy may have been because of the errors resulting from the measurement of
bulk acoustical properties. The method applied in chapter 5 for the determination of bulk
acoustic properties was the two-thickness method (Smith and Parrott, 1983), which
requires that two test samples have identical bulk acoustical properties and that there is
no variation associated with the mounting of test samples between measurements. Further
work should be undertaken to investigate whether the difference between the measured
results and the predicted results can be reduced by applying other techniques for deriving
the bulk acoustic properties, especially the proposed new method in chapter 6 of the
present thesis. Further work should also investigate the lining composite for achieving
different cut-off frequencies with a wider selection of materials. To improve the sound
absorption performance of a single layer of material, cooperation with sound-absorbent
material manufacturers could also be undertaken to develop a material that has graduated

flow resistivities and densities.

The proposed new method for deriving the bulk acoustic properties of a rigid porous
medium (see chapter 6) may not be effective for material having a very high flow
resistivity. Further study is required to investigate how the proposed new method can be

used or modified to be used for this type of material.

As an extension of the study in chapter 7, to provide a more user-friendly application
environment and reduce the complexity of the ANN model, further work may investigate
the feasibility of including nominal inputs, such as “joist type” or “sound absorbing
material type or code” - which is not achievable using multivariate regression analysis -
for predicting the acoustic performance of floor-ceiling constructions. Also, with
sufficient funding available in the future, the result found by the EA in chapter 7 could be

verified by laboratory tests.
Another aspect of the acoustic performance of floor-ceiling constructions, namely impact

transmission, could also be investigated using the same method as that introduced in

chapter 7. Multiple-objective EAs could also be applied to optimise STC and IIC (or
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other measures of sound transmission) of floor-ceiling constructions together. Optimising
IIC or IIC together with STC is probably a more appropriate use of CI techniques, as the
output may not be dominated by a single input parameter sach as mass (which is the

situation with airborne sound transmission).

Finally, the work presented in this thesis is sufficiently encouraging for the CI techniques

to be applied to other areas of acoustic research and design.
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APPENDIX A

DETAILS AND STATISTICAL ANALYSIS RESULTS OF ARTIFICIAL
NEURAL NETWORKS FOR PREDICTING ARCHITECTURAL SPEECH
INTELLIGIBILITY AND SECURITY USING ONE-THIRD-OCTAVE
BANDS SIGNAL-TO-NOISE RATIOS

Table A.1 Ranges of input variables of each ANN model using one-third-octave

band signal-to-noise (S/N) ratios

The Range of Input Variables The Range of Input
for Predicting the Variables for Predicting the
Intelligibility Scores and the Cadence Threshold and the
Intelligibility Threshold Audibility Threshold
Input Variables Minimum Maximum Minimum Maximum
dB dB dB dB
S/N Ratio at 160 Hz -32.3 26.9 -23.7 9.9
S/N Ratio at 2000 Hz -38.4 12.4 -38.4 -8.3
S/N Ratio at 250 Hz -31.3 8.4 313 29
S/N Ratio at 315 Hz -30.3 11.3 -30.3 0.0
S/N Ratio at 400 Hz -29.4 13.7 -29.4 -1.9
S/N Ratio at 500 Hz -30.9 15.0 -30.9 2.1
S§/N Ratio at 630 Hz -32.6 10.7 -32.6 -1.5
S/N Ratio at 800 Hz -33.4 2.7 -33.4 -13.1
S/N Ratio at 1 kHz -32.7 2.8 -32.6 -15.5
S/N Ratio at 1.25 kHz -32.6 -0.4 -31.9 -11.6
S/N Ratio at 1.6 kHz -29.8 2.8 -29.8 -6.8
S/N Ratio at 2 kHz -29.1 10.7 -28.6 -2.5
S/N Ratio at 2.5 kHz -26.4 15.5 -25.7 2.1
S/N Ratio at 3.15 kHz -27.6 12.3 -22.5 3.2
S/N Ratio at 4 kHz -28.5 8.7 =222 -5.0
S/N Ratio at 6.3 kHz -28.3 13.4 -20.2 -2.4
S/N Ratio at 8 kHz -26.4 10.7 -18.5 -6.2
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Table A.2 Shift and scale factors to inputs of each ANN model using one-third-
octave band S/N ratios

Input variables ANN Model for ANN Model for Predicting ANN Model for ANN Model for
Predicting Intelligibility Intelligibility Threshold Predicting Cadence Predicting Audibility
Scores Threshold Threshold
Shift Scale Shift Scale Shift Scale Shift Scale
S/N Ratio at 160 Hz 0.5453 0.0169 0.5249 0.0176 0.7050 00298 0.7480 0.0316
S/N Ratio at 2000 Hz 0.7556 0.0197 0.7684 0.0200 1.2742 .0332 1.2740 0.0332
S/N Ratio at 250 Hz 0.7882 0.0252 0.7882 0.0252 1.1042 0.0363 1.1008 (.0351
S/N Ratio at 315 Hz 0.7262 0.0240 (0.7292 0.0240 .9992 0.0329 0.9992 0.0329
S/MN Ratio at 400 Hz 0.6827 0.0232 6827 00232 1.0673 0.0363 1.0673 0.0363
S/N Ratio at 500 Hz 0.6728 00218 0.6728 00218 1.0718 0.0347 1.0718 0.0347
S/N Ratio at 630 Hz 0.7522 0.0231 0.7514 3.0232 1.04835 0.0322 1.0485 0.0322
S/N Ratio st 800 Hz 0.9263 0.0277 0.9410 0.0282 1.6450 0.0493 1.9085 0.0572
S/N Ratio at 1 kHz 0.9206 0.0281 0.9206 0.0281 1.9117 (0.0586 1.9117 0.0586
S/N Ratio at 1.25 kHz £.0139 0.0311 1.0139 0.0311 1.5746 0.0406 1.5713 0.04913
S/N Ratio at 1.6 kHz 0.9134 0.0307 0.9134 0.0307 1.2935 0.0435 1.2935 $.0435
S/N Ratio at 2 kHz 0.7320 L0252 0.7320 0.0252 1.60573 3.0383 1.0973 0.0383
S/N Ratio at 2.5 kHz 0.6291 0.0239 0.6291 0.0239 0.9231 0.0359 0.9231 0.0359
S/N Ratio at 3.15 kHz 0.6919 0.0251 0.6919 0.0251 0.8773 0.0389 0.8773 0.0389
S§/N Ratio at 4 kHz 0.7669 0.0269 0.7669 0.0269 1.2888 0.0579 1.3157 0.0591
S/N Ratio at 6.3 kHz 0.6791 0.0240 0.7492 00265 1.1377 0.0563 1.1377 0.0563
S/N Ratio at 8 kHz 4.7110 0.0269 0.7272 00276 1.5096 0.0818 1.5067 0.0816
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Table A.3 Weights and biases to hidden neurons of each ANN model using one-

third-octave band S/N ratios

ANN Model for Predicting
Intelligibility Scores

ANN Model for Predicting
Intelligibility Threshold

ANN Model for Predicting
Cadence Threshold

ANN Model for Predicting
Audibility Threshold

h1#01

h1402

h1#03

h1#01

h1#02

h1#03

hi#01

hi#02

h1#03

hi#01

hI#02

h1#03

Bias

0.6618

04631

7.4964

0.2604

-6.5581

0.0867

-0.1935

0.9061

-4.5788

4.4580

4.7960

2.6819

Ratio
at
160

0.2600

0.5531

«0.3364

0.8530

30748

0.4031

-0.1198

0.6566

~0.2423

0.7386

2.8072

-1.7904

Ratio
at
2000

1.4678

0.4204

2.1696

1.7110

-3.5840

1.4639

29919

-3.3742

-3.4275

2.1972

1.3530

-1.9391

Ratio
at
250

-0.4848

0.1587

0.5699

0.0067

-1.0307

0.1605

-0.7808

04211

-0.9066

-0.7202

3.0498

-1.1777

Ratio
at
315

6.5726

.2285

-1.0849

-0.0928

1.3142

0.8726

-2.8153

1.7374

2.1189

-1.5362

-4.5817

2.5482

Ratieo
at
400

1.0424

06222

2.7649

0.6673

-2.0549

0.307%

0.1227

-1.16635

-1.6673

1.6314

2.6688

0.4239

Ratio
at
500

1.7237

1.0584

4.7406

0.3650

-2.4946

Q.0997

-1.6354

1.3643

1.7324

2.1388

2.5486

0.2391

Ratie
at
630

1.5073

1.1896

0.1833

05.8859

1.4410

2.5015

-3.0224

-4 4803

3.4614

21725

-0.3058

Ratio
at
800

£.0491

1.1118

-0.0876

2.3213

-2.4410

1.4857

-.8064

1.5273

2.6156

06.0654

-3.3510

21679

Ratio
atl

1.7880

0.6415

-0.4047

2.8141

-0.2973

0.2086

0.3829

0.073%

-0.2391

1.1607

2.4622

G.2054

Ratio
at
1.25

0.1493

£1194

1.8849

0.8934

-1.5928

1.2533

-1.4178

[.3116

1.5926

~-.9453

-6.2791

2.0413

Ratio
at 1.6
kHz

3.3092

0.4267

0.7130

3.1996

9247

0.8371

-1.8957

1.3775

4.1318

-3.3930

-1.7700

1.1078

Ratio
at 2

-0.5991

-0.0081

1.2408

0.7498

-0.2927

0.6531

3.9324

-2.1612

-4.0013

20707

3.6251

-3.8452

SN
Ratio
at 2.5

-0.2268

02508

-0.8551

-3.3902

03577

27284

~2.3846

-4 0365

3.3577

52778

-4.0614
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ANN Model for Predicting
Intelligibility Scores

ANN Model for Predicting
Intelligibility Threshold

ANN Model for Predicting
Cadence Threshold

ANN Model for Predicting
Audibility Threshold

hi#01

hi#)2

h1#63

h1#o1

h1#62

h1#03

hi#61

hi1#02

h1#03

h1#01

h1#02

h1#03

SN
Ratio
at
315

«0,5094

0.2727

0.1641

-1.5645

02797

1.4628

4.5197

-4.6323

-6.4257

3.1764

9.9580

-3.8420

Ratio
atd
kHz

0.7472

-0.2862

1.3078

04513

04841

0.4002

1.6065

0.0376

-0.5232

0.8778

2.8643

-13171

Ratio
at 6.3

-0.8792

0.3984

-1.5997

-2.7692

03561

2.8427

-0.8502

-1.9022

1.2508

4.3739

17148

Ratio
at 8
kHz

-1.0926

0.0844

0.8817

-1.1649

-1.2248

0.2551

«1.38%0

-0.2391

0.1133

(L.G549

-0.8226

-0.1886
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Table A.4 Weights and biases to the output neuron of each ANN model using one-
third-octave band S/N ratios

ANN Model for ANN Model for ANN Model for ANN Model for

Predicting Predicting Predicting Predicting

Intelligibility Scores Intelligibility Cadence Aundibility

Threshold Threshold Threshold
Output (Intelligibility | Output (Intelligibility | Output (Cadence Output

Scores) Threshold) Threshold) (Audibility

Threshold)
Bias 0.4058 -0.4518 -1.6303 -0.0066
h1#01 -1.5018 -1.3673 -0.6447 -0.1512
h1#02 1.9459 -1.2363 0.0736 1.1394
h1#03 0.9548 1.9226 -1.2202 1.1378
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Table A.5 Statistic results for ANN predictions using one-third-octave band S/N

ratios
ANN Model for Predicting ANN Model for Predicting ANN Model for Predicting ANN Model for Predicting
Intelligibility Scores Intelligibility Threshold Cadence Threshold Audibility Threshold
" Ve© Te* En* T Ve Te* En* i ve" Te* Ent it ve* Te* En"
gﬁ:ﬁ_ 0203 | QE9S Y 0200 | 0202 {1 0100 | 0090 | O.H1S | 0102 1 0077 | 0.042 | 0040 | 0072 | 0067 | Q080 | 0.0 0069
E{;"" 0202 | 0.195 | 0200 | 0202 | 0100 | 0098 | 0.5 | 0102 | 0677 | 0042 | 0050 | 0072 | 0069 | 0016 | 0oos | oaoss
SDR.! | 0471 | 0452 | 0468 | 0469 | 0242 | 0235 | 0.277 | 0245 | 0185 | 0,107 | 6.122 | 0.172 | 0182 | 0.049 | 0.229 | 0.182
R? 0778 | 0.795 | 0781 0780 | 0942 | 0945 | 0.924 | 0540 | 0966 | 0989 | 0.987 | 0971 0967 | 0998 | 0955 | 0.967

*Tr = training data set.

®Ve = verification data set.
“Te = test data set.

“En = entire data set.

*Error SD = standard deviation of the prediction error.

'SDR = standard deviation ratio.

174




APPENDIX B

SURFACE IMPEDANCES AND BULK ACOUSTICAL PROPERTIES OF
THE TEST MATERIAL SAMPLE (A PIECE OF 30 MM THICK
CELLULAR FOAM) USED IN CHAPTER 6

Table B.1 Measured surface impedance (normalised by the characteristic
impedance of the air, pc), between 300 and 3800 Hz, of the material sample with an

air cavity of 90 mm between the test material sample and the rigid walil

Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Par¢
300 0.3652 -1.1391 700 0.4365 0.0818
312.5 0.3608 -1.0741 712.5 0.4373 0.1089
325 0.3676 -1.0219 725 0.4389 0.1424
337.5 0.3709 -0.9604 737.5 0.4395 0.1684
350 0.3739 -0.9076 750 0.4409 0.2017
362.5 0.3798 -0.8302 7625 0.4462 0.2357
375 0.3705 -0.8028 715 0.4439 0.2621
387.5 0.3779 -0.7443 787.5 04403 0.2911
400 0.3737 -0.7067 800 0.4373 0.3368
412.5 : 0.3852 -0.6672 812.5 0.4435 0.3762
425 0.3818 -0.6234 825 0.4571 0.4220
437.5 0.3781 -0.5818 837.5 0.4625 0.4523
450 0.3849 -0.5396 850 0.4703 0.4933
462.5 (.3923 -0.5031 862.5 0.4854 0.5460
475 (.3800 -0.4636 B75 0.4984 0.5787
487.5 0.3916 -0.4293 887.5 0.5208 0.6244
500 0.3910 -0.3519 900 0.5456 0.6588
512.5 0.3965 -0.3581 512.5 0.5570 0.6973
525 0.3980 -0.3273 925 0.5884 0.7240
537.5 0.31085 -0.2966 937.5 0.6006 0.7737
550 0.4034 -0.2632 950 0.6128 0.8225
562.5 0.4087 -0.2355 962.5 0.6429 0.8529
575 0.4129 -0.2026 975 0.6534 0.9009
587.5 0.4115 -(.1748 987.5 0.6795 0.9451
600 0.4144 -0.1457 1000 0.7016 0.9864
612.5 0.4165 -0.1164 1012.5 0.7498 1.0416
625 0.4201 -0.0886 1025 0.7587 1.0957
637.5 0.4246 -0.0570 1037.5 0.7977 1.1377
650 04271 -0.0296 1050 (.8290 1.1861
662.5 0.4298 -0.0013 1062.5 0.8797 1.2648
675 0.4315 0.0248 1075 0.9001 1.3038
687.5 0.4350 0.0549 1087.5 0.9460 1.3403

175




Frequency (Hz} Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
1100 1.0206 1.4346 1687.5 0.3908 -1.2265
1112.5 1.03520 1.4811 1700 0.3764 -1.1701
1125 1.0922 1.5627 1712.5 0.3499 -1.1010
1137.5 1.1579 1.6322 1725 (.3358 -1.0344
1150 1.2733 1.6964 1737.5 0.3140 -.9729
1162.5 1.3252 1.7880 1750 .3092 -0.9205
1175 1.4075 1.8656 1762.5 0.299]1 -0.8668
1187.5 1.5710 1.9682 1775 0.3003 -0.8019
1200 1.6548 2.0715 1787.5 0.2950 -0.7619
1212.5 1.8274 2.1695 1800 0.2966 -0.7081
1225 1.9905 2.3385 1812.5 0.2900 -0.6649
12375 2.2562 2.3428 1825 0.2907 -0.6199
1250 2.4013 2.4790 1837.5 0.2851 -0.5724
1262.5 2.7981 2.5076 1850 0.2824 -0.5338
1275 3.0740 2.5677 1862.5 0.2851 -0.4882
1287.5 3.5502 2.6366 1875 0.2092 -0.4460
1300 4.0878 2.5685 1887.5 0.2915 -0.4135
1312.5 4.5291 2.4103 1900 0.2907 -0.3723
1325 3.2627 2.0442 1912.5 0.3002 -0.3361
1337.5 57482 1.7375 1925 {.3071 -0.2988
1350 6.2547 1.0640 1937.5 0.3116 -0.2638
1362.5 6.5046 0.0857 1950 0.3203 -0.2287
1375 6.6546 -0.7516 1962.5 0.3260 -0.1943
1387.5 6.5182 -1.6125 1973 0.3400 -0.1659
1400 6.0225 -2.4000 1987.5 0.3416 .1336
1412.5 5.3219 -3,2559 2000 0.3476 -0.1035
1425 4.7540 -3.5681 2012.5 0.3592 -0.0718
1437.5 3.7879 -3.6606 2025 0.3598 -0.0539
1450 3.2448 -3.7435 2037.5 0.3732 -0.0041
1462.5 2.6629 -3.6382 2050 0.3726 0.0145
1475 2.1870 -3.4725 2062.5 0.3825 0.0447
1487.5 1.9256 -3.2882 2075 0.40353 0.0886
1500 1.4495 -2.9764 2087.5 0.4024 0.1132
1512.5 1.3127 -2.8011 2100 0.4064 0.1364
1525 1.0890 -2.6768 21125 0.4243 0.1769
15375 0.9082 -2.4558 2125 0.4336 0.2003
1550 0.7747 -2.3044 21375 0.4457 0.2307
1562.5 0.7105 -2.1540 2150 0.4705 0.2685
1575 0.6333 2.0213 2162.5 0.4655 0.2892
1587.5 0.5733 -1.8802 2175 0.4963 0.3117
1600 0.5341 -1.7759 2187.5 0.4999 0.3510
1612.5 0.5047 -1.6660 2200 0.5195 0.3750
1625 0.4834 -1.5709 2212.5 0.5330 0.4290
1637.5 0.4649 -1.4832 2225 0.5602 0.4361
1650 0.4408 -1.4087 2237.5 0.5778 0.4911
1662.5 0.4426 -1.3436 2250 0.5883 0.5154
1675 0.4172 -1.2932 2262.5 0.6298 0.5322
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Frequency (Hz) Real Part Imaginary Part Frequency {Hz) Real Part Imaginary Part
2275 0.6506 (.5840 2862.5 1.7717 -1.8616
2287.5 0.6634 0.6229 2875 1.6545 -1.8403
2300 0.7075 0.6423 2R87.5 1.5009 -1.7865
2312.5 0.7187 0.6919 2900 1.3908 -1.7856
2325 0.7575 0.7168 2912.5 1.2808 -1.7256
2337.5 0.7869 0.7580 2925 1.1966 -1.6930
2350 0.8426 0.8008 2937.5 1.1007 -1.6289
2362.3 0.8646 0.8368 2950 1.0442 -1.5898
2375 0.9204 0.8640 2962.5 0.9674 -1.5323
2387.5 0.9492 0.9129 2975 0.8851 -1.4898
2400 1.00359 0.9565 2987.5 0.8339 -1.4313
2412.5 1.0591 0.9808 3000 0.7887 -1.3810
2425 1.1254 1.0264 3012.5 0.7362 -1.3297
2437.5 1.1714 1.0446 3025 0.6891 -1.2905
2430 1.2354 1.0913 3037.5 0.6537 -1.2434
2462.5 1.2950 1.1056 3050 0.6280 -1.1844
2475 1.3725 1.1547 3062.5 0.5895 -1.1372
2487.5 1.4537 1.1657 3075 0.5495 -1.0954
2500 1.5312 1.2360 3087.5 0.5271 -1.0624
2512.5 1.6472 1.2791 3100 0.5003 -1.0103
2525 1.7505 1.2843 31125 0.4767 -(.9690
2537.5 1.8754 1.2968 3125 0.4575 -0.9145
2550 2.0178 1.3132 31375 0.4315 -0.8806
2562.5 2.1580 1.2924 3150 0.4141 -0.8298
2575 2.3085 1.2564 3162.5 0.3982 -0.7809
2587.5 2.5147 1.2054 3175 0.3933 -(0.7436
2600 2.6476 1.1132 3187.5 0.3849 -0.6944
2612.5 2.8049 1.0682 3200 0.3724 -0.6599
2623 2.8923 0.9624 32125 0.3647 -0.6249
26375 3.0823 0.8090 32325 0.3601 -0.5883
2650 3.2344 0.0144 3237.5 0.3559 -0.5426
2662.5 3,3215 0.4798 3250 0.3409 -0.5090
2675 3.3900 0.2253 3262.5 0.3356 -0.4802
2687.5 3.4421 0.0695 3275 0.3374 -0.4434
2700 3.5357 -0.2007 3287.5 (0.3289 -0.4064
2712.5 3.4538 -0.4260 3300 0.3281 -0.3755
2725 3.4443 -0.6191 3312.5 0.3258 -0.3390
2737.5 3.4182 -0.8800 3325 0.3219 -0.3013
2750 3.2570 -1.1787 33375 0.3294 -0.2736
2762.5 3.1914 -1.2711 3350 0.3162 -0.2356
2775 ' 2.9898 -1.4634 3362.5 0.3201 -0.2016
2787.5 2.8008 -1.6140 3375 0.3304 -0.1636
2800 2.6239 -1.6650 3387.5 0.3331 -0.1304
28125 2.4617 -1.7376 3400 0.3349 -0.1068
2825 2.2327 -1.8273 34125 0.3348 -0.0715
2837.5 2.0807 -1.8873 3425 0.3426 -0.0432
2850 1.9255 -1.8648 3437.5 0.3366 -0.0081
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
3450 0.3536 0.0150 3637.5 0.5054 0.4456
3462.5 0.3549 0.0435 3650 0.5143 0.4763
3475 0.3555 0.0739 3662.5 0.5273 0.5008
3487.5 0.3634 0.1085 3675 0.5555 0.5362
3500 0.3691 (.1384 3687.5 0.5777 0.5674
35125 03771 0.1660 3700 0.6116 0.5758
3525 0.3819 0.1985 3712.5 0.6396 0.6331
3537.5 0.397%¢ 0.2208 3725 0.6527 0.6417
3550 0.4135 0.2537 37375 0.6952 0.6702
3562.5 0.4269 0.2761 3750 0.7268 0.7240
3575 (0.4343 (.3000 3762.5 0.7585 0.7601
3587.5 0.4486 0.3373 3775 0.7890 0.7921
3600 0.4582 0.3529 3787.5 0.8256 (.8365
3612.5 (0.4643 (0.3812 3800 0.8775 0.8806
3625 0.4872 0.4050
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Table B.2 Measured surface impedance (normalised by the characteristic

impedance of the air, pc), between 300 and 3800 Hz, of the material sample with an

air cavity of 53 mm between the test material sample and the rigid wall

Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
300 0.3523 -1.7412 325 0.3618 -0.1885
3125 0.3738 -1.6860 837.5 0.3523 -0.1723
325 0.3631 -1.6442 850 0.3443 -0.1375
3375 0.3606 -1.5528 862.5 0.3479 -0.1052
350 0.3633 -1.4933 875 0.3537 -0.0717
362.5 0.3544 -1.4298 887.5 0.3629 -0.0452
375 0.3609 -1.3680 900 0.3751 -0.0212
387.5 0.3650 -1.3119 912.5 0.3840 0.0010
400 0.3689 -1.2493 925 0.3938 0.0199
412.5 0.3765 -1.2148 937.5 0.3976 0.0398
425 0.3808 -1.1615 950 (.4005 0.0583
437.5 0.3706 -1.1131 962.5 0.4130 0.0860
450 0.3706 -1.0764 975 0.4154 0.1066
462.5 0.3586 -1.0145 987.5 0.4238 0.1236
475 0.3625 -0.9878 1000 0.4218 0.1489
487.5 0.3585 -0.9463 1012.5 0.4341 0.1700
500 0.3641 -0.9061 1025 0.4344 0.1899
512.5 0.3607 -0.8723 1037.5 0.4452 0.2104
525 0.3656 -0.8354 1050 (.4488 0.2292
537.5 0.3579 -0.7987 1062.5 0.4606 0.2539
550 0.3627 -0.7649 1075 0.4595 0.2642
562.5 0.3618 -0.7351 1087.5 0.4714 0.2896
575 (.3593 -0.7043 1100 (.4815 (.3230
587.5 0.3610 -0.6753 1112.5 0.4815 0.3260
600 0.3648 -0.6489 1125 0.4936 0.3683
612.5 0.3658 -0.6234 1137.5 0.4992 0.3804
625 0.3658 -0.5900 1150 0.5083 0.3981
637.5 0.3679 -0.5678 1162.5 0.5124 0.4200
650 0.3692 -0.5371 1175 0.5255 (0.4390
662.5 0.3667 -0.5143 1187.5 0.5360 0.4603
675 0.3665 -(}.4888 1200 0.5539 0.4853
687.5 0.3646 -0.4632 1212.5 0.5591 0.5024
700 0.3637 -0.4371 1225 0.5586 0.5358
712.5 0.3606 -0.4170 12375 0.5702 0.5522
725 0.3569 -0.3937 1250 0.5860 0.5862
737.5 0.3542 -0.3624 1262.5 0.5865 0.6030
750 0.3539 -0.3421 1275 0.6051 0.6302
762.5 0.3531 -0.3159 1287.5 0.6163 0.6424
775 0.3529 -(.2855 1300 0.6300 0.6697
787.5 0.3499 -0.2585 13125 0.6478 0.6959
800 0.3509 -(.2339 1325 0.6601 0.7236
812.5 0.3547 -0.2062 1337.5 0.6836 0.7372
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Frequency {Hz) Real Part Imaginary Part Frequency (Hz) Rea] Part Imaginary Part
1350 (.6906 0.7768 19375 4.5012 -0.4594
1362.5 0.7092 0.8006 1950 4.4896 -0.7344
1375 0.7200 0.8163 1962.5 4.4706 -1.0131
1387.5 (.7480 (.8571 1975 4.4299 -1.2834
1400 0.7685 0.8762 1987.5 4.1918 -1.5510
1412.5 0.7888 0.9121 2000 3.9985 -1.7835
1425 0.8079 0.9224 2012.5 3.8228 -2.0940
1437.5 0.8310 0.9607 2025 3.6367 -2.2472
1450 0.8446 0.9943 2037.5 3.4398 -2.3724
1462.5 0.8765 1.0211 2050 3.1360 24370
1475 0.9016 1.0594 2062.5 2.9318 -2.4849
1487.5 0.9126 1.0753 2075 2.7654 -2.5968
1500 0.9552 1.1184 2087.5 2.4243 -2.5842
1512.5 0.9945 1.1437 2100 2.3354 -2.5795
1525 1.0191 1.1695 21125 2.0190 -2.5949
1537.5 1.0635 1.2209 2125 1.8831 -2.5553
1550 1.1055 1.2443 2137.5 1.7889 -2.4758
1562.5 1.1246 1.2818 2150 1.6282 -2.4199
1575 1.1723 1.3108 2162.5 1.4587 227176
1587.5 1.2203 1.3772 2175 1.3323 -2.3732
1600 1.2897 1.4104 2187.5 1.2607 -2.1982
1612.5 1.3285 1.4346 2200 1.1092 -2.1561
1625 14173 1.4884 22125 1.1340 -2.1365
1637.5 1.4533 1.5167 2225 0.9302 -2.0201
1650 1.5334 1.5641 22375 0.9658 -1.9757
1662.5 1.5944 1.5956 2250 (.8819 -1.8908
1675 1.7088 1.6454 2262.5 (.8209 -1.8548
1687.5 1.7839 1.6873 2275 0.7584 -1.7825
1700 1.8890 1.7306 2287.5 0.7249 -1.7287
1712.5 1.9951 1.7450 2300 0.6921 -1.6708
1725 2.1026 1.7844 23125 0.6619 -1.6075
17375 2.2302 1.7877 2325 0.6136 -1.5689
1750 2.3571 1.8272 2337.5 0.6021 -1.5107
1762.5 2.5461 1.8299 2350 0.5645 -1.4619
1775 2.6569 1.8126 2362.5 0.5390 -1.4092
1787.5 2.8338 1.8117 2378 0.5054 -1.3587
1800 3.0076 1.7167 2387.5 0.5065 -1.3288
1812.5 3.2441 1.6719 2400 0.4686 -1.2794
1825 3.3739 1.5764 2412.5 0.4596 -1.2353
18375 36118 1.4852 2425 0.4278 -1.1971
1850 3.7758 1.2743 24375 0.4279 -1.1445
1862.5 3.9257 1.1473 2450 0.4262 -1.1214
1875 4.1020 (.8972 2462.5 0.4110 -1.0660
1887.5 4,2045 0.7104 2475 0.3990 -1.0491
1500 4.3821 0.4725 2487.5 0.3691 -1.0053
1912.5 4.4764 (.1881 2500 0.3645 -0.9747
1925 4.5384 -0.1261 25125 0.3614 -0.9358
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
2525 0.3443 -0.9070 3112.5 0.4210 0.2701
2537.5 0.3414 -0.8527 3125 0.4264 0.2942
2550 0.3334 -0.8391 3137.5 0.4409 0.3158
2562.5 0.3273 -0.8006 3150 0.4493 0.34306
2575 0.3273 -0.7601 31625 0.4579 0.3631
2587.5 03170 -0.7395 3175 0.4701 0.3906
2600 0.3169 -0.7083 3187.5 0.4803 0.4121
26125 0.3242 -0.6790 3200 0.4933 0.4335
2625 0.3095 -0.6476 32125 0.5078 0.4574
2637.5 0.3179 -0.6217 3225 0.5206 0.4874
2650 0.3023 -0.5980 3237.5 0.5343 (0.5082
26062.5 0.3057 -0.5733 3250 0.5460 0.5314
2675 0.2914 -0.5334 3262.5 0.5648 0.5618
2687.5 0.2988 -0.5162 3275 0.5773 0.5829
2700 0.2943 -0.4777 3287.5 (0.5929 0.6100
27125 0.2925 -0.4569 3300 0.6170 0.6406
2725 0.2957 -0.4268 33125 0.6330 0.6552
2737.5 0.2954 -0.4021 3325 0.6528 0.6919
2750 (.2964 -0.3832 3337.5 0.6752 0.7111
2762.5 0.2970 -0.3570 3350 0.7079 0.7332
2775 0.3011 -0.3300 3362.5 0.7236 0.7578
2787.5 0.2962 -0.3052 3375 0.7410 0.7829
2800 0.3005 -0.2836 3387.5 0.7728 0.3100
2812.5 0.2987 -0.2596 3400 0.7864 0.8372
2825 0.3006 -0.2401 3412.5 0.8276 0.8643
2837.5 0.3016 -().2144 3425 0.8541 0.8943
2850 0.3024 -0.1909 3437.5 0.8740 0.9197
2862.5 0.3000 -0.1740 3450 0.9074 0.9559
2875 0.3052 -0.1423 3462.5 0.9475 0.9831
2887.5 03124 -0.1267 3475 1.0145 1.0058
2960 0.3163 -0.1028 3487.5 1.0592 1.0526
29125 0.3149 -0.0812 3500 1.1278 1.0680
2925 0.3234 -0.0612 35125 1.1985 1.0708
2937.5 0.3297 -0.0342 3525 1.2725 1.0802
2950 0.3311 -0.0112 3537.5 1.4238 1.0924
2962.5 0.3363 0.0080 3550 1.4664 0.9970
2975 0.3429 0.0322 3562.5 1.5022 0.9535
2987.5 0.3468 0.0489 3575 1.5115 0.8761
3000 0.3548 0.0739 3587.5 1.4981 0.8742
3012.5 0.3565 0.0949 3600 1.5020 0.8894
3025 {.3688 0.1121 3612.5 1.5593 0.8943
3037.5 0.3741 0.1344 3625 1.5858 0.9046
3050 0.3823 0.1593 3637.5 1.6661 0.96635
3062.5 0.3859 0.1790 3650 1.7153 0.9417
3075 0.3935 0.1988 3662.5 1.7803 (.8948
3087.5 0.4006 (.223% 3675 1.8526 0.9304
3100 0.4089 0.2454 3687.5 1.9083 0.9112
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
3700 1.9951 0.8656 3762.5 2.4357 0.7278
3712.5 2.0913 0.8555 3775 2.5262 0.6258
3725 2.1901 0.8298 3787.5 2.5883 0.6624
37375 2.2531 0.7888 3800 2.7100 0.5162
3750 2.3598 0.7455
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Table B.3 Derived characteristic impedance (normalised by the characteristic
impedance of the air, pc), between 300 and 3800 Hz, using the optimised set of ¢;-cs
of the optimisation condition 7 in Table 6.3 and Equation (6.15)

Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
300 0.3369 -1.1699 825 0.4979 0.4337
3125 0.3366 -1.1009 837.5 0.5081 0.4665
325 0.3366 -1.0360 850 0.5188 0.4999
3375 0.3368 -0.9748 862.5 0.5301 0.5340
350 0.3372 -0.9169 875 0.5422 0.5687
362.5 0.3379 -0.8620 887.5 0.5550 0.6041
375 0.3387 -0.8097 %00 0.5686 0.6403
3875 0.3397 -0.7599 912.5 0.5831 0.6775
400 0.3409 -0.7121 925 0.5986 0.7156
412.5 0.3423 -0.6663 937.5 0.6152 0.7547
425 0.3438 -0.6222 950 0.6330 0.7951
4375 0.3455 -0.5798 962.5 0.6521 0.8366
450 0.3474 -0.5387 975 0.6727 0.8796
462.5 0.3494 (14990 987.5 0.6948 0.9240
475 03516 -0.4604 1000 0.7188 0.9700
487.5 0.3540 -0.4230 10125 0.7447 1.0178
500 0.3565 -0.3864 1025 0.7729 1.0675
512.5 0.3592 -.3508 1037.5 0.8036 1.1193
525 0.3620 -0.3160 1050 0.8372 1.1733
537.5 0.3650 -0.2819 1062.5 0.8739 1.2297
550 0.3682 -0.2484 1075 0.9144 1.2887
562.5 0.3715 -0.2155 1087.5 0.9590 1.3506
575 0.3750 -.1831 1100 1.0084 1.4155
587.5 0.3787 -0.1512 11125 1.0634 1.4837
600 0.3826 -0.1197 1125 1.1248 1.5555
612.5 0.3867 -0.0885 11375 1.1936 1.6309
625 0.3%10 -0.0577 1150 1.2712 1.7103
637.5 0.3955 -0.0270 1162.5 1.3591 1.7938
650 0.4002 0.0034 1175 1.4592 1.8813
662.5 0.4052 0.0337 1187.5 1.5738 1.9728
675 0.4104 0.0639 1200 1.7056 2.0679
687.5 0.4159 0.0940 1212.5 1.8583 2.1657
700 0.4216 0.1241 1225 2.0360 2.2648
712.5 0.4276 0.1542 1237.5 2.2439 2.3626
725 (.4339 0.1844 1250 2.4883 2.4552
737.5 0.4406 0.2147 1262.5 2.7764 2.5359
750 0.4475 0.2451 1275 3.1161 2.5947
762.5 0.4549 0.2758 1287.5 3.5153 2.6162
775 0.4626 0.3067 1300 3.97%4 2,577
787.5 0.4707 0.3379 1312.5 4.5074 2.4472
800 04793 0.3694 1323 5.0844 2.1840
812.5 0.4884 0.4013 13375 5.6715 1.7432
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
1350 6.1967 1.0921 1937.5 0.3212 -0.2599
1362.5 0.5585 0.2369 1950 0.3261 -0.2248
1375 6.6544 -0.7517 1962.5 0.3314 -0.1903
1387.5 6.4324 -1.7421 1975 0.3372 -0.1564
1400 5.9270 -2.5914 1987.5 (.3435 -0.1229
1412.5 5.2432 -3.2069 2000 (0.3502 -0.0897
14235 4.5018 -3.5720 20125 (.3573 -0.0570
1437.5 3.7943 -3.7252 2025 0.3649 -0.0245
1450 3.1695 -3.7259 2037.5 0.3729 0.0077
1462.5 2.6425 -3.6291 2050 0.3814 0.0397
1475 2.2095 -3.4770 2062.5 0.39205 0.0715
1487.5 1.8582 -3.2977 2075 0.4000 0.1031
1500 1.5748 -3.1091 2087.5 0.4102 0.1347
1512.5 1.3461 -2.9214 2100 0.4208 0.1663
1525 1.1611 -2.7405 2112.5 0.4321 0.1978
1537.5 1.0109 -2.5693 2125 0.4440 0.2293
1550 0.8882 -2.4089 2137.5 0.4566 0.2609
1562.5 0.7876 -2.2594 2150 0.4700 0.2925
1575 0.7045 -2.1206 2162.5 0.4840 0.3243
1587.5 0.6357 -1.9918 2175 0.4989 0.3563
1600 0.5783 -1.8722 2187.5 0.5147 0.3884
1612.5 0.5304 -1.7610 2200 0.5314 0.4207
1625 0.4902 -1.6575 2212.5 0.5491 0.4532
1637.5 0.4564 -1.5609 2225 0.5678 0.4861
1650 0.4279 -1.4706 2237.5 (.5878 0.5192
1662.5 0.4039 -1.3859 2250 0.6090 0.5526
1675 0.3837 -1.3064 22625 0.6315 (0.5863
1687.5 {.3666 -1.23135 2275 0.6555 0.6204
1700 0.3523 -1.1607 2287.5 0.6811 0.6549
1712.5 0.3403 -1.0938 2300 0.7084 0.6897
1725 0.3303 -1.0303 2312.5 0.7377 0.7248
1737.5 0.3221 -0.9699 2325 0.7689 0.7603
1750 0.3154 -0.9123 2337.5 0.8024 0.7961
1762.5 0.3101 -0.8573 2350 0.8384 0.8322
1775 0.3059 -0.8046 2362.5 0.8770 0.8686
1787.5 0.3028 -(,7540 2375 0.9186 0.9051
1800 0.3007 -(.7054 2387.5 (0.9633 0.9417
1812.5 0.2994 -0.6586 2400 1.0116 0.9782
1823 0.2989 -0.6134 24125 1.0636 1.0145
1837.5 0.2991 -0.5697 2425 1.1199 1.0504
1850 0.3000 -0.5273 2437.5 1.1808 1.0855
1862.5 (0.3015 -0.4862 2450 1.2468 1.1196
1875 0.3035 -0.4462 2462.5 1.3182 1.1523
1887.5 0.3061 -0.4072 2475 1.3955 1.1829
1900 0.3091 -().3692 2487.5 1.4794 1.2109
1912.5 0.3127 -0.3320 2500 1.5701 1.2355
1925 0.3167 -0.2956 2512.5 1.6683 1.2556
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
2525 1.7743 1.2700 31125 0.4742 -0.9387
2537.5 1.8885 1.2774 3125 0.4548 -0.8960
2550 2.0109 1.2760 31375 0.4372 -0.8544
2562.5 2.1414 1.2639 3150 0.4213 -0.8136
2575 22797 1.2388 3162.5 0.4069 -0.7738
2587.5 2.4247 1.1983 3175 0.3939 -(.7349
2600 2.5748 1.1396 3187.5 0.3822 -0.6968
2612.5 2.7278 1.0602 3200 0.3718 -0.6595
2625 2.8802 0.9574 3212.5 0.3624 -0.6229
20637.5 3.0278 0.8295 3225 0.3541 -0.5870
2650 3.1653 0.6751 32375 0.3468 -0.5518
2662.5 3.2867 0.4947 3250 0.3403 -0.5171
2675 3.3856 0.2902 32625 0.3347 -0.4830
2687.5 3.4558 0.06355 3275 0.3298 -0.4495
2700 3.4920 -0.1734 3287.5 0.3258 -0.4164
2712.5 3.4907 -0.4189 3300 0.3224 -0.3837
2725 3.4509 -0.6626 33125 0.3197 -0.3515
27375 3.3739 -0.8958 3325 03177 -0.3195
2750 3.2635 -1.1108 3337.5 0.3163 -0.2880
2762.5 3.1255 -1.3016 3350 .3155 -0.2567
2775 2.96638 -1.4642 3362.5 0.3154 -0.2256
2787.5 2.7943 -1.5970 3375 0.3158 -0.1948
2800 2.6149 -1.7000 3387.5 0.3167 -(.1641
2812.5 2.4342 -1.7750 3400 0.3183 -0.1336
2825 2.2570 -1.8246 3412.5 0.3204 -0.1032
2837.5 2.0865 -1.8522 3425 0.3231 -0.0728
2850 1.9252 -1.8609 3437.5 03264 -0.0426
2862.5 1.7745 -1.8542 3450 0.3302 -0.0123
2875 1.6349 -1.8351 3462.5 0.3347 0.0180
2887.5 1.5066 -1.8061 3475 0.3397 0.0483
2900 1.3894 -1.76595 3487.5 0.3454 0.0787
2912.5 1.2827 -1.7272 3500 0.3518 0.1093
2925 1.1860 -1.6808 35125 0.3588 0.1400
2937.5 1.0983 -1.6315 35235 0.3666 0.1708
2650 1.0191 -1.5804 35375 0.3750 0.2019
2962.5 0.9474 -1.5281 3550 0.3843 0.2332
2975 0.8828 -1.4754 3562.5 0.3944 0.2647
2987.5 0.8243 -1.4227 3575 0.4054 0.2966
3000 0.7716 -1.3702 3587.5 0.4174 0.3288
3012.5 0.7239 -1.3184 3600 0.4303 0.3613
3025 0.6808 -1.2674 3612.5 0.4443 0.3943
3037.5 0.6418 -1.2172 3625 0.4595 0.4276
3050 0.6065 -1.1681 3637.5 0.4760 0.4614
3062.5 0.5746 -1.1201 3650 0.4938 0.4956
3075 0.5457 -1.0731 3662.5 0.5130 0.5303
3087.5 0.5195 -1.0272 3675 .5339 0.5655
3100 0.4957 -0.9824 36875 0.5565 0.6012
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
3700 0.5810 0.6374 3762.5 0.7388 0.8250
37125 0.6076 0.6741 3775 .71791 0.8634
3725 0.6364 0.7112 3787.5 (.8230 0.9019
3737.5 0.6677 0.7488 3800 0.8709 0.9403
3750 0.7018 0.7867
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Table B.4 Derived propagation constant, between 300 and 3800 Hz, using the

optimised set of ¢;-cs of the optimisation condition 7 in Table 6.3 and Equation

(6.16)

Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
300 5.5124 8.1517 825 7.4548 19.7654
312.5 5.5799 8.4413 837.5 7.4883 20.0334
325 5.6456 8.7298 850 7.5215 20.3012
337.5 5.7095 9.0173 862.5 7.5543 20.5688
350 57718 9.3039 B7S 7.5868 20.8360
362.5 5.8326 9.5896 887.5 7.6190 21.1031
375 5.8919 9.8744 900 7.6509 21.3699
387.5 5.9498 10.1584 912.5 7.6824 21.6365
400 6.0065 10.4416 925 7.7137 21.9029
412.5 6.0619 10.7241 937.5 7.7446 22.1690
425 6.1161 11.0059 950 7.7753 22.4349
437.5 6.1693 11.2869 962.5 7.8057 22.7006
450 6.2213 11.5674 9735 7.8358 22.9662
462.5 6.2724 11.8472 987.5 7.8656 23.2315
475 6.3225 12.1264 1000 7.8952 23.4966
487.5 6.3717 12.4050 1012.5 7.9245 23.71615
500 6.4200 12.6831 1025 7.9536 24.0262
512.5 6.46775 12.9606 1037.5 7.9824 24.2907
525 6.5142 13.2376 1050 8.0110 24.5551
537.5 6.5601 13.5141 1062.5 8.0394 24.8192
550 6.6052 13.7901 1075 8.0675 25.0832
562.5 6.6497 14.0657 1087.5 8.0953 25.3470
575 6.6934 14.3408 1100 8.1230 25.6106
587.5 6.7365 14.0155 1112.5 8.1504 25.8741
600 6.7790 14.8897 1125 8.1777 26.1374
612.5 6.8208 15.1635 1137.5 8.2047 26.4005
625 6.8621 15.4370 1150 8.2315 26.6634
637.5 6.9027 15.7100 1162.5 8.2581 26.9262
650 6.9429 15,9827 1175 8.2845 27.1889
662.5 6.9824 16.2550 1187.5 8.3107 274514
675 7.0215 16.5269 1200 8.3367 27.7137
687.5 7.0600 16.7985 12125 8.3625 27.9759
700 7.0981 17.0697 1225 8.3881 28.2379
712.5 7.1357 17.3407 1237.5 8.4136 28,4998
725 7.1728 17.6113 1250 8.4388 28.7616
7375 7.2095 17.8816 1262.5 8.4639 29.0232
750 7.2457 18.1515 1275 8.4889 29.2846
762.5 7.2816 18.4212 1287.5 8.5136 26.5459
775 7.3170 18.6906 1300 8.5382 29.8071
7875 7.3520 18.9597 1312.5 8.5626 30.0682
80O 7.3866 19.2286 1325 8.5869 30.3291
§12.5 7.4209 19.4971 1337.5 8.6109 30.5899
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
1350 3.6349 30.8506 1937.5 9.6178 42.9820
1362.5 8.6587 31.1111 1950 9.6363 43.2380
1375 8.6823 31.3715 1962.5 9.6547 43.4939
1387.5 3.7058 31.6318 1975 9.6730 43,7497
1400 8.7291 31.8920 1987.5 9.6912 44.0055
1412.5 8.7523 32.1520 2000 9.7094 44,2612
1425 8.7753 32.4119 2012.5 9.7275 445168
1437.5 8.7982 32.6717 2025 9.7455 44,7724
1450 8.8210 32.9314 2037.5 9.7634 45.0279
1462.5 8.8436 33.1910 2050 9,7812 452833
1475 8.8661 33.4505 2062.5 9,7990 45.5386
1487.5 8.8884 33.7098 2075 9.8166 45.7939
1500 89107 33.9691 2087.5 9.8342 46.0491
1512.5 8.9328 34.2282 2100 9.8518 46.3043
1525 8.9547 34.4872 21125 9.8692 46.5594
1537.5 B.9766 34.7462 2125 9.8866 46.8144
1550 8.9983 35.0050 2137.5 9.9040 47.0693
1562.5 9.0199 35.2637 2150 9.9212 47.3242
1575 9.0413 35.5223 2162.5 9.9334 47.5790
1587.5 9.0627 35.7808 2175 9.9555 47.8338
1600 9.0839 36.0392 2187.5 9.9725 48.0884
1612.5 9.1051 36.2975 2200 9.9895 48.3431
1625 9.1261 36.5557 2212.5 10.0064 48.5976
1637.5 9.1470 36.8138 2225 10.0232 48.8521
1650 9.1677 37.0719 2237.5 10.0400 49.1066
1662.5 9.1884 37.3298 2250 10.0567 49,3609
1675 9.2090 37.5876 2262.5 10.0734 49.6153
1687.5 9.2294 37.8453 22735 10.0899 49.8695
1700 9,2498 38.1030 2287.5 10.1064 50.1237
1712.5 9.2700 38.3605 2300 10.1229 50.3779
1725 9.2901 38.6180 2312.5 10.1393 50.6319
1737.5 9.3102 38.8754 2325 10.1556 50.8860
1750 9.3301 39.1327 2337.5 10.1719 51.1399
1762.5 9.3500 39.3899 2350 10.1881 51.3938
1775 9.3697 39.6470 2362.5 10.2042 51.6477
1787.5 9.3893 39.9040 2375 10.2203 51.9015
1800 9.4089 40.1610 2387.5 10.2363 52.1552
1812.5 9.4283 404178 2400 10.2523 52.4089
1825 9.4477 40.6746 24125 10.2682 52.6623
1837.5 9.4670 40.9313 2425 10.2840 52.9161
1850 9.4861 41.1879 2437.5 10.2998 53.1696
1862.5 9.5052 41.4444 2450 10.3155 53.4231
1875 9.5242 41.7009 2462.5 10.3312 53.6765
1887.5 09,5431 41.9573 2475 10.3468 53.9298
1900 9.5619 42.2136 2487.5 10.3624 54.1832
1912.5 9.5806 42.4698 2500 10.3779 54.4364
1925 9.5993 42.7259 2512.5 10.3934 54.6896
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
2525 10.4088 54.9428 3112.5 11.0792 66.7887
2537.5 10.4241 55,1959 3125 11.0925 67.0398
2550 10.4394 55.4489 3137.5 11.1057 67.2908
2562.5 10.4547 55.7019 3150 11,1189 67.5418
2375 10.4699 55.9549 3162.5 11.1320 67.7927
2587.5 10.4850 56.2078 3173 11.1451 68.0436
2600 10.5001 56.4606 3187.5 11.1582 68.2945
2612.5 10.5151 56.7134 3200 11.1712 68.5453
2625 10.5301 56.9662 3212.5 11.1842 68.7961
2637.5 10.5450 57.2189 3225 11.1972 69.0468
2650 10.5599 57.4715 32375 11.2101 69.2975
2662.5 10.5748 57.7241 3250 11.2230 69.5482
2675 10.5896 57.9767 3262.5 11.2359 69.7989
2687.5 10.6043 58.2292 3275 11.2487 70.0495
2700 10.6190 58.4817 32875 11.2615 70.3000
27125 10.6336 58.7341 3300 11.2743 70.5506
2725 10.6482 58.98635 33125 11.2870 70.8011
27375 10.6628 59.2388 3325 11.2997 71.0516
2750 10.6773 55.4911 3337.5 11.3124 71.3020
2762.5 10.6918 59.7433 3350 11.3250 71.5524
2775 10.7062 59.9955 3362.5 11.3376 71.8028
2787.5 10.7205 60.2476 3375 11.3501 72.0531
2800 10.7349 60.4997 3387.5 11.3627 72.3034
2812.5 10.7491 60.7518 3400 11.3752 72.5537
2825 10.7634 61.0038 3412.5 11.3876 72.8039
2837.5 10.7776 61.2358 3425 11.4001 73.0541
2850 10.7917 61.5077 3437.5 11.4125 73.3043
2862.5 10.8058 61.7596 3450 11.4248 73.5544
2875 10.8199 62.0115 3462.5 11.4372 73.8045
2887.5 10.8339 62.2633 3475 11.4495 74.0546
2900 10.8479 62.5150 3487.5 11.4618 74.3046
2912.5 10.8618 62.7667 500 11.4740 74.5546
2925 10.8757 63.0184 3512.5 11.4862 74.80406
2937.5 10.8895 63.2701 3525 11.4984 75.0545
2950 10.9033 63.5216 35375 11.5105 75.3045
2962.5 10.9171 63.7732 3550 11.5227 75.5543
2975 10.9308 64.0247 3562.5 11.5348 75.8042
2987.5 10.9445 64.2762 3575 11.5468 76.0540
3000 10.9582 64.5276 3587.5 11.5588 76.3038
3012.5 10.9718 64.7790 3600 11.5709 76.5536
3025 10.9853 65.0304 3612.5 11.5828 76.8033
3037.5 10.9989 65.2817 3625 11.5948 77.0530
3050 11.0123 £5.5330 3637.5 11.6067 77.3026
3062.5 11.0258 65.7842 3650 11.6186 77.5523
3075 11.0392 66.0354 3662.5 11.6304 77.8019
3087.5 11.0526 66.2865 3675 11.6423 78.0515
3100 11.0659 66.5377 3687.5 11.6541 78.3010
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
3700 11.6658 78.5505 3762.5 11.7243 79.7977
3712.5 11.6776 78.8000 3775 11.7359 80.0470
3725 11.6893 79.0495 3787.5 11.7475 20.2963
3737.5 11.7010 79.2989 3800 11.7590 80.5456
3750 11.7127 79.5483
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Table B.S5 Calculated surface impedance (mormalised by the characteristic

impedance of the air, pc), between 300 and 3800 Hz, using the derived bulk acoustic
properties in Tables B.3 and B.4 and Equation (6.9)

Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
300 (.3369 -1.1699 825 0.4979 0.4337
312.5 .3366 -1.1009 837.5 0.5081 0.4665
325 0.3366 -1.0360 850 0.5188 0.4990
3375 0.3368 -0.9748 862.5 0.5301 0.5340
350 0.3372 -0.9169 873 0.5422 0.5687
362.5 0.3379 -0.8620 887.5 0.5550 0.6041
375 0.3387 -0.8097 S00 0.5686 0.6403
387.5 0.3397 -0.7599 912.5 0.5831 0.6775
400 0.3400 -0.7121 925 0.5986 0.7156
412.5 0.3423 -0,6663 937.5 0.6152 0.7547
425 0.3438 -0.6222 950 0.6330 0.7951
437.5 0.3455 -0.5798 962.5 0.6521 0.8366
450 0.3474 -(0.5387 975 0.6727 0.8796
462.5 0.3494 -0.4990 987.5 0.6948 0.9240
475 0.3516 -0.4604 1000 (0.7188 0.9700
487.5 0.3540 -0.4230 1012.5 0.7447 1.0178
300 0.3565 -0.3864 1023 0.7729 1.6675
512.5 0.3592 -0.3508 1037.5 0.8036 1.1193
525 0.3620 -0.3160 1050 0.8372 1.1733
537.5 0.3650 -0.2819 1062.5 0.8739 1.2297
550 0.3682 -0.2484 1075 0.9144 1.2887
562.5 0.3715 -0.2155 1087.5 0.9560 1.3506
375 0.3750 -0.1831 1100 1.0084 1.4155
587.5 (.3787 ~0.1512 1112.5 1.0634 1.4837
600 0.3826 -0.1197 1125 1.1248 1.5555
612.5 0.3867 -0.0885 1137.5 1.1936 1.6309
625 0.3910 -0.0577 1150 1.2712 1.7103
637.5 (.3955 -0.0270 1162.5 1.3591 1.7938
650 0.4002 0.0034 1175 1.4592 1.8813
662.5 0.4052 0.0337 1187.5 1.5738 1.9728
675 0.4104 (.0639 1200 1.7056 2.0679
687.5 30.4159 0.0940 12125 1.8583 2.1657
700 0.4216 0.1241 1225 2.0360 2.2648
712.5 0.4276 0.1542 1237.5 2.2439 2.3626
725 0.4339 0.1844 1250 2.4883 2.4552
737.5 (0.4406 0.2147 1262.5 2.7764 2.5359
750 0.4475 (.2451 1275 3.1161 2.5947
762.5 (0.4549 0.2758 1287.5 3.5153 2.6162
775 0.4626 0.3067 1300 3.9794 257717
787.3 0.4707 0.3379 1312.5 4.5074 2.4472
800 0.4793 0.3694 1325 5.0844 2.1840
812.5 0.4884 0.4013 1337.5 5.6715 1.7432
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Frequency {Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
1350 6.1967 1.0621 1937.5 0.3212 -0.2599
1362.5 6.5585 (.2369 1950 0.3261 -0.2248
1375 6.6544 -0.7517 1962.5 0.3314 -0.1903
13875 6.4324 -1.7421 1975 0.3372 -0.1564
1400 5.9270 -2.5914 1987.5 0.3435 -0.1229
1412.5 5.2432 -3.2069 2000 0.3502 -0.0897
1425 45018 -3.5720 2012.5 (.3573 -0.0570
1437.5 3.7943 -3.7252 2025 0.3649 -0.0245
1450 3.1695 -3.7259 2037.5 0.3729 0.0077
1462.5 2.6425 -3.6291 2050 0.3814 0.0397
1475 2.2095 -3.4770 2062.5 0.3905 0.0715
1487.5 1.8582 -3.2977 2075 0.4000 0.1031
1500 1.5748 -3.1091 2087.5 0.4102 0.1347
15125 1.3461 -2.9214 2100 0.4208 0.1663
1525 1.1611 -2.7405 2112.5 0.4321 0.1978
1537.5 1.0109 -2.5693 2125 0.4440 0.2293
1550 (.8882 -2.4089 2137.5 0.4566 0.2609
1562.5 0.7876 -2.2594 2150 0.4700 0.2925
1575 0.7045 -2.1206 2162.5 0.4840 0.3243
1587.5 0.6357 -1.9918 2175 0.4989 0.3563
1600 0.5783 -1.8722 2187.5 0.5147 (.3884
1612.5 0.5304 -1.7610 2200 0.5314 0.4207
1625 0.4902 -1.6575 22125 0.5491 0.4532
1637.5 0.4564 -1.5609 2225 0.5678 0.4861
1650 0.4279 -1.4706 2237.5 0.5878 0.5192
1662.5 0.4039 -1.3859 2250 0.6090 0.5526
1675 0.3837 -1.3064 2262.5 0.6315 0.5863
1687.5 1.3666 -1.2315 2275 0.6555 0.6204
1700 0.3523 -1.1607 2287.5 0.6811 0.6549
17125 0.3403 -1.0938 2300 (.7084 0.6897
1725 0.3303 -1.0303 2312.5 0.7377 0.7248
1737.5 0.3221 -0.9699 2325 0.7689 0.7603
1750 0.3154 -0.9123 2337.5 0.8024 0.7961
1762.5 0.3101 -0.8573 2350 0.8384 (.8322
1775 0.3059 -0.8046 2362.5 0.8770 (.8686
1787.5 0.3028 -0.7540 2375 0.9186 (0.9051
1800 0.3007 -0.7054 2387.5 0.9633 0.9417
1812.5 0.2994 -0.6586 2400 1.0116 0.9782
1825 0.2989 -0.6134 2412.5 1.0636 1.0145
1837.5 0.2991 -0.5697 2425 1.1199 1.0504
1850 0.3000 -0.5273 24375 1.1808 1.0855
1862.5 0.3015 -0.4862 2450 1.2468 1.1196
1875 0.3035 0.4462 2462.5 1.3182 1.1523
1887.5 0.3061 -0.4072 2475 1.3955 1.1829
1900 0.3091 -0.3692 24875 1.4794 1.2109
1912.5 0.3127 -0.3320 2500 1.5701 1.2355
1925 0.3167 -0.2956 2512.5 1.6683 1.2556
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
2525 1.7743 1.2700 3112.5 0.4742 -0.9387
233735 1.8885 1.2774 3125 0.4548 -0.8960
2550 2.0109 1.2760 3137.5 0.4372 -0.8544
2562.5 2.1414 1.2639 3150 0.4213 -0.8136
2375 22797 1.2388 3162.5 0.4069 -0.7738
2587.5 2.4247 1.1983 3175 0.3939 -0.7349
2600 2.5748 1.1396 3187.5 0.3822 -0.6968
2612.5 2.7278 1.0602 3200 0.3718 -0.6595
2625 2.8802 0.9574 3212.5 {.3624 -.6229
2637.5 3.0278 0.8295 3225 0.3541 -0.5870
2650 3.1653 0.6751 3237.5 0.3468 -0.5518
26062.5 3.2867 (.4947 3250 (0.3403 -0.5171
2675 3.3856 0.2902 3262.5 0.3347 -0.4830
2687.5 3.4558 0.0655 3275 0.3298 -(.4495
2700 3.4920 0.1734 3287.5 0.3258 04164
2712.5 3.4907 -0.4189 3300 0.3224 -0.3837
2725 3.4509 -0.6626 3312.5 0.3197 -0.3515%
2737.5 3.3739 -(.8958 3325 0.3177 -0.3195
2750 3.2635 -1.1108 33375 0.3163 -(0.2880
2762.5 3.1255 -1.3016 3350 0.3155 0.2567
2775 2.9668 -1.4642 3362.5 0.3154 -0.2256
2787.5 2.7943 -1.5970 3375 0.3158 -0.1948
2800 2.6149 -1.7000 3387.5 0.3167 -0.1641
28125 2.4342 -1.7750 3400 0.3183 -0.1336
2825 2.2570 -1.8246 3412.5 0.3204 -0.1032
2837.5 2.0865 -1.8522 3425 (.3231 -0.0728
2850 1.9252 -1.8609 34375 0.3264 -0.0426
2862.5 1.7745 -1.8542 3450 0.3302 -0.0123
2875 1.6349 -1.8351 3462.5 0.3347 0.0180
2887.5 1.5066 -1.8061 3475 0.3397 0.0483
2900 1.3894 -1.7693 3487.5 0.3454 00787
2912.5 1.2827 -1.7272 3500 0.3518 0.1093
2925 1.1860 -1.6808 3512.5 0.3588 0.1400
2937.5 1.0983 -1.6315 3525 0.3666 0.1708
2950 1.0191 -1.5804 3537.5 0.3750 0.2019
2062.5 0.9474 -1.5281 3550 0.3843 0.2332
2975 0.8828 -1.4754 3562.5 0.3944 0.2647
29875 0.8243 -1.4227 3575 0.4054 (.2966
3000 0.7716 -1.3702 3587.5 0.4174 0.3288
3012.5 0.7239 -1.3184 3600 0.4303 0.3613
3025 0.6808 -1.2674 3612.5 0.4443 (.3943
3037.5 0.6418 -1.2172 3625 0.4595 0.4276
3050 0.6065 -1.1681 3637.5 0.4760 0.4614
3062.5 0.5746 -1.1201 3650 0.4938 0.4956
3075 0.5457 -1.0731 3662.5 0.5130 0.5303
3087.5 0.5195 -1.0272 3675 0.5339 0.5655
3100 0.4957 -0.9824 3687.5 0.5565 0.6012
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
3700 0.5810 0.6374 3762.5 0.7388 0.8250
3712.5 (.6076 0.6741 3775 0.7791 0.8634
3725 0.6364 0.7112 3787.5 0.8230 0.9019
3737.5 0.6677 0.7488 3800 0.8709 00,9403
3750 0.7018 0.7867
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Table B.6 Calculated characteristic impedance (normalised by the characteristic
impedance of the air, pc), between 300 and 3800 Hz, using Utsuno’s improved two-

cavity method

Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
300 1.2586 -0.7291 825 1.2970 -0.3134
312.5 1.3000 -0.6313 337.5 1.2642 -0.3639
325 1.3512 -0.6665 850 1.2071 -0.3622
337.5 1.3108 -0.6592 862.5 1.2001 -0.3743
350 1.3165 -0.6443 875 1.1744 -0.3070
362.5 1.3312 -0.6606 887.5 1.1736 -0.3186
375 1.3034 -0.5943 900 1.1683 -0.3018
387.5 1.3433 -0.5822 912.5 1.1974 -0.2914
400 1.2857 -(.5443 925 1.1659 -0.2745
412.5 1.3164 -0.5539 937.5 1.1757 -0.3000
425 1.3046 -0.5112 950 1.1745 -0.3231
437.5 1.2936 -0.5051 962.5 1.1877 0.2704
450 1.3227 0.5124 975 1.1969 -0.2772
462.5 1.2642 -0.5419 987.5 1.1902 -0.2880
475 1.3038 -0.5117 1000 1.1810 -0.2495
487.5 1.2875 -0.5138 1012.5 1.1638 -0.2571
500 1.2890 -0.4803 1025 1.1735 -0.2602
512.5 1.2904 -0.4936 1037.5 1.1788 -0.2501
525 1.2782 -0.4704 1050 1.1760 -0.2423
337.5 1.2570 -0.4744 1062.5 1.1702 -0.2548
550 1.2605 -0.4626 1075 1.1663 -0.2481
562.5 1.2501 -0.4687 1087.5 1.1887 -0.2293
575 1.2517 -0.4740 1100 1.1844 -0.2273
587.5 1.2454 -0.4513 1112.5 1.1705 -0.2321
600 1.2510 -0.4392 1125 1.2090 -0.2252
612.5 1.2564 -(0.4318 113735 1.1952 -0.2281
625 1.2341 -0.4221 1150 1.1789 -0.2178
637.5 1.2545 -0.4231 1162.5 1.1849 -0.2211
650 1.2380 -0.4072 1175 1.1898 -0.2261
662.5 1.2396 -0.4114 1187.5 1.1744 -0.2227
675 1.2295 -0.4011 1200 1.1906 -0.2339
687.5 1.2269 -0.4024 1212.5 1.1774 -0.2284
700 1.2141 -0.3909 1225 1.1770 -0.2233
712.5 1.2147 -0.3924 1237.5 1.1684 -0.2093
725 1.2220 -0.3981 1250 1.1886 -0.2151
7375 1.1867 -0.3732 1262.5 1.1665 -0.2010
750 1.2060 -0.3732 1275 1.1766 -0.2039
762.5 1.2037 -0.3743 1287.5 1.1620 -0.2105
775 1.1763 -0.3286 1300 1.1596 -0.2076
787.5 1.1601 -0.2960 1312.5 1.1660 -0.2061
800 1.2115 -0.2790 1325 1.1585 -0.2033
812.5 1.2284 -0.2647 1337.5 1.1618 -02127
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
1350 1.1652 -0.2022 1937.5 1.1154 -(0.1388
1362.5 1.1621 -(.1991 1950 1.1292 -0.1344
1375 1.1588 -0.2014 1962.5 1.1399 -0.1320
1387.5 1.1700 -0.2009 1975 1.1562 -0.1460
1400 1.1682 -0.2007 1987.5 1.1424 -0.1414
14125 1.1635 -0.2004 2000 1.1394 -0.1432
1425 1.1643 -0.2041 2012.5 1.1462 -0.1574
1437.5 1.1601 -0.1949 2025 1.1315 -0.1607
1450 1.1609 -0.1929 2037.5 1.1553 -0.1504
1462 .5 1.1588 -0.1940 2050 1.1329 -(0.1491
1475 1.1575 -(.1905 2062.5 1.1350 -(.1483
1487.5 1.1543 -0.1863 2075 1.1583 -0.1557
1500 1.1417 -0.1835 2087.5 1.1363 -0.1306
1512.5 1.1464 -0.1825 2100 1.1367 -0.1460
1525 1.1408 -0.1875 2112.5 1.1377 -0.1543
1537.5 1.1373 -0.1831 2125 1.1347 -0.1540
1550 1.1326 -0.1872 2137.5 1.1375 -0.1483
1562.5 1.1295 -D.1788 2150 1.1438 -(.1529
1575 1.1275 -0.1799 2162.5 1.1236 -0.1417
1587.5 1.1284 -0.1715 2175 [.1335 -0.1654
1600 1.1323 -0.1729 2187.5 1.1292 -0.1460
1612.5 1.1276 -0.1684 2200 1.1238 -0.1557
1625 1.1359 -0.1652 22125 1.1450 -0.1428
1637.5 1.1321 -0.1593 2225 1.1241 -0.1575
1650 1.1374 -0.1585 22375 1.1414 -0.1447
1662.5 1.1431 -0.1514 2250 1.1319 -0.1428
1675 1.1553 -0.1578 2262.5 1.1332 -0.1558
1687.5 1.1539 -0.1579 2275 1.1367 -0.1502
1700 1.1608 -0.1586 2287.5 1.1373 -0.1439
1712.5 1.1551 0.1641 2300 1.1376 «0,1508
1725 1.1525 -0.1612 2312.5 1.1381 -0.1404
1737.5 1.1465 -0.1686 2325 1.1379 -0.1476
1750 1.1496 -0.1648 2337.5 1.1402 -0.1418
1762.5 1.1534 -0,1700 2350 1.1453 -0.1460
1775 1.1409 -0.155% 2362.5 1.1419 -{).1415
1787.5 1.1477 -0.1638 2375 1.1415 -0.1470
1800 1.1426 -0.1651 2387.5 1.1467 -0.1394
1812.5 1.1475 -0.1708 2400 1.1468 -0.1419
1825 1.1385 -0.1697 2412.5 1.1464 -0.1420
1837.5 1.1337 -0.1694 2425 1.1487 -0.1449
1850 1.1237 -0.1844 24375 1.1439 -0.1407
1862.5 1.1130 -0.16%94 2450 1.1510 -0.1378
1875 1.1252 -0.1606 2462.5 1.1436 -0.1371
18875 1.1155 -0.1680 2475 1.1509 -0.1372
1900 1.0993 -0.1533 2487.5 1.1448 -0.1430
1912.5 1.1106 -0.1467 2500 1.1493 -0.1350
1925 1.1188 -0.1410 25125 1.1536 -0.1310
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
2525 1.1526 -0.1359 3112.5 1.1300 -.1265
2537.5 1.1489 -0.1305 3125 1.1248 -0.1201
2550 1.1576 -0.1333 3137.5 1.1284 -0.1288
2562.5 1.1562 -0.1333 3150 1.1267 -0.1247
2575 1.1553 -0.1306 3162.5 1.1192 -0.1228
2587.5 1.1642 -0.1360 3175 1.1250 -0.1180
2600 1.1630 -0.1370 3187.5 1.1184 -0.1134
26125 1.1662 -0.1281 3200 1.1187 -0.1155
2625 1.1555 -0.1334 3212.5 1.1206 -0.1152
2637.5 1.1653 -0.1300 3225 1.1244 -0.1108
2650 1.1662 -0.1397 3237.5 1.1173 -0.1071
2662.5 1.1650 -0.1357 3250 1.1152 -0.1102
2675 1.1548 -0.1427 3262.5 1.1221 -0.110%
2687.5 1.1580 -(.1385 3275 1.1188 -0.1048
2700 1.1558 -0.1326 3287.5 1.1164 -0.1050
2712.5 1.1522 -0.1420 3300 1.1215 -0.1050
2725 1.1482 -(0.1328 3312.5 1.1133 -0.1041
2737.5 1.1528 -0.1295 3325 1.1140 -0.1015
2750 1.1665 -0.1416 3337.5 1.1155 -0.0976
2762.5 1.1837 -0.1301 3350 1.1089 -0.1090
2775 1.1581 -0.1326 3362.5 £.1053 -0.1021
2787.5 1.1550 -0.1397 3375 1.1001 -0.0904
2800 1.1494 -0.1424 3387.5 1.0996 -0.0899
2812.5 1.1421 -0.1428 3400 1.1018 -0.0848
2825 1.1542 -0.1608 34125 1.0999 -0.0889
28375 1.1567 -0.1539 3425 1.1024 -0.0821
2850 1.1414 -0.1562 3437.5 1.0932 -0.0830
2862.5 1.1308 -0.1706 3450 1.1044 -0.0710
2875 1.1265 -0.1443 3462.5 1.1054 -0.0737
2887.5 1.1191 -0.1678 3475 1.1085 00858
2900 1.1305 -0.1597 3487.5 1.1124 -0.0783
29125 1.1079 -0.1558 3500 1.1145 -0.0869
2925 1.1179 -0.1532 3512.5 1.1161 -0.0967
2937.5 1.1155 -0.1463 3525 1.1154 -0.1070
2950 1.1191 -0.1279 3537.5 1.1463 -0.1287
2962.5 1.1134 -0.1305 3550 1.1148 -(}.1461
2975 1.1205 -0.1366 3562.5 1.1039 -0.1546
2987.5 1.1117 -(0.1328 3575 1.0731 -0.1726
3000 1.1198 -0.1270 35875 1.0424 -0.1517
3012.5 1.1159 -0.1233 3600 1.0418 -0.1410
3025 1.1207 -0.1346 3612.5 1.0406 -0.1481
3037.5 1.1231 -0.1300 3625 1.0417 -0.1281
3050 1.1242 -0.1218 3637.5 1.0543 -0.1046
3062.5 1.1203 -0.1213 3650 1.0397 -0.1138
3075 1.1195 -0.1272 3662.5 1.0329 -0.1332
3087.5 1.1295 -0.1246 3675 1.0461 -0.1033
3100 1.1255 -0.1240 3687.5 1.0413 -0.0958
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
3700 1.0751 -0.1057 3762.5 1.1132 -0.0664
3712.5 1.0619 -0.0823 3775 1.1108 -0.0917
3728 1.0946 -0.1152 3787.5 1.1332 -0.0380
3737.5 1.1079 -(.0966 3800 1.1420 -0.0580
3750 1.1014 -0.0835
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Table B.7 Calculated propagation constant, between 300 and 3800 Hz, using

Utsuno’s improved two-cavity method

Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
300 6.4106 9.2567 850 5.3060 19.7686
312.5 6.0023 9.1017 862.5 5.0293 20.4311
325 5.9405 9.4121 875 6.0507 21.1853
337.5 6.2204 9.8219 ER7.5 5.9518 21.6843
350 6.2495 10.0133 900 6.4284 22.1115
362.5 6.1978 10.5073 912.5 6.5949 21.9052
375 6.2901 10.4544 925 7.1691 22.6204
387.5 6.2104 10.8133 937.3 6.6376 22.7563
400 6.5378 10.9141 950 6.1644 22.9977
412.5 6.5567 11.0576 962.5 7.2228 23.1137
425 6.6739 11,1829 975 6.9806 23.1784
4378 6.6138 11.4933 987.5 6.8998 23.5011
450 6.5063 11.7292 1000 7.4148 23.8688
462.5 6.7284 12.5250 1012 5 7.4784 24.5633
475 6.5309 12.3835 1025 7.2358 24.5379
487.5 6.5638 12,7267 1037.5 7.5515 24.6893
500 6.6826 12.8457 1050 7.6642 24.8947
512.5 6.5973 13.1509 1062.5 7.4935 25.4426
525 6.7991 13.3204 1075 7.5516 25.3980
537.5 6.7553 13.7166 1087.5 7.9929 25.2945
350 6.8459 13,9236 1100 7.9825 259646
562.5 6.8582 14.2130 11125 7.9067 25.9868
575 6.7366 14.5088 1125 7.8940 259272
587.5 6.8551 14,6112 11375 7.8907 26.2160
600 6.9146 14,6982 1150 8.1926 26.7286
612.5 6.8951 14 8039 1162.5 8.0127 26.7873
625 7.0442 15.2271 1175 8.0281 26.8955
637.5 6.9090 15,2571 1187.5 8.1388 27.4765
650 7.0840 15.5874 1200 8.0349 27.4889
662.5 6.9330 15.7616 1212.5 8.1077 27.8567
675 7.0009 15.9943 1225 7.8786 28.1935
687.5 6.8885 16.2697 1237.5 3.2797 28.5154
700 6.9568 16.5645 1250 8.1439 28.5416
712.5 6.7904 16.6834 1262.5 8.2951 29.0381
723 6.5061 16.8515 1275 8.3307 29.1718
737.5 6.7606 17.4588 1287.5 8.2604 29.4879
750 6.5485 17.4296 1300 8.2933 29.8329
762.5 6.4122 17,7750 1312.5 8.3943 29.9924
775 6.9179 18.2381 1325 8.3710 30.4105
787.5 7.1772 I18.5753 1337.5 8.4375 30.4417
800 6.9765 18.2260 1350 8.3906 30.7366
R12.5 7.0461 18,3647 1362.5 8.5045 31.0255
825 6.2864 17.9760 1375 8.4868 31.0938
837.5 5.5153 18.5481 1387.5 8.5136 31.3675
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
1400 8.6227 31.5321 1987.5 9.6404 43,7062
1412.5 8.5347 319113 2000 9.6865 439248
1425 8.6277 31.9019 2012.5 9.7000 44,2958
1437.5 8.7059 32.3689 2025 9.6714 44.2347
1450 8.6024 32.5240 20375 9.6251 44.7775
1462.5 8.6836 32.8181 2050 G.6604 44 8171
1473 8.6586 33,1445 2062.5 97051 450278
1487.5 8.7209 33.1382 2075 9.7229 45.5106
1500 8.7149 33.8299 2087.5 9.6587 45.7749
15125 8.8927 339871 2100 9.6069 45.7037
1525 3.7744 34.1346 21125 9.5818 46.3640
15337.5 8.7333 34.6430 2125 9.6085 46.4418
1550 8.7616 34.8691 21375 9.7111 46.5820
1562.5 8.7250 35.0156 2150 9.8309 47.0398
1575 8.7800 35.2541 2162.5 9.8290 47.2340
1587.5 8.6771 35.6785 2175 9.7027 47.3432
1600 8.8061 359571 21875 9.8315 47.6913
1612.5 8.8679 36.0932 2200 9.7699 48.0044
1625 8.9580 36.5105 22125 9.6864 48.1104
1637.5 8.9738 36.5919 2225 9.8546 48.5533
1650 8.9%09 36.8847 2237.5 9.8520 48.7515
1662.5 9.0738 36.9996 2250 98241 48.9819
1675 9.1092 373041 2262.5 10.0371 491468
1687.5 9.0352 374907 2275 9.8971 49.6276
1700 9.0406 37.7399 2287.5 9 8014 49,7944
1712.5 9.0565 37.9808 2300 10.0873 50.0132
1725 8.9995 38.2464 23125 9.9286 5(.2899
1737.5 9.0194 38.4887 2325 9.9606 50.4918
1750 8.9695 38.7242 23375 10.0306 50.7367
1762.5 9.0106 39.1005 2350 10.0840 51.1777
1775 9.0441 39.2891 2362.5 10.0136 51.3526
1787.5 9.0415 39.5228 2375 i10.1157 51.6904
1800 9.2330 39.8131 2387.5 10.0700 51,7591
1812.5 9.2049 40.1647 2400 9.0888 52,1725
1825 9.2969 40.2796 24125 10.1419 52.3615
1837.5 9.2143 40.6107 2425 10.0267 52.7190
1850 9.4192 40.7940 2437.5 10.2195 52.8815
1862.5 9.3451 40.9755 2450 10.2199 53.0194
1875 9.5013 41.4190 24625 10.3253 53.2999
1887.5 9.3877 41.5362 2475 10.2134 53.4460
1900 9.3054 41.6891 2487.5 10.1736 53.7476
1912.5 0.3704 42.0316 2500 9.9954 53.9738
1925 9.3974 42.3856 2512.5 10.0091 54,3605
1931.5 9.4713 42,6518 2525 99963 54.5447
1950 9.4978 42,9703 2537.5 10.0748 55.0226
1962.5 9.4591 43.2546 2550 10.0190 55.1789
1975 9.5979% ‘43‘4929 2562.5 10.0829 55.5007
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
2575 10.1942 55.8806 3162.5 11.1413 67.5146
2587.5 10.1597 56.2269 3175 11.1499 67.8152
2600 10.3181 56.4515 3187.5 11.2318 68.0829
2612.5 10.3303 56.6765 3200 11.2482 68.3221
2625 10.3270 56.7674 32125 11.2802 68.5909
2637.5 10.4543 57.1500 3225 11.2458 68.9209
2650 10.4055 57.4346 3237.5 11.3674 69.2136
2662.3 10.4585 57.5259 3250 11.2622 69.4755
2675 10.4601 57.9205 3262.5 11.2208 69.7912
2687.5 10.5504 57.9599 3275 11.3088 69.9796
2700 10.3908 58.4398 3287.5 11.2473 70.3232
2712.5 10.6178 58.5527 3300 11.2834 70.6664
2725 10.5698 58.7569 33125 11.3878 70.8632
2737.5 10.4747 59.0765 3325 11.2890 713136
2750 10.6497 59.5506 33375 11.4733 71.4498
2762.5 10.5462 59.4804 3350 11.4195 71.9431
2775 10.6774 59.9149 3362.5 11.4541 72.1761
2787.5 10.6862 60.1958 3375 i1.6173 72.4731
2800 10.8812 60.3062 3387.5 11.6845 72,8475
2812.5 10.8640 60.4536 3400 11.6039 72.9034
2825 11.0540 60.9590 34125 11.6273 73.3816
2837.5 10.8815 61.2542 3425 11.6901 73.5890
2850 11.0054 61.3197 3437.5 11.4989 73.9157
2862.5 11.1445 61.3807 3450 11.7068 74.0274
2875 10.8924 61.6308 3462.5 11.6549 74.3027
2887.5 11.3746 61.8395 3475 11.6170 74.7399
2900 11.1702 62.2017 34875 11.5754 75.1264
29125 11.1814 62.1834 3500 11.60035 75.4835
2925 11.2042 62.4766 3512.5 11.7002 757721
2937.5 11.2140 62.8343 3525 11.6322 76.1605
2950 10.9585 62.9804 3537.5 11.6932 76.4803
2962.5 11.0667 63.1629 3550 12.0837 76.9073
2975 11.0717 63.6143 3562.5 12.2595 77.0001
2987.5 11.1279 63.6531 3575 12.3119 77.1949
3000 11.1055 64.0084 3587.5 12.4534 77.6577
3012.5 11.0188 64.1940 3600 12.5058 77.4295
3025 11.2064 64.4659 3612.5 12,1936 77.6036
3037.5 11.1544 64.6987 3625 12.5581 77.6958
3050 11.1880 64.9963 3637.5 12.5676 78.0223
3062.5 11.1416 635.1787 3650 12.2946 78.3670
3075 11.1526 65.4361 3662.5 12.0014 78.5539
3087.5 11.0429 65.7160 3675 12.3999 78.7716
3100 11.0916 65.9792 3687.5 12.4991 79.0855
31125 11.1216 66.3286 3700 12.7983 78.5582
3125 11.0946 66.5994 37125 12.8515 79.5093
3137.5 11.1371 66.9116 3725 123501 78.6442
3150 11.0949 67.2875 37315 12.9251 78.7568
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
3750 12.8554 75.4498 3787.5 13.4538 79.6002
376235 13.0946 79.4839 3800 13.0777 79.8720
3775 12.5626 79.6288
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Table B.8 Measured surface impedance (normalised by the characteristic

impedance of the air, pc), between 3812.5 and 4500 Hz, of the material sample with

an air cavity of 90 mm between the test material sample and the rigid wall

Frequency (Hz) Real Part Imaginary Part Frequency (Hz} Real Part Imaginary Part
3812.5 (.9081 0.9122 4162.5 2.5788 -0.9655
3825 0.9741 0.9554 4175 2.6487 -1.2812
3837.5 1.0051 0.9818 4187.5 2.2178 -1.2074
3850 1.1170 1.0418 4200 2.1123 -1.3211
3862.5 1.1493 1.0569 4212.5 2.0211 -1.2312
3875 1.2109 1.1427 4225 1.8740 -1.1721
3887.5 1.3249 1.1569 4237.5 1.8807 -1.4093
3900 1.4256 1.2801 4250 1.5822 -1.1977
3912.5 1.5820 1.2216 4262.5 1.7363 -1.3775
3925 1.6836 1.2200 4275 1.4906 -1.3565
3037.5 2.0128 1.1961 4287.5 1.2674 -1.1132
3950 1.9432 1.1242 4300 1.1606 -1.2813
3962.5 20167 1.1790 43125 1.23117 -1.1739
3975 21572 0.9460 4325 (.9969 -1.1181
3987.5 2.4229 1.2373 43375 1.0213 -1.0420
4000 2.3394 1.0260 4350 0.9558 -1.1062
4012.5 2.4944 0.9331 4362.5 0.9321 -0.9997
4025 2.6594 1.0182 4375 0.8047 -0.9899
4037.5 2.5075 0.7322 4387.5 0.8564 -0.9262
4050 3.0493 0.4916 4400 0.7535 -0.9604
4062.5 3.0548 0.7903 4412.5 0.7270 -(.9098
4075 2.9343 0.2691 4425 0.7245 -0.7835
4087.5 3.2998 0.0495 4437.5 0.6452 -0.8005
4100 2.8998 0.1687 4450 0.7479 07167
4112.5 3.4687 -0.5264 4462.5 0.6599 -0.6911
4125 3.2033 -(0.1413 4475 0.7358 -0.6738
4137.5 2.9645 -0.6478 4487.5 0.7097 -0.8816
4150 3.2344 -1.0657 4500 0.4128 -1.1411
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Table B.9 Measured surface impedance (normalised by the characteristic
impedance of the air, pc), between 3812.5 and 4500 Hz, of the material sample with

an air cavity of 53 mm between the test material sample and the rigid wall

Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
3812.5 2.7170 0.4943 4162.5 1.4546 -1.4638
3823 29129 0.3591 4175 1.3621 -1.3732
3837.5 2.9183 0.3441 41875 1.1883 -1.4255
3850 2.9683 0.0096 4200 1.1734 -1.2659
3862.5 29731 0.0428 42125 1.2317 -1.3431
3875 3.2715 -0.1224 4225 1.1736 -1.1609
3887.3 3.1392 -0.1033 4237.5 1.0831 -1.2540
3500 3.4319 -0.5139 4250 1.1293 -1.0655
3912.5 3.3212 -0.7407 4262.5 0.9377 -1.0944
3925 3.2047 -0.8925 4275 1.0662 -1.2278
3937.5 2.8989 -1.2300 4287.5 0.8568 -].1123
3950 2.6864 -1.2051 4300 0.8503 -1.1207
3962.5 2.4769 -1.2820 4312.5 0.8437 -1.0682
3975 2.6165 -1.1955 4325 0.7669 -0.9851
3987.5 2.4840 -1.3115 4337.5 0.8098 -1.0768
4000 2.4630 -1.2019 4350 0.6935 -0.9401
4012.5 2.4142 -1.4016 4362.5 0.7223 -0.5819
4025 2.3380 -1.2604 4375 0.6607 -0.9385
4037.5 2.1175 -1.2385 4387.5 0.6669 -0.9385
4050 2.1361 -1.6572 4400 0.6428 -0.9278
4062.5 2.1461 -1.4972 4412.5 0.6463 -0.8602
4075 1.8703 -1.3896 4425 0.5991 -0.8243
4087.5 1.9547 -1.5687 4437.5 0.6010 -0.8260
4100 1.8023 -1.4760 4450 0.5972 -0.8183
4112.5 1.6836 -1.5110 4462.5 0.6616 -0.7830
4125 1.7041 -1.5856 4475 0.6656 -0.8995
4137.5 1.6680 -1.4376 4487.5 0.5234 -1.0352
4150 1.4378 -1.4137 4500 0.2772 -1.0438
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Table B.10 Derived characteristic impedance (normalised by the characteristic
impedance of the air, pc), between 300 and 4500 Hz, using the optimised set of ¢;~cs
of the optimisation condition 16 in Table 6.5 and Equation (6.15)

Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
300 1.3704 -0.7045 825 1.2348 -0.3067
3125 1.3636 -0.6813 837.5 1.2332 -0.3029
325 1.3573 -0.6597 850 1.2316 -0.2992
337.5 1.3512 -0.6395 862.5 1.2301 -0.2957
350 1.3455 -0.6207 875 1.2286 -0.2922
362.5 1.3401 -0.6030 887.5 1.2272 -0.2888
375 1.3349 -0.5864 SO0 1.2257 -0.2855
3B7.5 1.3300 -0.5708 912.5 1.2243 -0.2823
400 1.3253 -0.5561 925 1.2230 -0.2791
412.5 1.3209 -0.5422 937.5 1.2216 -0.2761
425 1.3166 -0.5291 850 1.2203 -0.2731
437.5 1.3125 0.5166 962.5 1.2190 -0.2°702
450 1.3085 -0.5048 975 1.2177 -0.2673
462.5 1.3047 -0.4936 987.5 1.2165 -0.26435
475 1.3011 -0.4829 1000 1.2153 -0.2618
487.5 1.2976 -0.4727 10125 1.2141 -0.2592
500 1.2942 -0.4629 1025 1.2129 -0.2566
512.5 1.2910 -0.4536 1037.5 1.2117 -0.2540
525 1.2878 -0.4447 1050 1.2106 -0.2515
537.5 1.2848 -0.4362 1062.5 1.2095 -0.2461
550 1.2818 -0.4280 1075 1.2084 -0.2467
56235 1.2790 -0.4202 1087.5 1.2073 -0.2444
575 1.2762 -0.4127 1100 1.2062 -0.2421
587.5 1.2736 -0.4054 1112.5 1.2052 -0.2398
600 1.2710 -0.3985 1125 1.2041 -0.2377
612.5 1.2685 -0.3918 1137.5 1.2031 -0.2355
625 1.2661 -0.3853 1150 1.2021 -0.2334
637.5 1.2637 -0.3791 1162.5 1.20t1 -0.2313
650 1.2614 -0.3731 1175 1.2002 -(,2293
662.5 1.2592 -0.3673 1187.5 1.1992 -0.2273
675 1.2570 -0.3617 1200 1.1983 -0.2254
687.5 1.2549 -0.3563 12125 1.1974 -0.2235
700 1.2528 -0.3510 1225 1.1965 -0.2216
712.5 1.2508 -0.3460 12375 1.1956 -0.2197
725 1.2488 -0.3411 1250 1.1947 -0.2179
737.5 1.2469 -0.3363 1262.5 1.1938 -0.2162
750 1.2451 -0.3317 1275 1.1929 0.2144
762.5 12433 -0.3272 1287.5 1.1921 -0.2127
775 1.2415 -0.3229 1300 1.1913 02110
787.5 1.2397 -0.3186 1312.5 1.1904 -0.2094
800 12380 0.3145 1325 1.1856 -0.2077
812.5 1.2364 -0.3106 13375 1.1888 -0.2061
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
1350 1.1880 -0.2046 1937.5 1.1598 -0.1520
1362.5 1.1873 -0.2030 1950 1.1593 -0.1512
1375 1.1865 -0.2015 1962.5 1.1589 -0.1504
1387.5 1.1857 -0.2000 1975 1.1584 -0.1496
1400 1.1850 -0.1985 1987.5 1.1580 -(1.1488
14125 1.1842 -0.1971 2000 1.1575 -0.1481
1425 1.1835 -0.1957 20125 1.1571 , -0.1473
1437.5 1.1828 -0.1943 2025 1.1566 -0.1466
1450 1.1821 -0.1929 20375 1.1562 -0.1458
1462.5 11814 -0.1915 2050 1.1558 -0.1451
1475 1.1807 -0.1902 2062.5 1.1553 -0.1444
14875 1.1800 -0.1889 2075 1.1549 -0.1437
1500 1.1793 -0.1876 2087.5 1.1545 -0.1430
1512.5 [.1786 -0.1863 2100 1.1541 -0.1423
1525 1.1780 -0.1851 21125 1.1537 -0.1416
1537.5 1.1773 -0.1838 2125 1.1533 -0.1409
1550 1.1767 -0.1826 21375 1.1529 -0.1402
1562.5 1.1760 -0.1814 2150 1.1525 -0.1395
1575 1.1754 -0.1802 2162.5 1.1521 -0.1389
1587.5 1.1748 -0.1790 2175 1.1517 -0.1382
1600 1.1742 0.1779 21875 1.1513 -0.1376
1612.5 1.1736 -0.1768 2200 1.1509 -0.1369
1625 1.1730 -0.1756 22125 1.1505 -0.1363
1637.5 1.1724 -0.1745 2225 1.1501 -0.1357
1650 1.1718 -0.1735 2237.5 1.1497 -(.1350
1662.5 1.1712 -0.1724 2250 1.1494 -0.1344
1675 1.1706 -0.1713 22625 1.1490 -0.1338
1687.5 1.1700 -0.1703 2275 1.1486 -0.1332
1700 1.1695 -0.1692 2287.5 1.1483 -0.1326
1712.5 1.1689 -0.1682 2300 1.1479 -0.1320
1725 1.1684 -0.1672 2312.5 1.1475 -0.1314
1737.5 1.1678 -0.1662 2325 1.1472 -0.1308
i750 1.1673 -0.1653 2337.5 1.1468 -0.1303
1762.5 1.1667 -0.1643 2350 1.1465 -0.1297
1775 1.1662 -0.1633 2362.5 1.1461 -0.1291
1787.5 1.1657 -0.1624 2375 1.1458 -0.1286
1800 1.1652 -0.1615 2387.5 1.1454 -0.1280
1812.5 1.1647 -0.1606 2400 1.1451 -0.1275
1825 1.1641 -0.1597 2412.5 1.1447 -0.1269
1837.5 1.1636 -0.1588 2425 1.1444 -0.1264
1850 1.1631 -0.1579 24375 1.1441 -0.1258
1862.5 1.1626 ~0.1570 2450 1.1437 -0.1253
1875 1.1622 -0.1561 2462.5 1.1434 -0.1248
1887.5 1.1617 -0.1353 2475 1.1431 -0.1243
1900 1.1612 -0.1545 2487.5 1.1428 -0.1238
1912.5 1.1607 -0.1536 2500 1.1424 -0.1233
1925 1.1602 -0.1528 2512.5 i.1421 -0.1228
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
2525 1.1418 -0.1223 31125 1.1290 -0.1029
2537.5 1.1415 -0.1218 3125 1.1288 -0.1026
2550 1.1412 -(0.1213 3137.5 1.1286 -0.1023
2562.5 1.1409 -0,1208 3150 1.1283 -0.1019
2575 1.1406 -0.1203 3162.5 1.1281 -0.1016
2587.5 1.1402 -0.1198 3175 1.1279 -0.1013
2600 1.1399 -0.1193 3187.5 1.1277 -0.1009
2612.5 1.1396 -0.1189 3200 1.1274 -0.1006
2623 1.1393 -0.1184 32125 1.1272 -0.1003
26375 1.1390 -0.1179 3225 L.1270 -0.1000
2650 1.1387 -0.1175 3237.5 1.1268 -0.0997
2662.5 1.1385 -0.1170 3250 1.1266 -0.0993
2675 1.1382 -0.1166 32625 1.1263 -0.0990
2687.5 1.1379 -0.1161 3275 1.1261 -0.0987
2700 1.1376 -0.1157 3287.5 1.1259 -0.0984
2712.5 1.1373 -0.1153 3300 1.1257 -0.0981
2725 1.1370 -0.1148 33125 1.1255 -0.0978
27375 1.1367 -0.1144 3325 1.1253 -0.0975
2750 1.1364 -0.1140 33375 1.1250 -0.0972
2762.5 1.1362 -0.1135 3350 1.1248 -0.0969
2775 1.1359 -0.1131 3362.5 1.1246 -0.0966
27875 1.1356 -0.1127 3375 1.1244 -0.0963
2800 1.1353 -0.1123 3387.5 1.1242 -0.0960
28125 1.1351 -0.1119 3400 1.1240 -0.0957
2825 1.1348 -0.1115 34125 1.1238 -0.0954
2837.5 1.1345 -0.1111 3425 1.1236 -0.0951
2850 1.1343 -0.1107 34375 1.1234 -0.0949
2862.5 1.1340 -0.1103 3450 1.1232 -0.0946
2875 1.1337 -0.1099 3462.5 1.1230 -0.0943
2887.5 1.1335 -0.1095 3475 1.1228 -0.0940
2900 1.1332 -0.1091 3487.5 1.1226 -0.0937
2012.5 1.1330 -0.1087 3500 1.1224 -0.0935
2925 1.1327 -0.1083 3512.5 1.1222 -0.0932
2937.5 1.1325 -0.1080 3525 1.1220 -0.0929
2950 11322 -0.1076 3537.5 1.1218 -0.0927
2962.5 1.1319 -0.1072 3550 1.1216 -0.0924
2975 1.1317 -0.1068 3562.5 1.1214 -0.0921
2987.5 1.1314 -0.1065 3575 1.1212 -0.0919
3000 1.1312 -0.1061 3587.5 1.1210 -0.0916
3012.5 1.1310 -0.1057 3600 1.1209 -0.0913
3025 1.1307 -0.1054 3612.5 1.1207 -0.0911
3037.5 1.1305 -0.1050 3625 1.1205 -0.0908
3050 1.1302 -0.1047 3637.5 1.1203 -0.0%06
3062.5 1.1300 -0.1043 3650 1.1201 -0.0903
3075 1.1298 -0.1040 3662.5 1.1199 -0.0900
3087.5 1.1295 -0.1036 3675 1.1197 -0.0898
3100 1.1293 -0.1033 3687.5 1.1196 -0.0895
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Frequency (Hz) Real Part | Fmaginary Part Frequency (Hz) Real Part | Imaginary Part
3700 1.1194 -0.0893 41125 1.1138 -0.0819
37125 11192 -0.0890 4123 1.1137 -0.0817
3725 1.1190 -0.0888 4137.5 1.1135 -0.0815
3737.5 1.1188 -0.0886 4150 1.1134 -0.0813
3750 1.1186 -0.0883 4162.5 1.1132 -0.0811
3762.5 1.1185 -0.0881 4175 1.1130 -0.0809
3773 1.1183 -0.0878 4187.5 1.1129 -0.0807
3787.5 1.1181 -0.0876 4200 1.1127 -0.0805
3800 1.1179 -0.0874 4212.5 1.1126 -0.0803
38125 1.1178 -0.0871 4225 1.1124 -0.0801
3825 1.1176 -0.0869 4237.5 1.1123 -0.0799
38375 1.1174 -0.0867 4250 1.1121 -0.0797
3850 1.1173 -0.0864 4262.5 1.1120 -0.0795
3862.5 1.1171 -0.0862 4275 1.1118 -0.0793
3875 1.1169 -0.0860 4287.5 L1117 -0.0791
3887.5 1.1167 -0.0857 4300 1.1116 -0.0789
3900 1.1166 -0.0855 4312.5 1.1114 -0.0787
3912.5 1.1164 -0.0853 4325 £.1113 -0.0785
3923 1.1162 -0.0851 4337.5 1.1111 -0.0784
39375 1.1161 -0.0848 4350 1.1110 -0.0782
3950 1.1159 -0.0846 4362.5 1.1108 -0.0780
3962.5 1.1157 -0.0844 4375 1.1107 -0.0778
3975 1.1156 -0.0842 4387.5 1.1105 -0.0776
3987.5 1.1154 -0.0840 4400 1.1104 -0.0774
4000 1.1152 -0.0837 44125 1.1103 -0.0773
4012.5 1.1151 -0.0835 4425 1.1101 -0.0771
4025 1.1149 -0.0833 4437.5 1.1100 -0.0769
4037.5 1.1148 -0.0831 4450 1.1098 -0.0767
4050 1.1146 -0.0829 4462.5 1.1097 -0.0765
4062 .5 1.1144 -0.0827 4475 1.1096 -0.0764
40735 1.1143 -0.0825 4487.5 1.1094 -0.0762
4087.5 1.1141 -0.0823 4500 1.1093 -0.0760
4100 1.1140 -0.0821
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Table B.11 Derived propagation constant, between 300 and 4500 Hz, using the
optimised set of c¢;-cs of the optimisation condition 16 in Table 6.5 and Equation
(6.16)

Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
300 5.6580 8.4092 825 7.5326 19.9502
3125 5.7237 8.6982 837.3 7.5647 20.2159
325 5.7875 8.9860 850 7.5965 20.4814
3375 5.8497 9.2727 862.5 7.6280 20.74606
350 5.9102 92,5584 875 7.6591 21.0115
362.5 5.9691 9.8431 BB7.5 7.6899 21.2762
375 6.0266 10.1268 900 7.7204 21.5407
3875 6.0828 10.4097 012.5 1.7505 21.8049
400 6.1377 10.6917 925 7.7804 22.0689
412.5 6.1914 10.9729 937.5 7.8100 223326
425 6.2439 11.2533 950 7.8394 22.5961
437.5 6.2953 11.5330 962.5 7.8684 22.8594
450 6.3456 11.8119 975 7.8972 23.1225
462.5 6.3950 12.0902 937.5 7.9257 23.3854
475 6.4435 12.3678 1000 7.9539 23.6481
487.5 6.4910 12.6448 1012.5 7.9819 23.9105
S00 ©.5376 129212 1025 8.0097 24.1728
512.5 6.5835 13.1971 1037.5 8.0372 24.4348
525 6.6285 13.4723 1050 8.0645 24.6967
537.5 6.6728 13.7471 1062.5 8.0915 24.9584
550 6.7163 14.0213 1073 8.1183 252199
562.5 6.7591 14.2950 1087.5 8.1449 25.4812
575 6.8013 14.5682 1100 8.1713 25.7423
587.5 6.8428 14,8410 1112.5 8.1975 26.0033
600 6.8837 15.1133 1125 8.2234 26.2641
6125 6.9240 15.3851 1137.5 8.2492 26.5247
625 6.9636 15.6565 1150 B.2747 26.7851
637.5 7.0028 15.9276 1162.5 8.3001 27.0454
650 7.0413 16.1982 1175 8.3252 27.3055
662.5 7.0794 16.4684 1187.5 B.3502 27.5655
675 7.1169 16.7382 1200 8.3750 27.8253
687.5 7.1540 17.0077 1212.5 8.3995 28.0849
700 7.1905 17.2768 1225 8.4240 28.3444
712.5 7.2266 17.5456 1237.5 8.4482 28.6038
725 7.2623 17.8140 1250 8§.4722 28.8630
737.5 7.2975 18.0821 1262.5 8.4961 29.1220
750 7.3322 18.3499 1275 8.5198 29.3809
762.5 7.3666 18.6174 1287.5 8.5434 29.6397
775 74006 18.8845 1300 8.5668 29.8983
787.5 7.4342 19.1514 13125 8.5900 30.1568
800 7.4673 19.4179 1325 8.6131 304151
812.5 7.5002 10,6842 13375 8.6360 30.6734
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
1350 8.6587 30.9314 1937.5 9.5905 42.9398
1362.5 8.6813 31.1894 1950 9.6080 43.1931
1375 8.7038 31.4472 1962.5 9.6254 43.4464
1387.5 8.7261 31.7049 1975 9.6427 43.6996
1400 B.7483 31.9625 1987.5 9.6599 43.9527
1412.5 8.7703 32.2200 2000 9.6771 44.2058
1425 B.7922 32.4773 2012.5 9.6941 44.4588
1437.5 8.8139 32,7345 2025 9.7111 447117
1450 8.8355 32.9916 2037.5 9.7281 44.9646
1462.5 8.8570 33.2486 2050 9.7449 45.2173
1475 8.8784 33.5054 2062.5 9.7617 45.4700
1487.5 8.8996 33.7622 2075 9.7784 45.7227
1500 8.9207 34.0188 2087.5 9.7950 45.9752
1512.5 8.9417 34.2753 2100 2.8116 46.2278
1525 8.9625 34.5318 2112.5 9.8280 46.4802
15375 8.9832 34.7881 2125 9.8445 46.7326
1550 9.0038 35.0443 2137.5 9.8608 46.9849
1562.5 9.0243 35.3004 2150 9.8771 47.2371
1575 9.0447 35.5564 2162.5 9.8933 47.4893
1587.5 9.0649 35.8123 2175 9.9094 47.7414
1600 9.0851 36.0680 21875 9.9255 47.9934
1612.5 9.1051 36.3237 2200 9.9415 48.2454
1625 9.1250 36.5793 22125 9.9575 48.4974
1637.5 9.1448 36.8348 2225 9.9734 48.7492
1650 0.1645 37.0902 2237.5 9.9892 49.0010
1662.5 9.1841 37.3455 22350 10.0045 49.2528
1675 9.2036 37.6007 2262.5 10.0206 49.5044
1687.5 9.,2229 37.8558 2275 10.0363 49.7561
1700 9.2422 38.1108 22875 10.0518 50.0076
1712.5 9.2614 38.3658 2300 16.0673 50.2591
1725 9.2805 38.6206 2312.5 10.0828 50.5106
1737.5 9.2994 38.8753 2325 10.0982 50.7620
1750 9.3183 35.1300 2337.5 10.1135 51.0133
1762.5 9.3371 39.3846 2350 10.1288 51.2646
1775 9.3558 39.6390 2362.5 10.1440 51.5158
1787.5 9.3744 39.8934 2375 10.1591 51.7669
1800 9.3929 40.1477 2387.5 10.1742 52.0180
1812.5 94113 40.4020 2400 10.1893 52.2691
1825 9.4296 40.6561 24125 10.2043 52.5201
1837.5 9.4478 409102 2425 10.2192 52.7710
1850 9.4660 41.1641 2437.5 102341 53.0219
1862.5 9.4840 41.4180 2450 10.2489 53.2727
1875 9.5020 41.6719 2462.5 10.2637 53.5235
1887.5 9.5199 41.9256 2475 10.2784 53.7743
1900 9.5377 42.1793 2487.5 10.2930 54.0249
1912.5 9.5554 42.4328 2500 10.3076 54.2756
1925 9.5730 42.6863 2512.5 10.3222 54.5261
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
2525 10.3367 54.7767 31125 10.9669 66.4999
2537.5 10.3511 55.0271 3125 10.9793 66.7484
2550 10.3655 55.2775 3137.5 10.9917 66.9968
2562.5 10.3799 55.5279 3150 11.0041 67.2452
2575 10.3942 55.7782 3162.5 11.0164 67.4935
2587.5 10.4084 56.0285 3175 11.0287 67.7418
2600 10.4226 56.2787 3187.5 11.0410 67.9901
2612.5 10.4368 56.5289 3200 11.0532 68.2383
2625 10.4509 56.7790 3212.5 11.0654 68.4865
2637.5 10.4650 57.0291 3225 11.0776 68.7347
2650 104750 57.2792 3237.5 11.0897 68.9828
2662.5 10.4%529 57.5291 3250 11.1018 69.2309
2675 10.5068 57.7791 3262.5 11.1139 69.4790
2687.5 10.5207 58.0290 3275 11.1259 69.7270
2700 10.5345 58.2788 3287.5 11.1379 69.9750
27125 10.5483 58.5286 3300 11.1499 70.2229
2725 10.5620 58.7784 33125 11.1618 70.4709
2737.5 10.5757 59.0281 3323 11.1737 70.7188
2750 10.5894 59.2778 3337.5 11.1856 70.9666
27625 10.6029 59.5274 3350 11.1974 71.2144
2775 10.6165 59.7770 3362.5 11.2092 71.4622
27875 10.6300 60.0265 3375 11.2210 71.7100
2800 10.6435 60.2760 3387.5 11.2327 71.9577
2812.5 10,6569 60.5254 3400 11.2444 72.2054
2825 10.6703 60.7748 3412.5 11.2561 724531
2837.5 10.6836 61.0242 3425 11.2678 72.7007
2850 10.6969 61.2735 34375 11.2794 72.9483
2862.5 10.7101 61.5228 3450 11.2910 73.1959
2873 10,7234 61.7720 3462.5 11.3025 73.4434
2887.5 10.7365 62.0212 3475 11.3141 73.6909
2900 10.7497 62.2704 3487.5 11.3256 73.9384
20125 10.7627 62.5195 3500 11.3370 74.1858
2925 10.7758 62.7686 3512.5 11.3485 74.4332
2937.5 10.7888 63.0176 3525 11.3599 74.6806
2950 10.8018 63.2666 3537.5 11.3713 74.9279
2962.5 10.8147 63.5155 3550 11.3826 75.1753
2975 10.8276 63.7645 3562.5 11.3939 75.4226
2987.5 10.8404 64.0133 3575 11.4052 75.6698
3000 10.8532 64.2622 3587.5 11.4165 75.9170
3012.5 10.8660 64.5109 3600 11.4277 76.1642
3025 10.8788 64.7597 3612.5 11.4389 76.4114
3037.5 10.8915 £65.0084 3625 114501 76.6585
3050 10.9041 65.2571 36375 11.4613 76.9056
3062.5 10.9167 65.5057 3650 11.4724 77.1527
3075 10.9293 65.7543 3662.5 11.4835 77.3998
3087.5 10.9419 ©6.0029 3675 11.4946 77.6468
3100 10.9544 66.2514 3687.5 11.5056 77.8938
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Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
3700 11.5167 78.1408 4112.5 11.8662 86.2754
3712.5 11.5276 78.3877 4125 11.8764 86.5215
3725 11.5386 78.6346 4137.5 11.8866 86.7676
3737.5 11.5496 78.8815 4150 11.8967 37.0136
3750 11.5605 79.1283 4162.5 11.9069 87.2596
37625 11.5714 79.3752 4175 11.9170 87.5056
3775 11.5822 79.6220 4187.5 11.9271 87.7515
3787.5 11.5931 79.8687 4200 11.9371 87.9974
3800 11.6039 80.1155 4212.5 11.9472 88.2433
3812.5 11.6147 80.3622 4225 11.9572 88.4892
3825 11.6254 80.6089 4237.5 11.9672 88.7351
38375 11.6362 80.8555 4250 11.9771 88.9809
3850 11.6469 81.1022 42625 11.9871 89.2267
3862.5 11.6575 81.3488 4275 11.9970 89.4725
3875 11.6682 81.5953 4287.5 12.0069 §9.7183
38R7.5 11.6788 81.841% 4300 12.0168 89.9640
3500 11.6895 82.0884 4312.5 12.0267 90.2058
3912.5 11.7000 82.3349 4325 12.0366 90.4555
3925 11.7106 82.5814 4337.5 12.0464 90.7011
3937.5 11.7211 82.8278 4350 12.0562 00.9468
3950 11.7317 83.0743 4362.5 12.0660 91.1924
3962.5 11.7422 83.3207 4375 12.0758 91.4380
3975 11.7526 83.5670 43875 12.0855 91.6836
3987.5 11.7631 83.8134 4400 12.0953 91.9292
4000 11.7735 84.0597 4412.5 12.1050 92.1747
4012.5 11.7839 84.3060 4425 12.1147 92.4202
4025 11.7943 84.5523 44375 12.1243 92.6657
40375 11.8046 84.7985 4450 12.1340 92.9112
4050 11.8149 83.0447 4462.5 12.1436 93.1567
4062.5 11.8252 85.2909 4475 12.1532 93.4021
4075 11.8355 85.5371 4487.5 12.1628 93.6475
4087.5 11.8458 85.7832 4500 12.1724 93.8929
4100 11.8560 36.0293
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Table B.12 Calculated characteristic impedance (normalised by the characteristic

impedance of the air, pc), between 3812.5 and 4500 Hz, using Utsuno’s improved

two-cavity method

Frequency {Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
38125 1.1359 -0.0324 4162.5 1.2060 0.2146
3825 1.1949 -0.0692 4175 1.2480 -0.0019
38375 1.1940 -0.0527 4187.5 1.1231 -0.2564
3850 1.1786 -0.0760 4200 1.2093 -0.0826
3862.5 1.1966 -0.0577 42125 1.2141 -0.2643
3875 1.2463 -0.1077 4225 1.2051 -0.1380
3887.5 1.2984 -0.0318 4237.5 1.1865 -0.0787
3900 1.2983 -0.1134 4250 1.3779 01710
3912.5 1.3199 -0.1876 4262.5 0.9912 0.0868
3925 1.2904 -0.1956 4275 1.3813 -0.3156
3937.5 1.3059 -0.1935 42875 0.9839 -0.3991
3950 1.1688 -0.2001 4300 1.3919 -0.4351
39625 1.0673 -0.1379 4312.5 1.0886 -0.2868
3975 1.2488 -0.2253 4325 1.1879 -0.4055
3987.5 1.1959 -0.0321 4337.5 0.9211 -0.6022
4000 1.1928 -0.0966 4350 1.0646 -0.2041
4012.5 1.1508 -0.1642 4362.5 0.9047 -0.4892
4025 1.1977 -0.0064 4375 0.9483 -0.5844
4037.5 1.1024 -0.0906 4387.5 0.7815 -0.4789
4050 1.2426 -0.1893 4400 (.8939 -0.6373
4062.5 1.1553 -0.0315 4412.5 0.9558 -0.6532
4075 1.1387 -0.0767 4425 0.6310 -0.4766
4087.5 1.2655 -0.0894 4437.5 0.6244 -0.6610
4100 1.0643 -0.1295 4450 0.5080 -0.3953
4112.5 1.2496 0.0268 44625 0.4673 -0.5932
4125 1.0886 -0.0958 4475 0.3760 -0.4587
4137.5 1.2486 -(0.0932 4487.5 0.4244 -0.4412
4150 1.168]1 0.1050 4500 0.7498 -0.3668

213




Table B.13 Calculated propagation constant, between 3812.5 and 4500 Hz, using

Utsuno’s improved two-cavity method

Fregquency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
3812.5 13.4657 80.0473 4162.5 12.2751 84.2838
3825 12.9576 79.2600 4175 12.5358 86.9368
3837.5 13.2083 79.1591 4187.5 11.3301 85.6128
3850 12.7657 80.4595 4200 12.8323 87.9787
3862.5 13.2321 79.8588 4212.5 13.4459 85.1980
3875 11.7914 78.9935 4225 14.4702 87.4461
3887.5 14.0867 78.8082 4237.5 12.2881 87.8179
3900 11.5073 79.0847 4250 16.6769 89.6110
3912.5 11.2117 78.5855 4262.5 11.3035 89.7390
3925 10.9884 79.1795 4275 15.4759 87.8172
3937.5 11.5290 80.8844 4287.5 14,1933 B6.1443
3950 10.5437 82.0235 4300 16.1143 91.0397
3962.5 10.0812 84.3337 4312.5 14.0828 88.2821
3975 11.8508 80.5340 4325 16.0389 91.6443
3987.5 12.2113 83.9334 4337.5 18.9689 £82.7042
4000 12.4134 82.5633 4350 12.9888 91.0509
4012.5 11.1565 82.1763 4362.5 17.1958 85.8777
4025 13.0137 83.6557 4375 19.5518 §9.2804
4037.5 12.1669 83.9952 4387.5 16.6083 83.83161
4050 10.8542 82.6074 4400 21.7501 88.2278
4062.5 11.4124 83.9379 4412.5 23.0492 925063
44075 12.0923 84.8399 4425 17.9605 80.7287
4087.5 12.0293 83.5935 4437.5 30.6129 76.8219
4100 10.5404 84.2023 4450 11.8569 77.4318
4112.5 12.1992 85.8761 4462.5 18.9298 61.7000
4125 10.1684 34.4064 4475 5.3399 68.1090
4137.5 12.8804 84.3632 4487.5 5.5472 73.2198
4150 11.8360 87.3907 4500 7.0812 84.6678
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Table B.14 Extrapolated characteristic impedance (normalised by the characteristic
impedance of the air, pc), between 3812.5 and 4500 Hz, using the optimised set of ¢;-
¢ of the optimisation condition 7 in Table 6.3 and Equation (6.15)

Frequency (Hz) Real Part Imaginary Part Frequency (Hz) Real Part Imaginary Part
38125 1.1231 -0.0950 4162.5 1.1191 -(0.0891
3825 1.1230 -0.0948 4175 1.1190 -0.0889
3837.5 1.1228 -0.0946 41875 1.1188 -0.0887
3850 1.1227 -0.0943 4200 1.1187 -0.0885
3862.5 1.1225 -0.0941 4212.5 1.1186 -00883
3875 1.1224 -0.0939 4225 1.1184 -0.0881
3887.5 1.1222 -0.0937 4237.5 1.1183 -0.0879
3900 1.1221 -0.0935 4250 1.1182 -0.0878
39125 1.1219 -0.0932 4262.5 1.1180 -0.0876
3925 1.1218 -0.0930 4275 1.1179 -0.0874
3937.5 1.1216 -0.0928 4287.5 1.1178 -0.0872
3950 1.1215 -0.0926 4300 1.1176 -0.0870
3962.5 1.1213 -0.0924 4312.5 1.1175 -0.0868
3975 1.1212 -0.0922 4325 1,1174 -0.0866
3987.5 1.1211 -0.0920 43375 1.1172 -0.0865
4000 1.1209 -0.0917 4350 1.1171 -0.0863
4012.5 1.1208 -0.0915 4362.5 1.1170 -0.0861
4025 1.1206 -0.0913 4375 1.1169 -0.0839
4037.5 1.1205 -0.0911 4387.5 1.1167 -0.0857
4050 1.1203 -0.090% 4400 1.1166 -0.0856
4062.5 1.1202 -0.0907 44125 1.1165 -0.0854
4075 1.1201 -0.0905 4425 1.1163 -0.0852
4087.5 1.1199 -0.0903 44375 1.1162 -(1.0830
4100 1.1198 -0.0901 4450 1.1161 -0.0849
41125 1.1196 -0.0899 4462.5 1.1160 -0.0847
4125 1.1195 -0.0897 4475 1.1159 -0.0845
4137.5 1.1194 -0.0895 4487.5 1.1157 -0.0843
4150 1.1192 -0.0893 4500 1.1156 -0.0842
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Table B.15 Extrapolated propagation constant, between 3812.5 and 4500 Hz, using

the optimised set of ¢;-cg of the optimisation condition 7 in Table 6.3 and Equation

(6.16)

Frequency (Hz) Real Part Imaginary Part Frequency {Hz) Real Part Imaginary Part
38125 11.7706 80.7949 4162.5 12.0831 87.7631
3825 11.7821 81.0441 4175 12.0940 88.0116
3837.5 11.7936 81.2933 4187.5 12.1048 88.2601
3850 11.8050 81.5425 4200 12.1155 £8.5086
3862.5 11.8164 81.7916 4212.5 12.1263 88.7570
3875 11.8278 82.0407 4225 12.1370 89.0054
3887.5 11.8392 82.2898 4237.5 12.1477 89.2537
3900 11.8505 82.5389 4250 12.1584 89.5021
3912.5 11.8619 82.7879 4262.5 12.1690 £9.7504
3925 11.8732 83.0369 4275 12.1797 89.9987
3937.5 11.8844 83.2859 42875 12.1903 90.2470
3950 11.8957 83.5349 4300 12.2009 90.4952
3962.5 11.9069 83.7838 4312.5 12.2115 90,7435
3975 11.9181 84.0327 4325 12.2220 90.9917
3987.5 11.9293 842816 43375 12.2325 91.2399
4000 11.9404 84.5304 4350 12.2431 91.4880
4012.5 119515 84.7793 4362.5 12.2535 91.7361
4025 11,9626 85.0281 4375 12.2640 91.9843
40375 11.9737 85.2768 4387.5 12.2745 92.2324
4050 11.9848 85.5256 4400 12.2849 92.4804
4062.5 11.9958 85.7743 4412.5 12.2953 92,7285
4075 12.0068 86.0230 4425 12.3057 92.9763
4087.5 12.0178 86.2717 4437.5 12.3160 93.2245
4100 12.0287 86.5203 4450 12.3264 93.4725
41125 12.0397 86.7689 4462.5 12.3367 93.7204
4125 12.0506 87.0175 4475 12.3470 93.9683
4137.5 12.0614 87.2601 4487.5 12.3573 94.2162
4150 12.0723 87.5146 4500 12.3675 94.4641
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APPENDIX C

SPECIFICS OF THE ARTIFICIAL NEURAL NETWORK FOR
PREDICTING SOUND TRANSMISSION CLASS OF FLOOR-CEILING
CONSTRUCTIONS

Table C.1 Shift and scale factors of inputs

Shift Scale
InsDensity -0.2093 0.02072
InsThick -0.2796 | 0.004739
JstSpace -11 0.003279
JstDepth -1.803922 | 0.009804
RCSpace -1 1 0.003279
LOG(FCMass) -1.46187 | 1.232935

Table C.2 Weights and thresholds to each hidden neuron of the neural network

h1#01 h1#02 h1#03
Threshold 0.386025 -0.1329 -2.0437
InsDensity’ -1.23369 -1.12211 -0.4246
InsThick’ 0.997581 0.281194 -1.17909
JstSpace’ -1.12721 -0.1058 0.597408
JstDepth’ -1.48347 -0.5016 (.849528
RCSpace’ 0.029992 0.50511 0.135541
LOG(FCMass)’ 1.210527 -1.03458 -4.05432

Table C.3 Weights and thresholds to the output neuron of the neural network

STC?
Threshold ~1.73649
h1#01 -1.92222
h1#02 1.795027
h1#03 -2.43284

Table C.4 Shift and scale factors of the output

Shift

Scale

| STC

-2.4

0.05
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1. Introduction

There are at least two factors that make architectural and building acoustics
design and research difficult: (1) the multiple parameters and multiple criteria aspects
involved; (2) the large quantity of data measured umder non-standard conditions,
which blurs the inherent acoustic phenomena. These complex situations are not
easily recognizable and therefore remain difficult to resolve using conventional
methods [1]. On the other hand computational intelligence (CI) is one of the ap-
proaches to program computers in order to make them bebave as if they were hu-
mans who can understand and tackle bighly complex problems. The three major
domains of Cl are neural network s (NNs), evolutionary algorithms (EAs), and fuzzy
logic {(FL.).

In connectionist models of computation, such as neural network analysis, at-
tempts are made to simulate the powerful cognitive and sensory functions of the
human brain and to use this capability to represent and manipulate knowledge in the
form of patterns. Based on these patterns, neural networks model input-output
functional relationships and can make predictions about other combinations of
unseen inputs (inputs not used in the training process). EAs are defined as search
procedures based on the mechanics of natural sekection and can be perceived as a
generalisation of genetic algorithms. Classical genetic algorithms operate on fixed
length binary strings, which need not be the case for evolutionary algorithms [2).
With the ability of searching a large population (potential solutions), the EA can
overcome the problem of local fitness optima to obtam the optima that are almost
always close to global {3].

It is an enticing challenge 1o a theoretician to develop a new method suitable for
solving the problem at band. However, from the application point of view, the time
for developing the technique has to be added to the computer time invested. In that
respect, utilising a non-specialised and robust procedure, to which NNA and EAs
belong, may be worthwhile. With the inherent power of Cl, it is promising to use
NNA and EAs to solve architectural and building acoustics problems that feature
high dimensionality and multiple criteria.

Multivariate regression analysis [4] has been used to model the airborne sound
transmission performance, sound transmission dass (STC), of floor-ceiling con-
structions using the existing measurement data. However, it does not appear that
NNA has been used previously to tnodel STC of floor—ceiling constructions al-
though it is not the first time NNA has been used on predicting sound trans-
mission performance of walls [5,6} The NN model is accessible to researchers
with knowledge of NNA for further sophistication, specialisation or hybridisa-
tion. The NN model can also be used by architects and others who have no
knowledge of NNA and do not have acoess to the specialised NN software but
can usc any standard spreadsheet application. The current work also investigates,
for the first time, the application of EAs to search the large non-linear multidi-
mensional space (potential solutions) provided by the NN model in order to
optimise the STC of floor-ceiling constructions within the range of design pa-
rameters utiised in buiklings.
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2. Prediction of STC using NN A
2 1. Data set

The Institute for Research in Construction (I1RC), National Research Council
Canada (CNRC), in collsboration with 18 industry and government partoers carried
out a major research study from 1995 to 1998 to measure the acoustical and fire
resistance performance of floor assemblics [4,7]. In this IRC research praject, air-
borne and impact transmission were measured for about 190 specimens, to ASTM
standards, in the floor test fadlity but with a frequency range extended down to
50 Hz. Most of the 190 floors in the project incorporated timber joists or trusses.
Joist type, length, spacing and depth were vared. There were only 14 steel joist
systems and four concrete slab floors. The joist types comprised solid timber, timber
trusses, [-joists, and steel joists. Three types of soumd absorbing material were used:
glass, rock and celiulose fibre. The measurements provide an extensive and consistent
data set appropriate for analysis and testing of computer models [4,7.8).

One category of Soor-ceiling constructions which contained sufficient data to
allow a meaningful analysis was of solid timber joist floors with resilient channels
directly attached to the joists and with sound absorbing material in the cavity. There
are 71 cases in this category and the ranges of parameters are shown in Table 1.

2.2 Newral network architecture

As mentioned previously NNA can be thought of as a method of keaming from
precedents. The number of mput and ouiput parameters and the number of cases
influcnce the architecture of the nctwork. The structure of the hidden layer/s es-
sentially defines the topology of a basic feed-forward network [9. The network
consists of an input layer of neurons (one neuron (o each input), a layer or layers of
hidden neurons and an output layer of one neuron for each output. A neuron, also
called processing unit, is the basic unit of a NN and performs summation and ac-
tivation functions to determme the cutput of that neuron. The number of hidden
neurons in the hidden layer &s approximately the average of the inputs and ocutputs
although it does depend on the number of trainmng cases as well. Too few hidden
layer neurons can result in large training and verification and testing errors. Too

Tahblc §

Ranges of pararmeters
Varable Minimum Magimum
Sound transmizsiom class (8TC) 47 10
Soumd absorbing materisl density (InsDensity), kghm? .1 5£.35
Sound absorbing material thickness (IasThick), om 5 2%
Joist spacing (JstSpacc}), mm 305 610
Joist depth (JetDepth), mm 184 286
Rexilient metal channed spacing (RCSpacx), mm 200 610
Floor and ceiing layer surfuce density { FCMass), mm 13 1
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many hidden layer neurons can result in over training (a lack of generalisation) and
lead to large test errors [10].

Starting from an initially randomised weghted network systamn, input data are
propagated through the network to provide an estimate of the ontput valie. The
error between the actual output and the predicted value is used to adjust the network
weightings (on the connections between neurons) to minimize the error in the pre-
dicted outputs. In this iterative provedure, the new weights are accepted if the re-
sulting error is srnaller than that recorded using the previous set of weights {10].

2.3 NN model

There are many alternative forms of NN systems and there are many ways NNA
may be applied to a given problem. The suitability of an appropriate paradigm and
strategy for application is very much dependent on the type of problem to be solved
[11]). Fig. 1 illustrated the basic multi-layer feed-forward NN employed by authors in
the present work. The foor and ceiling fayer surface density in kg/m? is converted to
its logarithmic value, which vields a better data distribution than the nor-logarith-
mic valse.

The basic modus operandi of the NN modd is as follows:

(1) The input data are first pre-processed, depending on the type of problems,
which may indude replication of time-shifted values for time series problans, con-
wversion of nominal values, scaling of numenic values, missing value substitution and
the normalisation of cases, For the current problem, only the scaling and shifting
processes are mvolved to convert input values to the same order of magnitude that is
suitable for use in the NN, After scaling and shifting, the minimum value of a certain
input is converted to zero and the maximum value of the same input is converted o
ope. For instance, the minimum value and the maximum value of InsDensity (sound
absorbing malerial density) are 10.1 and 58.35 kg/m®, respectively, and solving
Eqs. (1) and (2) found that the corresponding scake and shift factors are 0.02072 and

Weighted

" tnne:tiuns
N

Pre-proressing

InsDensity a
ins Thick e
JatSpace e
JstDepthe
RC5pace -
LOG{FCMass) e

weighted
Canneckions

PosF-processing
a

STC

Bias Bias

Fig. 1. Mustration of a basic multrlayer feed-forward neural notwordc,
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~0.2093 for the input InsDensity. Table 2 shows the scalke and shift factors for the
inputs of the network. Furthermore, the pre-processed input InsDensity’ can be
expressed as shown in Eq. (3). All other pre-processed inputs can be expressed in the
same way:

10.1 x Scale + Shift = 0, (H
58.35 x Scale + Shift = 1, (2)
InsDensity’ = InsDensity x 0.02072 — 0.2093. (3)

(2) Each pre-processed input unit is multiplied by a scalar weight connecting the
first layer neurons (o the hidden layer neurons. At cach neuron within the hidden
layer, the weighted inputs are summed and bias value {threshold) is subtracted from
the summed weighted inputs. The threshold is used to adjust the *fullness’ of the
hidden neuron during the training. The resulting valve is passed through a nonJinear
activation function, in this case, sigmoidal logistic function, 1/(1 +¢™*). Table 3
shows the weights and threshokds linked to each hidden nenron of the best NN at-
tained by training.

The numeric operations at hidden neuron 1, h1#01, can be expressed as:

hl1#01 = 1 /{1 + exp{—((0.5816121 x InsDensity’ — 04974 x InsThick’
+ (1.3348666 x JstSpace’ — 0.756 » JstDepth’ — 0.5216
» RCSpace’ — 0.68 x Log(FCMass)) — (+0.05078)))). {1

The numeric operations at the other two hidden neurons can be expressed in the
same way.

Table 2
Shift and scale factors of mputs
Shift Scale

InsDensmty ~{3,2093 0.0672
InaThick -0, 7796 0.004°739
BiSpace i 000329
st Depth - 1. 803922 0009804
RCSpace ~1.990196 4.004902
log(FChiass) ~1.249062 1.12681

Table 3

Weights and thresholds to cach hidden nouron of the best neural network attained

h180} hiae higo3

Theashoid 0.05078 2461040 02841709
Tnslcnsity” 0.5816121 03737668 0. 793076
InsThick* 4974 - 03751391 0. 84920412
JstSpace' 0. 3348666 0.4216603 -0 4004
st Depaly -0, 156 -, iR « (0 824262
RCSpace’ ~{3 5218 Q052 0.1421855
og{(FCMass) -{.68 2.168416 0.4592341
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(3) The output value of each hidden neuron is multiplied by the scalar weights for
each connection between the hidden layer and the output neuron. The weighted
outputs are summed and a bias (threshold) value is subtracted from the sum to
produce a single output value (STC which is equal to STC afler post-processing).
Table 4 shows the weights and threshold to the output neuron of the best NN at-
tained during the training.

The output STC is:

STC' = —0.9772 x hi#01 + 2.205224 x h1#02 — 0.05104 x h1%03
- (=0.1129). (5

{4 The single output STC ix post-processed by subtracting the shift factor, fol-
lowed by division by the scale factor. Table 5 shows the scale and shift fuctors for the
outputs of the network.

Hence, the final output of the NN STC is:

STC = (STC™ — (~2.4))/0.05. (6)

NannsarieHo and Fricke [12] present a complete example of bow to embed a2 NN
model into a standard spreadsheet. A simnilar procedure can be applied o include the
NN mode! into a computing program written by any standard programming lan-
guages, for instance, Mathb.

2.4 Training the NN and results

During the process of searching for the best network, the data set presented in

Table 1 was divided into three sub-data sets:

* The raining data set (33 cases) was used for training the network (that is the pro-
cess of adjusting the weights of the network). The order in which the training cases
were presented to the network was randomly altered within each epoch. The
weights, which were initialised to uniformly distributed random values using the
“umiform method’ {13), were adjusted by using “back propagation” [14] traiming
algorithm to minimize the prediction error over the training cases.

Table 4
Weights and threshalds to the eutput neuron of the best noural network atteined
sTC
Threshold -0 1129
LY ~0.5YV12
b 1#02 220352
103 ~Q.05104
Table 5
Shift und scale factor of the output
sTC w24 0.05
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¢ The verification data set {8 cases) was used for penodically evaluating the predic-
tions of the network during training, but was not used to compute adjustents
to weights. Training was stopped once deterioration in the verification error
was observed.

s The test data set (10 cases) was used for independently checking the performance
of the network and testing (he stability of the network when an entire network de-
sign procedure was completed. As the test data set has not been used in the train-
g process at all - not even for verification of results — it presents the best swasure
of the NN model's ability to make accurate predictions.

Table 6 presents a statistical analysis based on the best NN model which has the
lIowest test’” RMS error, the lowest “test’ standard deviation ratio and a cdose
agreement between the verification data set and the test data sct. This is a strong
indicator that the network has learned to generalize reliably [13].

2.5, Comparison between NN A ond multivariate regression analysis

A conventional multivariate regression analysis was carried out using the cases in
the training data set and verification data set. The corresponding RMS error of the
‘test’ data set is 0.77. For the same set of test cases, predictions by the NN model
results in an RMS error of 0.59, ie., the NN model is more sccurate than the
multivariate regression equation.

Another advantage of NNA is its ability to work with nominal values, which is
not possible when using multivariate regression analysis. This enables the NN to
directly acquire additional information and knowledge about a given problem do-
main. In future work, for instance, 8 nominal input, “joist type’ (timber or other
materials), could be included into the NN model, Albso, a sound absorbing material
type or code which contains both the information about the density and thickness of
the material can be used as one of puts of the NN model. Often architects are more
familiar with the sound absorbing material type or code than the relevant density
and thickness of a certain material. The replacement of two numerical inputs, sound
absorbing material density and thickness, with one npominal mput, sound absorbing
material Lype or code, woukld further simplify the prediction model.

As the non-linear NN model is more complex than the linear regression equation,
the classic optimisation techniques are inefficient or unsatisfactory for searching for
potential solrtions provided by the NN model to an appropriate floor-ceiling con-
struction. A better approach is to use EAs which have the ability to search a karge
non-linear multidimensional space (potential solutions).

Tabic 6
Statistiva] data of the best neural network estublished
RMS crror Corrclation cocfficient Standdard devistion ratio
Verification (B cases) 0.8t 098 0.21
Test {10 cascs) 050 0.99 o.17
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3. Optimisation of STC wsing EAs

The parametric study indicated that the most important parameter that de-
termines STC performance of floor—ceiling constructions is the mass of the floor
and ceiling layers. However, other parameters also have an effect on the overall
STC performance of floor—ceiling systems. Consequently there is a need to resolve
~ once we have a NN maodel that accurately predicts the STC of a certain floor-
ceihng construction -~ how we can optimize the STC performance of floor-ceiling
constructions within the range of design parameters utilised in buildings. For
instance, an architect may wish to know the construction to achieve an STC 55
rated floor—ceilng that uses a relatively low depth type of solid timber joists, say
235 mm deep, and the least mass possible. Consequently the question is posed as
to which type of floor—ceiling construction can meet these requirements? EA is a
powerful tool which in this case can be milised to search the nop-linear multi-
dimensional space (potential solntions) provided by the best NN model and find
an appropriate floor-ceiling construction that meets the design requirement of the
architect.

3.1 Introductions of EAx

Although the term EA (or evolutionary computation ik some literature} was in-
vented as recently as 1991, the fiekd has a history that spans four decades. Three
broadly similar avenues of investigation in simulated evolution have survived as
main disciplines within the field: genetic algorithms mainly developed im the USA by
Holland [15], evolutionary strategics, developed in Germany by Rechenberg [16] and
Schwefel [17] and evolutionary programming [18]. The differences between them are
characterised by the typical data representation, the types of variations that imposed
on solutions 1o create offspring, and the methods employed for selecting new parents.
Over time, however, these differences have become mereasingly blurred, amd will
likely become of historical interest only [19). An imstructive introd ictory overview of
EAs can be found i [19-22]. These publications represent important milestones in
the acceptance of EAs as practical tools for addressing complex probkms in engi-
neering and inchude numerous references that will assist readers just entering or not
familiar with the ficld.

In general, any abstract task to be accomplished can be thought of as solving a
problem, which, in turn, can be perceived as a search through a space of potential
solutions. Since we are after “the best” solution, we can view this task as an opti-
misation process. The classic techniques of gradient descent, deterrninistic hill
climbing, and purely ramdom search (with no heredity) have been generally unsat-
isfactory when applied to non-lnear optimisation problems, especially with sto-
chastic, temporal, or chaotic components. But these are the problems that pature has
seemingly solved so very well. It is quite natural therefore to seek to describe evo-
lution i terms of an algorithm that can be used to solve difficult optimisation
problems. Evolution provides inspiration for computing the solutions to problems
that have previously appeared intractable [23).
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EAs are stochastic search methods that mimic the metaphor of natural biological
evolution on a computer. They operate on a population of potential solutions ap-
plying the principle of survival of the fittest to produce better and better approxi-
mations to a solution. At each generation, a new set of approximations is crested by
the process of selecting individuals according to their level of fitness in the problem
domain and breeding them together using operators borrowed from natural genetics,
such as selection, recombination, mutation, migration, locality and neighbourhood.
This process leads to the evolution of populations of individuals that arc better
suited fo their environment than the individuals that they were created from, just as
in natural adaptation. EAs work on populations of individuals instead of single
solutions. In this way, the search is performed in a parallel manner {24].

Fig 2 shows the structure of a simple EA, At the beginning of the computation a
number of individuals (potential solutions) are randomly initialised. The objective
function is then evaluated for these individuals. The first/initial generation (a2 set of
potential solutions) is produced. If the optimisation criteria are not met the creation
of 3 new generation starts. Individuals are selected according to their fitness
(closeness to the optimisation criteria) for the production of offspring (new potential
solutions). Parents (existing potential solutions) are recombined. In other words, the
information contained in the parents is combined to produce offspring. All offspring
will be mutated (randomly altered) with a certain probability. The fitness of the
offspring is then computed. The offspring are mserted into the population (the ex-
isting set of potential solutions) replacing the parents, producing a new generation.
This cycle is performed until the optimisation criteria are reached. Such a single
population EA is powerful and performs well on a wide variety of problems.
However, better results can be obtained by introdudng multiple subpopulations.
Every subpopulation (subsct of potential solntions) evolves over a few generations
isolated like the single population EA before one or more individuals are exchanpged
between the subpopulation. The multipopulation EA models the evolution of a
species in a way more similar (0 nature than the single population EA [24].

EAs differ substantially from more traditional search and optimisstion methods
[24]. The most sigrificant differences are:

ra optimization criteria maty

Cunlp!‘Fm;l:- FiFness Asslgnment
IMutHpupiefien EA Oriyl Calaction
Generate
Start New Papulation
o MigraHan Recombinat lon Result

MuiMpopul tian EA Oniyl

Reinssrticon Muratian
MutHpagil, tﬂml EA Byl
L

Evaluation af
DPtapring

Fig. 2. Structure of a simple evolutionary algorithm.
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» EAs search a population of pomis in parallel, not just a single point.

» EAs do not require derivative information or other auxiliary knowledge, Only the
objective function and correspondin g fitness levels influence the directions of search.

+ EAs use probabilistic transition rules, not deterministic ones.

e EAs are generally more straightforward to apply, becuuse no restrictions for the
definition of the objective function exist.

» EAs can provide a number of potential solutions to a given problkem. The final
choice is left to the user. Thus in case where the particular prablem does not have
one individual solution, for example a family of pareto optimal solutions, as in
the case of multi-objective optimisation and scheduling problkems, then the EA
is potentially useful for kientifyving these alternative solutions simultancously.

3.2 Searching the space

Genetic and Evolutionary Algorithm Toolbox for Use with Matlab (GEATbx
version 3.3) [24] was used 1o search the multidimensional space provided by the best
NN model presented in Section 2.3 of this paper and find an appropriate floor-
ceiling construction which would meet the design requirements of the architect. The
searching range of the parameters is Jisted in Table 1. The best NN established was
used as the objective function. Real value variable representations and multipopu-
lation searching were used. Initial values were randomly generated by the GEATbx
[24] within the range of parameters at the start of the searching. Diserete recombi-
nation and real value mutation genetic operators were employed. Discrete recom-
bination is a recombination method that performs an exchange of variable values
between the parents and for each variable position of the offspring the parent who
contributes its variable to the offspring is chosen randomly with equal probability.

To achieve an 8TC 55 floor-caling construction using 235 mm deep solid timber
joists, the searching results indicate that
« The minimum surface weight of the floor and ceiling layers should be 20 kg/m?.
» The 235 mm thick cellulose fibre sound absorbing material, with a density of

58 kg/m’, shouki be applied.

» The joist spacing should be 610 mm.
+ The resilient metal channel spacing should be 610 mm.

This construction was not incduded in the original 1aboratory tesis [4,7].

However, the original laboratory tests [4,7] show that the following floor-ceiling
counstruction can achieve STC 52:

+ The floor layer 5 1 layer of 15 mm thick oriented strandboard with a surface
weight of 8.8 kg/m?,

¢ The ceiling layer is 1 layer of 16 mm thick gypsum board with a surface weight of
11.3 kg/m®.

+ Floor joists are 235 mm deep solid timber joists with a spacing of 406 mm.

s The smma;i absorbing matenial is 152 mm thick glass fibre with a density of
i1 kg/m’.

* The resilient metal channel is spaced 610 mm apart.
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The differencesin construction methods between the laboratory floor-caling system
and the EAssearching are the type (density) and thickness of sound absorbing material
and the spacing of joists. From the laboratory tests, Warnock [25] conduded that
+ Each increase in sound absorbing material thickness of about 65 mm results in an

increases of 1 STC pont.

+ For the same thickness of material, cellulose fibre gives an STC thatis higher than
that of glass fibre by about | STC pomnt
* Anincrease injoistspacing of approximately 200 mm will increase the STC by | point.

On the basis of Warnock’s conclusions, the increase of sound absorbing material
thickness from 152 to 270 mm will result in an increase of 1 STC point. Furthermore
a change of sonnd absorbing material from glass fibre to cellulose fibre will increase
STC by 1 point and changing the spaang of joists from 406 mm centres to 610 mm
centres will result in an increase of STC by 1 point. Hence, the overall STC per-
formance of the loor-ceiling construction tested can be increased from 52 to 551l its
construction is changed to the searched result of EAs. In other words, the searched
result of EAs is in agreement with laboratory test results and studies.

1. Conchusions and future work

This current work indicates that the inherent power of Cl makes the use of NNA
and EAs to solve archifectural and building acoustics problems, which are charac.
terised by high dimensionality, multiple criterda and large quantity of measured data,
a very attractive alternative to conventional approaches.

The current work alsodemounstrates one simple example of the use of Cl: predicting
and optimising the airborne sound transmission performance of floor-ceiling con-
structions (airborne soumd transmission class (STC)). Initially a NN modd which ean
predict the STC of timber joist type floor-ceiling constructions was established and
then EAs were applied to search for an appropriate floor-ceiling construction which
wauld meet the design requirements. For the purpose of comparison with Warnock’s
work [4,7,8,25], in this work the same type of ineasure of airborne sound transmission,
namely STC, is used. A similar analysis to that deseribed i this paper can be carried
out using Rw or sound transmission Joss values at any frequency of interest. Future
work needs to include the other aspect of the acoustic performance of floor-ceiling
constructions, namely impact transmission. Multiple-objective EAs could also be
applied to optimise STC and 11C (or other measures of sound transmission) of floor-
ceiling constructions at the same time, This problem is probably a more appropriste
use of Cl techniques as the output (HC) may not be dominated by a single input
parameter such as mass, which is the situation with airborne sound transmission.
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Abstract

Previous investigations indicated that a fat-walled, multi-layered anechoic lining system,
with an overall thickness dightly less than a quarnter of a wavelength, could be usad to achieve
a required cut-off frequency. However, the work proved to be tedious and time consuming be-
cause of the numerous rial-and-error measurements imvolved. On the other hand, the success-
ful application of a method of caleuiating the overall acoustic impedance of mutti-layvered
absorbing sysiems has indicated that the design of multi-layered absorbing systems can be car-
riexd out on a desktop computer. In the present work, a MATLAB genetic and evolutionary
algarithm toolbox is implemented as the optimiser 1o aid and speed up the design process.
The optimisation resuli indicate that a three-lavered lining system can achieve results compa-
rable with quality wedge-type anechoic linings with overall thickness slightly less than a sixth
of a wavelength at the 100 Hz cut-off frequency.
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1. Introduciion

Flat-walled ‘““ancchoic” linings have advantages in being less complicated and,
hence, less costly to install than the individual units, such as wedges, pyramids
and blocks. Davern [1] carried out work on the design of flat-walled multi-layered
anechoic hnings as an allernative 1o the more conventional wedge-type system.
The approach used was to design a flat-walled Bning system by using conventional
measurements in an impedance wbe. Davern’s measurements indicated that a flat-
walled, multi-layered, graded density kning could achieve an overall thickness slightly
less than a quarter of a2 wavelength at the cut-off frequency, e.g., 0.727 m, at 116 Hz.
For comparison, quality wedge-type anechoic linings can achieve cut-off frequencics
within thicknesses of a ffth of the wavelength (2] (Cut-off frequency is the frequency
above which no pressure reflections exoeed 107%; this corresponds to an energy ab-
sorption exceeding 99% {3].) However, the work [1] proved to be tedious and time
consuming because of the numerous trial-and-error measurements involved.

The subsequent work undertaken by Dunn and Davern {4] demonstrated that the
overall impedance of a flat-walled multi-layered system could be calculated by the
repeated application of a single layer impedance equation. They also demonstrated
that the direct caleulation approach could be readily programmed on a desktop com-
puter and good agreement between measured (impodance tube) and caleulated val-
ues could be achieved.

The ability to rapidly test potential Jayer combinations using a computer has
marked advantages over repeated impedanoce tube measurements. There is now a
need to resolve how to optimise flat-walled multi-layered anechoic lining systems
to achieve an acoustic performance that is comparable to wedge-type anechoic lin-
ings and lead to a more efficient design procedure. In the present work, evolutionary
algorithms ( EAs) are introduced and applied as the optimiser to aid and speed up the
design process.

2. Impedance of a single homogeneous layer and maltiple layers
2.1. Impedance of a single homogeneous kayer

The normal incidence acoustic impedance, Z,, at the front of a layer of homoge-
neous material of thickness £ can be calculated using the followmg equation [5)

_  Zocosh (yL) + Wsinh (yL)

2 = W Gah (L) + W oosh (71)

(1)

where Z, is the backing impedance of the layer, W is the characteristic impedance of
the layer and y Is its propagation constant. Both W and y are complex and frequency
dependent. When the material is backed by solid backing (Zy = o0), the single layer
equation can be written as

Zy = Wcoth {yl). ()
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2.2 Impedance of rudtiple layers
The impedance at the front of a composite layered material (Fig. 1), Z, can be

cakulated by applying the single-layer equation to each material successively (4],
1€.,

Z = W Ziy cosh {}'iLf) + W; sinh (?J«}

i - - ? 3
Z, .y sinh (L) + W, cosh {y.L) @

where the subscript f refers to the ith laver, starting from the layer closest to solid
backing.

3, Pressure reflection factor

The pressure reflection factor at normal incidence, r, is defined as the ratio of the
pressure amplitude of the refiected wave (0 the incident wave in the reference plane
for a plane wave at normal inddence [6] and can be calculated by the followmg
equation:

_ Zifpe — 1
r= LW:J 4

The relationship between the normal inddence sound absorption coefficient 2, and r
is

ap=1~r% (5}
,..r""
"J"
_',,.r""
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Fig. L. Notation used in u multi-(three-layer system,
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4. Materials investigated

All materials investigated in the work [24] were fully reticulated polyurethane
plastic foams which do not have small fibres and have lower susceptibility to
mechanical damage, A detailed research of this type of material can be found
m [7].

Dunn and Davern [4] studied three foams with steady flow resistivity in the range
380-3200 81 rayl/m (Table 1) and reported the curve-fitting &juations for predicting
the bulk acoustic properties, W and 7, i.e.,

W o= pell +0.14a(pf fo) % + j(~n.m35(pf;03”“’“)J, (6)

y = (2nf/e)|0.168(pf /) ™ +j(1 +0.136(af fa) ) |, (7

where p is the air dengity, ¢ is the velocity of sound in air, fis the frequency and o is
the fAow resistivity. For normalisation purposes, a value of 1.2 kg/m~ is used for air
density and 340 m/s for sound velocity.

Similar curve-fiting equations for predicting the bulk acoustic properties, B and
y, of the same type of matenial but with a wider range of flow resistivity 60-6229 81
ray¥m (Table 2) were reporied in [7] as follows:

W= pc|1+0.0953(pf /a) * " +3(0.0986(p1 /o) %) |, (8)

y = (2nf/c) i_g.as’;r( pffo) o8 4 j(i +0. l?#(pf/a}’"”“z)J. (9

High correlation oefficients of the curve-fitling equations have been observed in
both [4] and {7). Good agreement between the measured (impedance tube) overall
impedance of a flat-walled multidayered system and caleutated values using mula-
layered impedance equation and the curve-fitting equations for predicting bulk
acoustic propertics has also been shown in [4]. This supports the confidence that
the design can indeed be condacted on a desktop computer.,

However, it is not advisable to use the curve-fitling equations for predicting butk
avoustic properties beyond the ranpge of the experimental data [4,7,8]. The most se-
rious consequence of extrapolation is in the case of predications at low frequencies.
The lowest frequency measurements were conducted in [1.4,7] was 100 Hz.

In the present work, the fully reticulated polyurethane plastic foams are abso in-
vestigated as materials for anechok: linings.

Tabk 1

Measurad values of steady Sow resistivity in {4}

Foam Identity Notional number of porca/lincar ich Flow rosistivity (SI raylfm)
A 4s 380

B &0 1340

C £0 3200
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Table 2

Mcasmrod values of steady flow resistivity in (7]

Notional mamber of poresflinear inch Flow resistivity {81 rayl/m)
18 60
16 79
21 176
n 27
33 56
42 671
45 Rl6
58 1724
65 2184
n 3083
87 5745

100 6229

£, Multi-objective optimisation problems (MOP)

Most practical problems require the simultaneous optimisation of multiple, often
competing, objectives (or criteria). In applications of optimisation techniques, the so-
lution to soch problems is usually computed by combining the objectives into 4 sin-
gl-objective optimisation problem according to some utility function which
expresses the relative importance of the objectives. In many cases, however, the util-
ity function is not well known prior to the optimisation process, and therefore, the
whole problem should then be treated as a multi-objective optimisation problem
with non-commensurabie objectives, In this way, a number of solutions can be found
which provide the decision maker (DM) with msight into the characteristics of the
problem before a final solution is chosen.

A general MOP can be described as a vector function, f, that maps a group of m
parameters (decision variables) to a gronp of # objectives, Formally:

min y = flx) = (A(x),.... falx))

8.1 x=(x;,..-,x,)€;X,
Y=, )€Y, {10)

where x is called the decision vector, X is the parameter space, y is the objective vec-
tor, and Y is the objctive space [9).

The MOP usually has no unique, perfect solutions, but a set of non-dominated,
alternative solutions, known as the Pareto-optimal set {10]. Still assuming a minimi-
sation problem, dominance is defined as follows.

Pareto dominance: A pgiven vector o= (uy,....4,) is said to dominate
v=(py,....0, if and only if & s partially less than v (m<v¥), ic,
Vie{l,...n}yu; € vpr3i €il,.. .0} <ps

Pareto optimality: A solution x,€X is said to be Parcto-optimal if and only if
there is no x,¢ X for which v = fix,) = (v,,. .., ) dominates u = f{x,) = (1, . . Ha).
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Pureto-optimal sohutions are also called efficient, non-dominated, and non-inferior
solutions. The corresponding abjective vectors are simply called non-dominated. The
set of all non-dominated vectors is known as the non~<dominated set, or the trade-off
surface, of the problamn.

6. Multi-objective decivion muking based on given goals

When presented with the trade-off surface for a given function, the DM has to de-
cide which of the non-dominated points will solve the problem at hand. First, the
regions of the Pareto set which express good compromises according to some prob-
lem-specific knowledge needs to be identified. Then, having a clearer picture of what
is achievable, the idea of compromise would be refined until the solution is found. As
a cousequence, only the “interesting” regions of the Pareto set need to be well
known. Reducing the size of the solution set calls for higher level decision making
to be incorporated in the selection algorithm. The idea is not to reduce the scope
of the search, but simply to zoom in on the region of the Pareto sct of interest 1o
the DM by providing external information to the selection algorithm.

Such information can be provided in the form of goals to be attained. Goatl val-
ues indicate desired Jevels of performance in each objective dimension. In fact, deg-
radation in vector components which meet their goals is also acceptable provided it
results in the improvement of other components that do not satisfy their goals and
it does not po beyond the goal's boundaries. This makes it possible to prefer one
individual to another even though they are both non-dominated. A detailed discus-
sion of multi-objective decision making based on given goals can be foumi in
[11,12).

7. Exolutionary approaches to MOP

Generating the non-dominated set can be computationally expensive and is ofien
infeasible, because the complexity of the underlying application prevents exact meth-
ods from being applicable. EAs are an alternative. They usually do not guarantee to
identify optima) tradeofls but try to find a good approximation for a given problem,
i.e., a set of solutions whose objective vectors are not (oo far away from the optimal
objective vectors [13]

EAs are stochastic search methods that mimic the metaphor of natural biological
evolution on a computer. They operate on a population of potential solutions apply-
ing the principle of survival of the fittest to produce better and better approximations
to & solution. At each generation, a new set of approximations is created by the proc-
ess of selecting individuals according to their level of fitness in the problem domain
and breeding them together using operators borrowed from natural genetics, such as
selection, recombination, and mutation. This process keads to the evolution of pop-
nlations of individuals that are better suited to their environment than the individu-
als that they were created from, just as in natural adaptation.
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EAs work on populations of potential individuals. In this way, the search is per-
formed in a parallel manner. This characteristic makes EAs very attractive for solv-
ing MOP. A good intreductory survey of EAs can be found in {14].

There are six basic steps in an EA search: initialisation, fitness assignment, selec-
tion, recombination, mutation an reinsertion.

7.1. Initialisation

The EA starts the search by rasdomly generating a set of a specified number of
solutions, which is known as the population. Each solution within the population
is known as an individual. After the size of the population is specified, individuals
of the first/initial generation are randomily generated. To do this, decision variable
values are generated randomly within the corresponding parameier space.

7.2. Rank-based fitness assignment for Eds

individuals in a population can be ranked in accordance with the preference de-
cided using the strategy introduced i Section 6. Consider an individual x, at gener-
ation ¢ and let A7 be the number of individuals in the current population that are
preferable to it. The current position of x,, in the individuals rank can be simply given
by

rank(x,, ) = AP, (11}

This ensures that all preferred individuals in the current population ane assigned
rank 2ero [12]. The ranking of 2 population provides sufficient relative quality infor-
mation to guide evolution.

Finess is understood here as the number of offspring an individual is expected 1o
produce through selection. Ranked based fitness assignment can be described as fol-
lows [11,12):

1) Sort population accordmg to rank.

2) Assign fitness by interpolating from the best individual to the worst according to
some function, usually linear or &xponential, but possibly of other type.

3) Average the fitness assigned to individuals with the same rank, so that all of them
are sampled at the same rate while keeping the global population fitness constant.

7.2 Selection

Individuals with high fitness in 3 population are selected as parents and tske part
in recombination operations by suitably combining to produce offspring. In the pre-
sent work, the stochastic universal sampling (SUS) [13] selection method is em-
ployed. The individuals are mapped to contiguous segment ol a line, such that
each individual's segment is equal in length 1o its fimess. Equally spaced pointers
are placed along the line, as many as there are individuals to be selected. The SUS

238



1016 J Xu er al | Appliad Acoustics 65 (2004) 1001026

selection method has the advantage of providing zero bias and minimum spread dur-
ing the selection {15].

7.4. Recombination

Once the parents of the next geperation have been selected from the old genera-
tion, they are recombined. In other words, the information contained in the parents
is combined to produce offspring. The discrete recombination method [16] is applied
in the present work. The method performs an exchange of variabk values between
the parents. For each variable positon of the offspring, the parent which contributes
its variable o the offspring is chosen randomly with equal probability.

7.5 Mutation

After the recombination individuals are mutated (randomly altered), which helps
10 keep the diversity of the population and 1© avoid premature convergence to local
optima. In the present work, the real value mutation approach is adopted. Mutation
of real value means that randomly created values are added to the variables with a
low probability [16].

7.6. Reinsertion

Once the offspring have been produced by selection, recombination and mutation
of individuaks from the old population, the fitness of the offspring is determined. Only
fitter ofiSpring are then reinserted into the population and replace the existing indi-
viduals with lower fitness.

Four steps, namely stlection, recombination, mutation and reinsertion are part of
an iterative process which comes to an end when a satisfactory set of solutions is
found or a given number of generations is reéached,

8. Imiplementation

The above multi-objeclive evolutionary approach has been implemented as MAT-
LAB 171 M and MEX files [18] and further developed and incorporated into the Ge-
netic and Evolutionary Algorithm Toolbox for use with Matlab (GEATbx) [19) In
the work presented here, GEAThx has been used as the tool for implementing the
evolutionary approach to aid the design of flat-walled multi-layered anechoic lining.

8.1 Design criterion
As the valid lowest frequency for Eqs. (6)-(9) is 100 Hz, it is decided that the de-
stgn critenion of the present work is 10 optinise the Bat-walled multi-layered anechoic

iining to a cut-off frequency of 100 Hz. To simplify the problem, the highest frequen-
¢y is capped at 1000 Hz
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In the present work, two scenarios are considered:
Scenaria I:

Min y=(’iﬁ{x):rlﬁ(x:;r“-e"lm(x);l-wml}
st. x=(Li,..., Le,01,...,0m) X,
ym{yn“-syu)eya (iz)

where the subscripts (100, 125,. .., 1000) are the centre frequencies of a third octave
spectrum, 7 is the pressure reflection factor at each corresponding frequency, L and 4
are respectively the thickness and the flow resistivity of each layer, »ris the number of
layers and Lovean = Ly + - 4+ L, is the overall thickness of the multi-layered sys-
temn. The parameter space X may vary during the design process according to the de-
sign requirernent.

The goal vecior of this scenario is

E= (g:magtzsa- -- !glmagm_)a (13}

where the goal values for (rieofx)rias(x),....Nneesl¥)) are g =gras =+ =

Ziooo = 10%, which are regarded as hard gozals, namely, the pressure reflection over

10% at any frequency is not acceptable. The goal value for the overall thickness of

the system g, is soft and may vary during the design process. The three cases,

Case A, Case B and Case C, presented in Section 8.4.1 are examphes of Scenario 1.
Scengrio 2:

Min Fo (?‘]m(x),rns(x),,“-,P‘;m(X))
8.t xm{Lh...,L,.,él,...,ﬁ,..] EXA(LI +"'+Lnﬁlﬂn'snﬂ_ﬁmd>a
F=0n-.Yu) €Y. (14)

In this scenario, the overall thickness of the system s set to a fixed value
L ean pxea- The poal vector of this scenario is

g = (Bio- B125+ - - - - E1o00 ) (15)

where gi00 = g12s = -+ = g0 © 104 and have to be reached at the end of the design.
This scenario can be the case that the overall thickness of a certain multi-layered sys-
tem, which meets the design criterion of the anechoic lining, is known due to some
prior knowledge and the designer wants to know the possible compositions of the
system. Case D presented in Section 8.4.2 is an example of Scenario 2.

8.2. Constraint haniling

The definitions of the above two scenarios indicate that the first scenario is only
constrained by the bounds on the decision variables (L;,. .., Ln.81.. . .. §m). However,
in addition to the bounds on the decision variables, the second scenario is also con-
stramed by a hinear relationship (L + - + £ T Lyl gixed):

The constraint imposed by bounds on the decision variables can be simply han-
died by mapping the search space 10 minimise the number of infeasible solutions
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it contains. While the constraint imposed by the lmear relationship
(Ly + - Ly = Lo t_ginew) 15 handled by converting it to a penalty finction and
adding it to the objective function before fitmess is computed, ie.,

Zifpc —1 .
=l AL+ + L) — , 16

‘Z./pc+]‘+ KLy + } = Leratifneal {16)
where 4 is a scalar factor used 10 tighten or Joosen the constraint, As the acceptable
range of r is 0 < r < 10, the maximum violation of the constraint
by + - + Ly} = Loverat_siwa} 15 limiited to 0.01 m when the scalar factor A is set to
1600,

Penalty functions provide a way of guiding the search toward feasible solutions
but they are problen dependant. Guidelines for applying penalty functions to handle
constraints can be found in [20] and the introduction of some other constraint han-
dling techniques can be found in [12).

8.3. Parameters of FEAs

In the present work, for every operation of the EA using GEATbx, the setting for
some of the refevant parameters is:

» Maximum number of Generations: 100.

* Population size: 100.

* Gencration Gap: 0.9 (which means 90% of the population to be reproduced every
generation).

» Recombination rate: | {(which means all parents have the possibility of contribut-
ing to the value of each variable of the offspring).

* Mutation rate: 1 (which means on the average | variabk per individual to be mu-
tited).

* Mutation range: 0.02 (which means the initial mutation step sizes will be .02
times the domain of cach variable).

All the other parameters necessary for operating GEATDx are set to their default
values. Details of these parameters and guidelines for setting these parameters can be
found in {19} The initial population are generated randomly by the program. In the
present work, the computer (a desktop PC with Inte P4 processor and 256 Mb
RAM) time for each operation with above set of parameters varies from 60 to 100
s depending on the complexity of the search task, ‘The non-dominated set yiedded
by each operation ~ which provides the DM with insight into the characteristics
of the problem - is saved in a standard spreadsheet. In the work presented here,
ten operations were conducted before any decision was made.

8.4. Evolutionary optimisation process and results

In the present work, the evolutionary optimisation of two scenarios previously in-
troduced in Section 8.1 is considered.
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¥ 4.1 First scenario optimisation

Three cases were mvolved in the first soenanio optimisation. In Case A, three
materials originally imvestigated by Davern [1] were chosen for the construction of
the multi-layered lining systermn; in Case B, the materials with the steady flow
resistivity in the range of 380-3200 S1 ray¥m were chosen; and in Case C, the
materials chosen had @ greater steady flow resistivity in the range of 606229
S rayl/m.

The evolutionary optimisation process is an interactive process between the DM
amd the evolutionary algorithm (EA). The process begins with the prior information
based on Davern’s work {1].

As previously mentioned, Davern's work [1] indicates that a flat-walled, multi-lay-
ered, anechoie lining, with Foam C as Layer 1 (against the solid back), foam B as
Layer 2 (the mid layer) and Foam A as Layer 3 (the front layer), can achieve a
cut-off frequency of 110 Hz with overall thickness of the system, 0.727 m, slightly less
thun a quarter of a wavelength at the cut-off frequency.

Case A, On the basis of the prior information, the dedsion space was set to
dy = 3200 S1 raylVm, 8;= 1340 SI raylm, 8y= 380 SI raylim, and 0001
m 5 Ly lao Ly = 085 m. The goals were set 10 g © 125 5 - % greon & WG,
and g; o = 0.85 m. 0.85 m corresponds to a quater of the wavelength at the cut-off
frequency 100 Hz. The minimum thickness was set to 0.001 m to avoid the ‘divided
by zero” type error. All solutions, provided by the EA and meeting the anechoic
lining design criterion, namely the goals set for g,00 10 2100 are shown in Fig. 2. The
minimum overall thickness of the system provided by this set of solutions was 0.802
m, which indicated that the goal set for g;__  was slightly over attained. Henee, the
goal for g; . was reset to 0.8 m.

The EA was repeated with the tightened goal for Bl - HOwever, no solution
was found by the EA with less overall thickness. Hencoe 1t was decided that the EA
had found the optimum solutions for Case A. Other preferable solutions may exist

045
£ p.40
.% ool —a BacklLayer
£ 0-30 \ (L) Thickness
§ 0.257 —m— MidLayer
5 0.204 {L2YThickness
g 0.15 h ol Front{,.ayer
.g 0.10 {L3)Thickness
£ 0.05

0.00

0.80 .81 g.e2 Q.83 0.84 0.85
Overall Thickness of the System {m)

Fig. 2. Scarch results of Case A, Thickness of cach layer vs. overall thickness of the system,
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however they are most likely 1o be more difficult to be found given the encoding
structure for the chromosomes and the associated genetic operators.

Case B. It was assumed that the curve-fitting equations, Eqs. (6) and (7), for pre-
dicting the bulk acoustic properties of fully reticulated polyurethane plastic foams
developed by Dunn and Davern {4] could be used not only for the three materiaks
listed in Table 1 but also for the same type of materials with steady flow resistivity
n the range 380-3200 SI ray¥Vm. The decision space in this case was set to 380 SI
ray¥m < 84,83, 85 < 3200 SI rayVm and 0.001 m < L,,02,L3 < 0.85m. The goals
were set 10 gion = 125 = - = graee = 104, and g, = 0.8 m. With the goal g, ___
set to 0.8 m, it was hoped that the EA could find solutions with overall thicknesses
less than the minimum overall thickpess, 0.802 m, found in Case A. The minimum
overall thickness of the system found by EA in this case was 0.79 m. The solutions
that meet the anechoic lining design criterion and have the overall thicknesses be-
tween .79 and 0.802 m are shown in Fig. 3.

The goal for g;__, was also setto 0.7, 0.75 and 0.79 m. However, no solution was
found by the EA with the overall thickness Jess than 0.79 m.

Case C. Cammings and Beadle {7] investigated the same type of fully reticulated
polyurethane plastic foam materials but with a wider range of flow resistivity, 60—
6229 51 raylim (Table 2), and developed similar curve-fitting Eqs. (8) and (9). In this
case, in lien of Eqs. (6) and (7), Eqs. (8) and (9) were used for predicting the bulk
acoustic properties. Correspondingly the decision space in this case was set to 60
SI raylfm < 8;,8,85< 6229 SY rayVm and 0.001 m < L;, Lo Ly < 085 m. The
goals were set to gion = guas = - -~ = groon = 1P, and g, = 0.8 m. It was hoped
that with a greater choice of matenials, solutions with less overall thickness could
be found. The results produced by the first few operations of EA indicale that an
overall thickness as thin gs 0.61 m, slighuy less than a fifth of the wave length at
100 Hz, was achievable. By further gradually tightening the goab for g, from
0.68 m (a fifth of the wave length at 100 Hz) to 0.57 m (a sixth of the wave length
at 100 Hz) the minimum overall thickness found by the EA was 0.529 m, The solu-
tions that meet the anechoic lining design criterion ami have the overall thickness be-
tween 0.529 m and 0.68 m are shown in Fig. 4.

The above interactive optimisation process has the advantage of reducing
computational effort by concentrating optimisation effort on the region from which
satisfying solutions are likely to emerge, while simultaneously providing the DM with
trade-off information [21]. A more general introd uction of interactive multi-objective
evolutionary optimisation process can be found in {11].

A similar process was applied to search a two-layer system. However, no results
were found with the overall thickness less than 1 m when using the materials with the
steady fow resistivity in the range 60-6229 SI raylm.

8.4.2. Second scenarip optimisation
During the design process, the overall thickness for & certain multi-layered sys-
tern, which can meet the design criterion of the anechoic lining, is sometimes
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known due to some prior knowledge. What is not known and of interest to the
designer is the possible compositions of the system. Case D gives an example of
this scenario.

Case D. The results found in Case A in Section 84.1 indicate that a flat-walled,
multi-kiyered, anechoic lining, with Foam € as Layer 1 (which is against the sold
back), Foam B as Laver 2 (the mid layer) and Foam A as Layer 3 (the front laver),
can achieve a cut-off frequency of 100 Hz with a minimum owverall thickness of
0.802 m. The designer may want to know the required thickness for each layer iff
the overall thickness is 0.85 m.
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Fig. 4. Search results of Case C. {a) Thickness of each layer va. overall thickness of the system. {b) Steady
Aow resistivity of cach layer vs, overall thickness of the system.

Hence, the decision space in this case was set to &, = 3200 SI rayVm, 6, = 1340
SI raylm, 8, = 380 Sl ray¥m, 0001 m< Ly, Lo Ly £ 085 m, and Ly + L+ [y =
Loverait tixea  0.85 m. The goals were set © go® g124 % -+ = gropo = 16, The
obrctive function with the penalty item can be written as

Zifpc ~1 : ’
T\ Zioc+ 1 - - o - Lo e {1LRAL 4
# %ng‘f?ﬁ'“-’?”l ‘é‘l[ll(]/‘ig{[:"}“l““’}“lg} % § {] |

This Himits the possible maximum violation of the constramt to 0.01 m as explained
in Section 8.2, Fig. 5 shows the search results provided by the EA. The maximum
vielation of the constraint of this set of results was only 000065 m.
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N.5. Discussion of results

The optimisation results mdicate that a fat-walled three-layered anechoic lining
system can achieve results comparable with quality wedge-type anechoic linings with
overall thickness slightly less than a sixth of a wavelength at a cut-off frequency of
100 Hz Table 3 presents the solution with the minimum overall thickness, 0.529
m, and Table 4 shows the corresponding pressure reflection factor at the frequencies
from 100 to 1000 Hz. However, a similar two-layered system (made of the fully re-
ticntated pelyurethane plastic foams with the steady flow resistivity in the range 60-
6229 S1 raylim) cannot achieve an overall thickness less than 1 m,

Daavern [22] proved that to achieve the criterion of a maximum of 10% pressure
reflection {which corresponds to 3 normal absorption coefficdent of 99% or better)
for an anechoic lining, the real and imaginary parts of the specific acoustic imped-
ance ratio should lie on, or within, the drcle defined by the equation

2 2
(imn,m) + (;‘;t;) = (0.202)%, (18)
pe _ c

where R and X are, respectively, the real part and imaginary parts of the normal in-
cidence acoustic impedance and Ripe and X/ pe are, respectively, the specific normal

= 0.450
'-E 0.400

0. ]
3’ 350 —e—BacklLayer
3 0,300 {L1yThickness
R 0.250 e Wil ayer
w 0.200 i (L.21Thickness
£ 0100 (L3)Thickness
;_.?5 0,050

0.000

C.8482 0.B494 0.8495 (,8498 0.8500 0.8502 0 8804
Ovemll Thickness (m)
Fig. 5. Scarch results of Case D,
Table 3

The solution with the minimum eversil thickness {(0.529m)

BackLayer (LD Midbayer (LY) Fromtlayer (L3) Backlayer (L1) MidLayer (1.2}  FrontLayer
Thickness (m}  Thickoness fm)  Thickness {m) Flow Resistivity  Flow Resistivity (L3 Flow

{81 raylim) {51 rayl/m) Resistivity
{S§ raylfm}
D121 0153 0258 [:33.4:1 1#7 417
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Tabk 4
Cormmesponding presure reflection factors (%) of the solution with the minimum overali thickness (0.529m)

100 H: 1258 160Hz 200Hz 250 Hzx 3MSHz 400 Hz SODHz 630 Hz 860 Hz 1080 Hz
9541 145 6318 9876  RS533 1677 7410 9026 4501 TI81 5185

Tabk §
Calcutated results of Bq. (18) for the solution with the minimum overall thickness {0.529m)

106 126 Hz 160Hz 2008z 250 Hz 31SHx 400 Hz S00H=z 83 He 800 H: 1000 Hx
ond Q00 001 604 28 ¢ 0023 0032 0007 048 0011

acoustic resistance and specific normal acoustic reactance. All results found by the
EA agree with this prinaple. For instance, Tabk 5 shows the cakulated results of
Eg. {18) for the solution with the ponimum overall thickness as shown in Table 3.

The search results provided by EA as shown in Figs. 3(b) and 4(b) also mdicate
that a Bat-walled multi-layered system should be designed in a fashion that the ma-
terial with lower low resistivity should always be arranged in front of the material
with higher flow resistivity.

9. Conclusions and future work

Simplidty of production and mounting make the flat-walled, multi-layered an-
echoic lining an attractive option in the design considerations of anechoic chamber.
Previous investigations indicated that a fat-walled, multi-layered anechoic lining sys-
tem, with an overall thickness slightly less than a quarter of a wavelength, could be
used to achieve a required cut-off frequency [1). However, the work proved to be te-
dious and time consuming because of the numerous trial-and-error measurements in-
volved. Good agreement between the measured (impedance tube) overall impedatce
of a flat-walled multi-layered system and calkulated values using multi-layered im-
pedance equation and the curve-fitting equations for predicting bulk scoustic prop-
erties has been shown in [4], which provides the confidence to conduct the design on
# desktop computer.

‘EAs work on populations of mdividuals instead of single solutions. In this way
the search is performed in a parallel manner. This characternistic makes EAs very at-
tractive for solving MOP. In the present work, an EA is mplemented as the optim-
iser to akl and speed up the design process. The optimisation resuits indicate that a
three-layered lining system can achieve results comparable with quality wedge-type
anechoic linings with overall thickness slightly kess than a sixth of a wavelength at
the 100 Hz cut-off frequency.

Similar work could be carried out for other types of materials or combinations of
different types of materials, provided that the models for predicting bulk acoustic
properties are available for these materials. The models for predicting bulk acoustic
properties are not limited to the regression curve fitting equations. Other models, for
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instance, a neural network (NN) model for predicting bulk acoustic properties [23],
could also be wilized. An example of combining NN madel with EAs can be found
in [24].

The model applied in the present work for predicting bulk acoustic properties
takes into account only the flow resistivity of the material. Future work needs to in-
vestigate the more eaborate models which make use of a combination of material
parameters, such as flow resistivity, density, porosity and tortuosity.
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Signal-to-noise type sieasures have been developed for predicting architectural speech privacy and
speech security, which is required to accurately rate the probability of a listener cutside a room
being able to overbear conversations from within the room. However, these measores may net be
ideal for speech secarity situations. In the present work, an approach that uses the srtificial neurs)
networks to directly represent the functional relationship between the cctave band (250 Hz-8 kHz)
SN ratios and the speech intelligibility score and secumity thresholds bas been investigated. The
artificial neural netwoak approach provides & direct and sccurate method for predicting the speech

iutelligibility score and secuuity thresholds. € 2003 Aconstical Soviety af America.

[DOL 10.1121/1.1862092]

PACS numbers: 43.55.Hy, 43.7L.Gv, 43.60.Lq [NX]

L INFRODUCTION

Speech security can be described on three different lev-
els. The first level would be when only a very soall percent-
age or none of the overbeard words is intelligible. The sec-
ond level is when no words are intelligible and it is often siill
possible to recognize the cadence orf thythmn of the speech.
Finally, the highest level of speech security would be when
ali speech sounds fiom the adjacent space are complefely
inaudible.! Speech privacy mnd speech secusity have been
related to signal-to-noise (8N} type measures, where the sig-
nal s the speech from the adjacent space. The simplest mea-
sure is the difference of A-weighted speech and noise levels.
More sophisticated measures such as the Articulation Index
{AD) (Ref. 2) and its more recent replacement, the Speech
Intetligibility Index (Sll), are inown io be better miated o
speech inrelligibility within rooms. Howeves, Gover and
Bradiey' have shown that SII and Al cannot be used to de-
seribe conditions fur high levels of speech secunity which
would correspond to acoustical conditions below SII=(,
where S11 is not defined The difference in A-weighted levels
is not limited in this way but it is much less accurately re-
lared to intelligibility scores. A more successful measwre is
the SH.weighted S/N ratio, which is a weighted sum of one-
third-octave-band SN ratios using the same frequency
weiphtings #5 the SII measare. Although the Sllweighted

J. Acoust. Soc. Am. 147 {4}, Pt. 1, Aprd 2005  DO01-4366/2005/11 T($¥1709:4/322.50
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S/N matio predicts the intelligibility score and threshold rea-
sonably well, the S/N joudness matio provides 2 more mxm
rate estimation of the threshiolds of cadence and audibitiry.'
In the present work, an approach that nses the artificial
nesral networks (ANNs} to directly represent the functionat
relationship betwveen the octave band (250 Hz—8 kHz) S/N
ratios and the speech inrelligibility score and security thresh-
olds has been investigated. The objectives of the ANNz are
to pradict {a) the speech intefligibility score, namely the per-
centage of words correctly identified by each individual; {b}
the intelligibility threshold, namely the percentage of listen-
ers able to correctly identify at least one word; (¢} the za.

TABLE 1. RKanges of inpat varishles.

Range of et varisbles Range of inpur
for predicting e variables for predicting
the intellizibitity Sweshold  the sndibility treshold

Py T [V s
Trgnst variables a8 a8 48 a8
SNRaio 250 Hzr ~348 6.X 348 —83
SN Ratioat 0 Hz 302 131 —38.2 —23
SN Fatio at § kHz -323 L3 -317 ~1%7
SN Ratio xt 2 kHz —-282 7.1 -282 -18
SN Fatio at 4 kHz -274 184 -21.8 &5
EN Eatio at § k= —232 87 ~166 —6.3
© 2006 Acoustical Society of America 1708
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dence threshold, namely the percentage of listeners able to
detect the cadence of the speech; and (d) the audibility
threshold, namely the percentage of listeners able to hear the
presence of the speech.

The ANN approach provides a direct and accuwmate
method for predicting the speech intelligibility score and se-
curity thresholds. ANNs are inherenily capable of represent-
ing nonlinear systems. They leam from historical data and
model input--output functional relationsbips. The history and
thieory of ANNg, their advantages and shortcomings in apphi-
cations, and their fature utility have been presented
elsewhere™% and will not be presented bere. A brief over-
view of how ANNs operate is preseated by Nannarielio
etal’ and Li ot al®

1l. DATABASE FOR ANN MODELS

Two speech imntelligibility and security experniments were
carvied out by Gover and Bradley' at the Institote for Re-
search in Construction (IRC), National Research Council
Canada [CNRC). In the first mielligibility expeniment (intel-
ligibility scores and the intelligibility threshold), 36 subjects
each listened to 340 test sentences. Subjects were then di-
vided inio fwo groups, 19 “better” subjects and 17 “worse”
subjects, in accordance with their mean intelligibility scores
across all 340 sentences. A follow-up experiment mntended 10
determine not only the intelligibality scozre and the intelligi-
bility threshcld but also the thresholds of cadence of the
speech and andibilify of any speech sounds. In thas second
experinent the |9 better subjects from the first experiment
each listened to 160 senteaces. Detfails of these two expert-
ments are presevted by Gover and Bﬂm:llef_',/,1

TABLE I. Shift and scale factons to inputs of each ANN modet.

Weighted
Lonmnat 1o i
intelligbi(ity Scores

o
m}-gro:n,;h’_l'lfeiliglbllify Theashaig

Neurors

T

Ladenes Theeshold
.4

Audibility Tneeshold

Bias

The results of 19 bettar subjects in the above two expen-
ments consttute the database for the ANN models in the
present work. The 9500 [19X{340+160)] individnal intelli-
gibility score test cases were used as the databuse for pre-
dicting the intelligibility secre. Of the 9500 cases, 7600 were
used for wraining, 950 for venification, and 930 for testing. All
the centences in the first and second experiments, viz.,, 500
(340+ 160} sentences {cases), were used as the database for
predicting the intelligibility threshold. Of the 500 cases, 3190
were used for tramning. 95 for verification, and 935 for tesing.
For predicting the cadence threshold and the sudibality
threshold, the 16{ sentences {cases} in the second experiment
were used as the database. OF the 160 caszes, 128 were used
for waining. 16 for verificanon, and 16 for testing.

ill. INPUTS AND OUTPUTS OF ANN MODELS

The itputs of the ANN models for all four prediction
situations are the octave band {250 Hz-8 kMHz) S/N ratios,
that is to say, the difference in the teamsmifted speech level
and the background noise level at each octave frequency
band from 250 Hz to 8 kHz. The range of the input variables
for predicting the intelligibility score and the intelligibility
threshold when considering both experiments i5 different
from that for predicting the audibility and the cadence
thresholds when accounting for only the second experiment.
Table [ provides the range of each input variable of the four
ANN models. The outputs of the ANN models are the intel-
ligihility score, the intelligibility threshold, the cadence
threshold, and the andibility threshold, and are within the
range of 0%6--100%.

ANN modet for ANN model for ANN model for
fiocing suatligiality AN modet for : Scring ead prediseing andhil
scores imtelligibility threzhold threshold tweshold
Tput variables Shift Seale Shft Scale Sk Scale Shift Scale
SN Ratio at 250 Hz 08478 0.0244 0.8561 0.0251 13117 00377 13117 00377
S Ratin at 500 He 06984 0.0231 0.6984 0.0231 1.0840 0.0363 1.0953 00362
$N Ratio at ] kHz 09629 0.0295 0.9748 0.0298 19676 0.0605 19259 00350
SN Ruatio at 2 5Hx 0.7950 0.0284 0.7990 0.0284 11847 00421 10704 00382
SN Raio at 4 kEz 0.7333 0.0268 0.7333 0.0263 05791 0.0450 1.0969 0.0503
SN Ratio t 8 kEz 0.7276 0.0314 0.7254 00316 16072 00963 1.6063 G0966
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TABLE I, Weights and biases to hadden nmoxns of sach ANN model.

ANN mods] for
ANN mode! for predicing ANN model for ANN model Bar
fici imtaligibitiry .. Gicting audibikin
hi¥GI hisG2 his03  hiW0E  his2 1#03 hlwl hIsGT h1#03 hingl his02 w1403
Bias 115184 34952 24TBD 407385 —10361 -36038 -13096 -—3421] 0.0433 16085 00368  0.8594
SN Ratio at 250 Hz 11366 14757 07391 23090 47684 05848 ~DAIE7 2560 0985 30270 42765 16642
S Ratio at 500 Hx 10,5723 IT7E10 45765 29866 ~08%%4 48108 ~0.7203 12851 03082 19515 TA0BR  —1.6567
SN Ratio ot 1 kHe  ~02854  4.9302 72539 3104 28401 ~33399 —j540 —0.10%0 04341 —1.3097 23111 1.1%48
53N Ratic at 2 kHz 3.0602 13246 15921 18N 14327 —14269 10129 48315 2.1181 41976 11150 17192
5N Ratio at 4 kHz 20582 205439 =0009% 24986 7054 —00970 25294 —69358 19531 6.7447 13935 =36152
5N Ratio at 8 kHz 1.1966 —1.0482 -—2951% 135708 23245 -01919 ~18705 3688 04777 ~35032 02028 22050

V. ARCHITECTURE OF ANN MODELS AND
PROCEDURES OF ANN ANALYSIS

Figure i illustrates the three-layer feed-forward ANN
architeciuge applied in the present work. One hidden neuron
layer. with three hidden veurons, was used. The ANN analy-
sis was undertaken using STATISTICA Neural Networks® The
weights, which wers inihiahzed to vaforsaly distributed ran-
dom values using the “umform method,” were adjusted by
using “back propagztion’”’ and “‘comjugate gradient” algo-
rithms to minimize the prediction srror during the fraining.
Conditions were set within the STATISTICA Nearal Networks
program by aliering the model’s parameters. “Early stop-
ping” and **Weigend weight regularization™ techniques were
used to control overfitting. Training of ANNs was stopped
when the mus error of the verification set could no Ionger be
improved. The test set was vsed to independently check the
performance of the network when an entire nerwork design
piocedure was completed.

V. MODUS OPERANDI OF ANN MODEL S

For the present woik, the preprocessing of the inputs
invelves scaling input values to an appropriate range suitable
for use in the ANN. Input values are multiplied by a scale
factor, followed by the addiion of a shift factor Table IT
provides the shift and scale factors to input vanables of each
ANN model. These factors are automatically generated by
the scaling slporithm of the SIATISTICA Meural Networks ®

Each preprocessed newron is multiplied by 2 scalar
weight connecting the first-layer neurons to the hidden-layer
neuron:, At each neuron within the hidden layer, the
weighted inputs are sumuned and bias value is subtracted

from the summed weighted inpots. The resulung value is
passed through 3 aculinear activation function, in this work,
sigmoidal logistic function (1/(1 +677), where x is the re-
sulting value) Table IH provides the weights and biases
linked o hidden newrons of each ANN muode] attained by
trainung.

The cutput valee of each hidden newron is multiplied by
the scalar weights for each conuection between the hidden
layer and the ocutput neuwron. The weighted oulpnis are
sunmed and a bias value is subtracted from the suwm o pro-
duce & single output value. Table IV provides the weights
and biases Hoked to the cutpe neuron of each ANN model
attarned by training.

The output is postprocessed by subiracting the shift fac-
tor, followed by division by the scale factor. In the present
work, the shift factor and scale factor me 0 and 1, respec-
uvely, m all four situations as the range of ouiputs has al-
ready been nonmalized between O and 1 in the oniginal data.
base.

Work camied oot by Nannarielle ¢f of. ' and Nu 2t oLV
prescated g method of how to embed an ANN model into a
standard spreadsheet. The same procedure canc be adopted
with those details provided in Table IT-Table IV.

VI. RESULTS OF ANN ANALYSIS

Table V presents the statistical analysis results based on
the ANN models specified in the above section. In a regres-
sion problem, the standard deviations {51} of both the pre-
diction exvor and original output data are impostant and they
can be related by the 5.1 matic. The SD. 1atio in a regres-
sion probiem is the ratic of the S D. of the prediction error to

TABLE TV Weights and biaws io the ouput netzon of sach ANN madel.

ANN tode! for ANN mode] for ANN model for ANN modsl for

inteBigiblity ibihity cadence audibility

OO threshold fhreshoid fhreshold

(mtelizpiinlicy tinbeliigibility {cadence {anadkbilsty

soores) threshold) threshusld) threhiold)

Bias 0.0086 -0.6521 -15510 09254
hi#G] 0.5257 2.2279 —~0 0803 1.EQ9E
hi#02 E.5823 —1.8808 —1.2888 =24
Bls3 —-1.1333 10384 (. 4996 11762
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TABLE V. Statistie dua for ANN prediction vesules,

AN roodal for ANN maodel for ANN model for ARN maoded for
icting melEigibitity icting intelligibility Scting cadence % sibility
scores. threshold threshold tuwshold
ki'nt W Te* Ent iig w* T ™ w* Te* En* ki Ve Te* ot
s 0205 oM 0208 0206 DIl 008 0104 0151 Q0T 0056 Q07 0076 009 0G089 0033 0081
oy
Enor 0205 Q208 0208 0206 0117 008 ©105 Q111 067 004% 0067 D077 0096 Q088 0034 009
5D
SDf 047 D476 0475 D47 028D 06 0244 0267 0192 0115 013% Q183 D254 0211 Q096 00
1o
R? 0773 0773 07 0773 0921 0940 094) 0929 0963 0987 0982 0967 0938 0958 0992 Q42
*Tr=taining .
Memverification set
“Tewtest mat.
acantive set.

ooy $ D= Mkwumdﬁnmmmm
S D. ratiowstindard deviation Tatio

that of the original output data {an S D. ratic of 0.1 is con-
sidered an excellent fit of the data, and ax SD_ratio of 1.0 s
& poor fit) ? The correlation coefficients R (the “coefficient
of determuination”} of the ANN predictions over the entire
data sets for the mtelligibility scores, intefligibility threshold,
cadence threshold. and apdibility threshold were 0.773,
0.929, 0.967, and 0942, respecm.ely For companson, in the
work of Gow:r and Brad.lejz the SII-weighted S/N measure
has an R of 0.762 for predicting the intelligibility scores and
an R® of 0.919 for predicting the  intelligibility threshold, and
the /N loudness ratio has an R” of 0.956 for predicting the
cadence threshold and an R? of 0.899 for predicting the au-
dibility threshold.

Vii. DISCUSSIONS AND CONCLUSIONS

The preseni wotk indicates that the ANN spproach pro-
vides a direct and accurate method for predicting speech in-
tellipability scores and security thresholds. The current
method for predicting the spesch intelligibility and privacy is
first to develop a certain index and then relate the index to
the subjective scores using s transfer function. ' The ANN
approach can uve the S/N ratio information to directly predict
the subjective speech mtelligibility scote and security thresh.
olds. Compared with the previous work! that used one-third-
octave-band S/N matios, the ANN approach produced compa-
rable, or better in terms of the awdibility threshold, prediction
results using only the "‘octave band™ SN ratios.

Specifics of the ANN models for predicting the speech
seciity and intelligability scores are alsc provided in the
present work. With this mformation, ANN maodels can be
embedded into standard spreadshest applications, thus allow-
ing predictions to be made in a transparent snd dwect fash-
1011,

Similar investigations that use one-third-octave-band
i160 Hz~8 kHz) S/N ratios have also been conducted in the
present work, However, the results of the one-third-octave-
band apalysis were ouly slightly better than those of the
octave-band apalysis. Thiz may be due to the information in
adjacent one-third-octave bands being highty correlated and
therefore not contritating any significant new mmformation to
the ANN.

1712 J Acoust. Soc. Am., el 117, No. 4, Pt 1, Apnl 2005

The present work onfy rakes into accoumt the S/N ratios
in predicting the architectural speech intelligibility score and
secarity thresholds. Ofher factors, such as talker gender and
voice characteristics, spesch materiaf, room characteristics,
and 50 on could be mciuded in the ANN aiodels to investi-
gate the possibility of furfhey improving the prediction accu-
Ay
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The concept of flat-walled multilayered sbsorbeat linings for anechoic rooms was proposed three
decades ago. Flat-walled linings have the advantage of being less oomplicated and, hence, less
costly to manufactue and insiall than the individual units such as wedges. However, there are
difficulties in optimizing the design of such absorbent linings. In the present work, the design of &
flat-walled multilayered anechoic lining that targeted a 250 Hz cut-off frequency and a 300 mm
maximum lining thickness was first optimized using an evolutionary algorithumn. Sixfeen of the most
comaonly used commercisl fbrous building insuistion moterials available in Australia were
mvestigated nnd fourteen design options (ie., materal combinations) were found by the
evolulionary algorithm. These options were then evaluated in accordance with their costs and
measured acoustic absorption performences. Finally, the completed apechoic toom, where the
optimized design was applied, was qualified and the results showed that a large percentage (75%—
#5%) of the distance berween the sound source and the roomn boundaries, on the traverses made,

were anzchoic. @ 2005 Acoustical Seciely of America. [DOL: 10.1121/1.2074907]

PACS number{s): 43.55.Pe, 43.55.Ev {NX]

L INTRODUCTION

The MARCS Auditory Laboratories at the Unjversity of
Western Sydney recently decided to construct an anechoic
room for its research in the ares of speech communication
and auditory processes. The internal size of the room iz 4500
mm long, 3600 mey wide, and 3500 rom high. The maximom
anechoic lining thickness was hmited to 300 mm due 10 the
small size of the rcom and the desired cut-off fraquency was
250 Hez. {The cat-off frequency is the frequency above which
no pressure refiection factor exceeds 10%:; this corresponds
t an energy absorption exceeding 99%.}) As the badget for
the project was limited, the conventional anechoic lining sys-
tern using individuel uvoits sueh as wedges was not affond-
able. An elternative anechoic lining sysiemn was therefore
reguired.

The concept of flat-walled muliilayered absorbent lin-
ings for enechoic rooms was proposed three decades ago.
Flat-walled linings have the advantage of being less compli-
cated and, hence, less costly to manufacture and install than
the indivicdual units such as wedges. Recently, flaiwealled
muitilayered absorbent linings were also applied as the
anechoic termination for other types of enclosures, such s
the duct-type noise measurement enclosure® which require
anechoic conditions for their internal surfaces.

Davern’ smudied experimentally the desiga of fiat-walfed
mulrilayered anechoic linings. The approach used was to de-
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sign a flat-walled lining system by ssing conventional mea-
surements in an impedance tube. However, the work proved
to be tedious and time consuming because of the numerous
trial ond error measurements involved. The subsequent work
undertaken by Dumn and Davern® proved that the overall
impedance of a flat-walled maultilayered system could be cal-
culated by the repeated application of a single layer imped-
ance equation. The inputs to the equation were simply the
bulk scoustic properties (characteristic impedance and propa-
gation constant} and the thickness of each layer of material.
Xu, Nannariello, and Fricke” demonstrated that an evolution-
ary algorithm (EA) could be successfully employed as an
optimizer 1o aid and speed up the design of flat-walled mul-
tilayered anechoic linings. The material investigated in the
work was polyurethane open cell foams axd the target cut-off
frequancy was 100 Hz. A further investigation® carried out
by Xu. Buchholz, and Fricke oa the application of multilay-
ered polyurethane foams as the flat-wudled anechoic lining
indicated that for low (100 Hz) and mid (250 Hz) cut-off
frequencies to achieve the minimure overall lining thickness
the minimam number of layers of linings required iz three.
However, the materials used in the optimum designs of the
sbove mentioned (wo works ™ might oot be commercially
available because the bulk acoustic propenies of the materi-
als were calculated using Deluny and Bazley’ type curve-
fitting equations developed by Dunn and Davern® and
Cmnm'mgsg and it was assumed that any required thickness
of the material was available. The MARCS Auditory Labo-
ratories was also reluctant 10 use polyarethane foans for the

& 2005 Accustical Society of Amerca
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anechoic lining material because of the fire hazard and me-
chanical durability problems velated to this type of material
so fibrous materials were required.

In the present work, the bulk acoustic properties of six-
teen of the most commonly used comunercial fbrous build-
ing ingnlation materials available in Ausiralia were measured
and on the basis of the measurement results the same evola-
tionary algorithm as thm introduced in previous work® was
used to oplimize the design of the flat-walled mubtilayered
anecheic Iining 10 meet the design criteria, namely a 250 Hz
cnt-off frequency with a maximuem lining thickness of 300
mm. The lining system for the anechoic room at the MARCS
Auditory Laboratories was then selected fromn the design op-
tions provided by the EA on the basis of their costs and
acoustic absorption performance measured using an imped-
ance tbe.” Finally, the completed anechoic room, where the
aptimized design was applied, was qualified and the resulis
showed that a large pescentage (73%—85%;} of the distance
between the sound source and the room boundaries, on the
raverses made, were anechoic.

Il. FUNDAMENTALS OF FLAT-WALLED
MULTILAYERED ANECHQIC LININGS

An ldeal acoustic absorbent material should have a low
fromal acoustic reflection and a high internal acoustic attenu.
ation. However, these two requirements for the same mate-
tvial are in cooflict with each other. A method of partially
overcorsing this conflict is to use a multilayered lining
system. By selecting a front layer material with appropriate
chararteristic impedance, one can obtain a low primary re-
Aection by encouraging the incoming acoustic wave train 1o
enter the composite layer structure. Then. the inser layers of
material can be selected (o attennate the wave energy within
the material as much as possible without at the same time
causing & substantial interlayer reflection.

Dunn and Davern? proved that the sarface impedance, Z,
at the front of a multilayered lining could be calculated by
applying the single-layer equation o each msterial sacces-
sively, i.e.,

Z= W‘Zl—lc“’*h(?ig-i} + Wisinh( L) ‘ 1

Z,sinb(y,L) + Weosh(yL,)
where the subscript i refers to the éth layer, starting from the
laver closest to solid backiag: L is ithe thickness of the
layer; and W and y are, respectively, the characteristic
impedance and propagation constant of the layer. Both W
and 7y are complex aumbers. When a material is backed by
a solid surface (Zy=w}, the single layer equation can be
written as

Zl - “’1¢ah{ ?ILI}' (2)
The pressure reflection factor at normal incidence, r, is the
rtio of the pressure amplitude of the reflected wave to the
incident wave In the reference plane for a plame wave ar

normal incidence and ¢an be calculated by°

J, Acougt. Sac. Am., Vol 118, No. 5. Novermber 2008

TABLE I. Mutcaals investignied.

Fized Flow
thickrwss Density  resistivity
Type Mutzsial 12 {smn} kgim™  (Pesfm)
Low-densivy glassoool 1 56 10.4 3190
Mid-knty ghiswool 2 25 200 11180
3 25 »s 12378
4 25 Ma 13915
High-denxity glassenol 5 b1 JLE R+ 47637
Mid-de nsity polyesher & 25 330 8221
7 25 0.0 7152
Lowedensity polyester ] 25 o3 10
4 35 79 453
1] 65 X 535
H i 112 458
12 &5 los 554
13 LU L6 650
14 i) 96 %2
s 40 82 483
1.3 0 43 663
- ’_—_Zf"f"" “_ 3
Zipe + 1

where p is the air density and ¢ is the velocity of sound in
gir, The relaionship between r and tw normal incidence
sourx] absorption coefficient a,’ is

a,=1-7~ (4}

ll. MATERIALS INVESTIGATED

As indicated previously sixteen of the most commoniy
used commercial fibrous building insulation materials avail-
able in Australia were investigated in the present work. Mea-
surements of thickness, density, and flow resistivity' of each
material wete made and results of these measurements are
presented Table 1. The bulk acoustic properties of each ma-
terial were also measured using a two-thickness method. 1!
Generzlly, the cost for the glasswool type material is higher
than the polyester type material,

V. OPTIMIZATION

Since the pressure refloction factor r of an anechoic lio-
ing at any frequency above the cut-off frequency shall not
excead 109%," the design of an anechoic lining can be con-
sidered as a muoltiobjective optimization problem (MOP).
The previous work® demonstrated that a Genetic and Evolu-
tionary Algorithm Toelbox for use with Matlab {GEATbx)“"
could be successfully employed to ackle this MOP. In the
presant work, GEATbx was again applied.

A. Application of GEATbx

In the present work the sixteen materials investigated all
have their own measured bulk propertics and fixed thick-
nesses and the overall thickness of a material can only be
multipies of its fxed thickness, i.¢., variables in the present
wark sll have a discrete nature. In order to apply GEAThx,

*u ot &: Flat-walled multiaysred anechoic ¥nings 3105
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TABLE L Optimization results,

Multiples of the fixed thickness

Mawnal 1D of gach layor of each layer™s owtenial

Presvure ceffection factor ar cach midbasd
frguency of nog-third-octave bunds
renging from 250 Hz 10 1 &Mz

Oremll thickness

of the fining
Opgion 1D Laver | Layer? layerd Laverf  Layer 2  Layoar 3 rystem (mam) 250 Hz 315 Her 400 Hz 500 He G630 H: SO Hz | kHx
1 4 1 16 4 2 1 250 96 13 £7 45 0.3 44 63
2 T 1 15 3 b4 2 255 13 26 6.2 84 4.5 1.3 18
3 5 2 15 2 4 3 o 8.6 84 a7 1.5 a7 64 B.6
4 2 1 1% 5 2 1 235 L 0.3 51 T4 49 26 4.7
5 7 1 1% 3 3 1 775 21 11.6 8.2 4.1 44 39 32
) 3 1 1% 2 a 2 280 T 26 8.6 141 1.5 23 152
7 ES 1 15 z 3 2 280 T0 a3 1 104 7.1 23 98
B 2 1 15 4 2 2 286 42 6.5 6.2 T0 50 09 11.8
9 2 i 15 . A 2 286 RO 0.8 85 103 T 32 10.¢
16 7 1 15 2 3 2 80 36 L6 14.3 11.3 60 21 11.2
13 5 1 13 2 K 2 280 99 gl 4.4 %1 53 6.6 53
12 T 1 15 3 2 3 295 30 EL.? 9.5 27 kY3 72 1.3
13 s 1 15 2 4 1 300 84 B3 T.8 165 a0 52 1.4
4 T 1 16 4 3 i f 11 110 11.1 6.5 f 30 55 i3

the bulk properties and fixed thicknesses of the maerials
were orgaaized into mairices with the index of each column
of the matrix, ranging from one to sixteen, representing each
material. Ancther variable required is the integer multiples of
the fixed thickness of each material. During the EA searching
process, the program would pick up the material of interest
by pointing al the corresponding colummn of the matrix and
vary the overall thickness of the material by assigning a cer-
tain integer multiple.

B. Optimization results

I the present work, a three-layered lining systemn was
investigated because of its high efficacy compared with a
two-layered Hining systa'n.ﬁ Faking into account the expecied
errors resulting from Eg. (1) and the measurements of the
materials’ bulk properties, it was considersd that a reflection
factor of no larger than 13 was acceptable during the EA
search. It was also coasidered that frequencies below 1000
Hz were the most critical ones In the design of anechoic
linings and thes the EA search was limited to one-thind-
octeve band frequencies between 250 and 1000 Hz. Tabie If
shows the optimization resuits provided by GEATbx.

Using the sixteen materials investigated, the program
found fourteen options (1., material combinations} that
could achieve a 250 Hz cut-off frequeacy with an overall
thickness of the lining system no larger than 300 mm.
Among the fourteen options, Options 2 and 12 are the cheap-
est becanse the least ammonnt of glasswool material was re-
quired. The only difference between Options 2 and 12 was
that Option 12 uses 40 mm more of Material 15 for Layer 3
than Option 2 does. The abserption performances of Oplicas
2 and [2, in terms of the pressure reflection factor, were
measured using an impedance tube.” The measurement re-
sadis are plotted in Fig. 1. The difference between the mea
sured pressure reflection factors presented in Fig | and pre-
dicted ones shown in Table Il appears to be due 1o the ervors

3106 J. Acoust. Soc. Am., Vol 118, No. 5, November 2005

associated with Eq. (1) and the measurement of bulk proper-
ties of the single layer of mateniols. Since the measured pres.-
sure reflection factors of Option 2 at frequencies of 250 amd
315 Hr are larger than 12, it was decided to appty Option 12
as the lining system for the anechoic room at the MARCS
Auditory Laboratories.

V. INSTALLATION OF THE LINING

Layers of insulation materials were attached to each
other sad the imernal surfaces of the room using spikes af-
fixed ‘o the internal surfaces of the wom. Care was taken to
eliminate air cavities beitween the [ayers of insulation mate.
rials and between the intemal surfaces of the room and the
reost inner layer of insulation material.

Al the joins where two sheats of the same {ayer of mo-
terial meet each other large gaps were avoided by placing
them tightly agains: each other, The joints at different layers
were staggered to ensure tha: they did not overlap. Also, at
corners of the room, multilayers of insulation materials were
staggersd to ensure that their edges overfapped. Figure 2
provides an illusiration of the arrangernent of multilayered

b b
N ®

Prassure reliaction factor (%)
a2

200 300 400 506 SO0 700 BOO 900
Freguancy (Hz)

(=2 LA W A

1000

FIG. 1. Enpedance: wibe measorernent resules of Opion 2 and Option 12,
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materials. For the layer that is exposed to the air the adjoin-
ing sheets of material were loosely sewed together,

¥1. QUALIFICATION OF THE ANECHOIC ROOM

The completed anechoic room was gualified in accor-
dance with the procedure set out in ISO 3745:2003."” The
sound source was located so that the assumed position of its
acoustic center way st the geometric center of the room. Five
straight microphone traverses were used. Four of the five
traverses were from the geometric center of the room to the
room corners {the lower Southeast, lower Southwest, upper
Northeast, and upper Northwest comers) and lay in an imnagi-
nary plane that passed through the geometric center of the
room. The fifth traverse was from the geometric center of Lhe
room to the West wall, which is one of the parallel walls
closest to the geometric canter of the room. One-third-octave
band-filtered pink noise with the sequential mid-band fre-
quencies from 250 Hz vo 10 kHz was used as the test signal,
The test signal was generated and digitally filtered™ using
Matlab.'® For the five traverses, the measurement of the sound
pressure level was carried out starting 0.5 m from the geo-
metric center of the room and extending 1o the maximum
distance that the measurement microphone could reach. The
spacing berween the measurement points was 0.1 m.

A. Sound sources

For the qualification of the room the directionality of the
sound source must be uniform to within the allowable devia-
tions ax set out in 150 3745:2;093.!3 These limits are repro-
duced in Table IN. For the mid-band frequencies below 800
Hz, a Bruel & Kjaer Type 4296 OmniPower Loudspeaker,
which mieets the requirements of ISO 140-3,'6'” was used as
the sound sourve.” For the higher frequency bands from 800
Hz w 10 kHz, a compression driver {TOA Electric TU-30)
attached to a L.3m-long and S-mm-id. cylindrical tube was
used as the sound source. The compression driver was acons-
tically shieldedt by a box wrapped with mass loaded vinyl
materiad. As there was no directionality informalion for the
custom-made high frequency soumd source, its directionality
was measured in accordance with the procedure set out in
1SO 3745:2003.' The measurement was conducred in sn
anechoic room, with a 50 Hz cor-off freqmam:y.is at the Aus-

TABLE M. Maximum alfowable devistion in dirccionality of the sonnd
sourcs for an socchoic room quslification as per 150 37452003 Mef. 13}
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FIG. 3. Messumd devistions in directionality for the custom-made high
frequency sound source.

tralian National Acoustic Laboratories. Figure 3 shows the
measured deviations in directionality of the custom-made
high frequency souwnd source.

During the measurements a reference microphone was
located at an arbitrary but fixed position in the roem to check
the variation of the sound source output. The drift of the
sound power levet of the sound sources {with the associsted
signal generation and amplification system) in any one-third-
octave band, from 250 1o 630 Hz for the low frequency
scund source and from 806 Hz to 10 kHz for the high fre-
quency sound source. was less than 0.2 dB af any time
during the measuremnent.

B. Qualification results

The maxicaom allowable deviation of the measured
sourd pressare levels from the theoretical levels, using the
inverse square law as per 1ISO 3745:2003," is reproduced in
Table IV. Figure 4 shows the measured deviations for the
waverse into the lower Southeac corner of the room. Similar
results can be observed for the fraverses inio other cormers.
Figure 5 shows the measured deviations for the waverse into
the West wall of the room.

Vil. CONCLUSIONS

In the present work an EA was successfully applied to
optimize the design of & flat-walled multilayered lining sys-
temn for the anechoic room st MARCS Auwditory Laboratories
at the University of ‘Western Sydney. Resuits of the EA
search indicated that for the sixteen materials investigated

TABLE 1¥. Maximum sliowsld e deviation of measurad spund pressure lev-
<ls Fom the theoretical Tevel using the inverse squaw: low in an anechnic
oom a8 per 150 37452003 (Ref. 13).

Allowable deviations

One-thisd-octave band frequency in directionaiiyy
{Hz) (dE)
800S00 2.0
3010 000 15

Qae-thisd-octave band frequescy Allowzble devintions
{Ha) an)
=630 1.5
B00-5000 =10
» €300 +13
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there were fourteen options that could achieve a cut-off fre-
quency of 250 Hz with the overall Hining thickness less than
30G mm. For all of the options the materials in the lining
systemn exhibit a trend of a graduated increase of density and
flow resisGvity from the fromt layer (Layer 3) to the back
taver (Layer 1)

The options found by EA were evaluated on the basis of
their costs and rwo opticns were short listed. The acoustic
absorption perfomuances of the shorl-listed options were then
measuted in an impedance tube. Only slight differences were
observed berween the measured mcoustic absomption perfor
mances and the predicted onies. The option that had the lower
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FIG. 5. Measured deviations for the traverse into the Wewt wall of the room
The frequency labels along the nigh! verticnl axis define the poridoa of the
0-dB deviation for that fequency; the lines phove and bedow the 0-dR
positios ate the penmssible variations from free. held performance in accor-
dance with Table TV.
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pressure reflection factors at low frequencies wus used as the
fining system for the anechoic room at the MARCS Auditory
Laboratories.

The lining system hAnally used in the anechoic room has
an overall thickness of 293 mm, which is about 45 mm less
than o quarter of a wavelength a1 the cut-off frequency of
250 Hz. The material cost of the applied lining system was
about fifty Australian dollars per square meter. The quahifi-
cation procedure carried out in the completed anechoic room
indicates that

{I} A minimum apechoic distance of 2.1 m is achieved for
the traverses 10 the four corners that are on an imaginary
plane passing the geometric center of the room. This
approximately corresponds 1o 75% of holf of the diago-
nal distance {without taking into account the enechoic
fining thickness) of the imaginary plane.

{2} A minirawm anechoic distance of 1.3 m is achieved for
the traverse to one of the walls closest to the geometric
center of the room. This approximately corresponds to
85% of half of the distance (without taking i account
the anechoic Hining thickness) between the two poaraliel
walls closest to the geometric center of the rom.
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Abstract

Previous work demonstrated that a multi-objective evolistionary algorithm could be successfully
employed ag an optimiser to make the design of flat-walled multi-lavered anechoic linings more effi-
cient. In the present work, such an algorithm i employed to investigate the practical aspects of the
application of multi-layered polyurethane foams as the flag-walled anechoic lining. The investigation
inchles aspects such as the efficacy of a single fayer of material, the minimum number of layers of
liniogs to achieve the minimum overall thickness for low (100 Hz), mid (250 Hz} and high (500 Hz)
cut-off frequencies, the use of the three-layered hning composite for low to mid cut-off frequencies
and the effect ol air gaps.
© 2005 Elsevier Lid. All nights rescrved.

Keywords: Flavwalled multi-layered anechoic linings; Polyurethane foams; Evolutiossery algorithms: Anechoi:
wermination

1. Introduction

The concept of flat-walled multi-layered absorbent linings for anechoic rooms was pro-
posed three decades ago. With the advantage of being less complicated and, hence, less
costly to manufaciore and install than the individua! units such as wedges, it is an alter-

* Cotresponding author. Tel.: +61 2 9351 5265; fax: -+61 2 9351 3031
Eunad address: jrood24Taamail usyd eduaw (1. Xu).

D003-682X/$ - see front matter © 2005 Elsevier Ltd, All rights reserved.
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native to the more conventional wedge-type system. Davern [1] studied experimentally the
design of flat-walled multi-layered anechoic linings. The approach used was to design a
flat-walled lining composite by using conventional measarements in an impedance tube.
However, the work proved to be tedious and time consuming because of the numerous
trial and error measurements involved. The subsequent work undertaken by Dunn and
Davern [2] proved that the overall impedance of a flat-walled multi-layered lining compos-
ite could be calculated by the repeated application of a single layer impedance equation.

On the basis of the above work [2], Xu et al. [3] demonstrated that a multi-objective
evolutionary algorithm, Genetic and Evolutionary Algorithm Toolbox for use with Mat-
lab (GEATDx) {4], could be successfully employed as an optimiser 10 make the design of
flat-walled multi-layered anechoic linings more efficient. Their optimisation results showed
that to achieve a 100 Hz cut-off frequency (cut-off frequency is the frequency above which
no pressure reflection exceeds 10%; this corresponds Lo an e¢nergy absorption exceeding
99% {5].} a three-layered lining system composed of polyurethane foams only requires
an overall thickness of 0.529 m, which is comparable to the thickness required for quality
wedge-type anechoic linings to achieve the same cut-off frequency.

In the present work, such an algorithm is employed to investigate the practical aspects
of the application of multi-layered polyurethane foams as the flat-walled anechoic lining.
The investigation includes aspects such as the efficacy of a single layer of material, the min-
imum number of layers of linings to achieve the minimum overall thickness for low
(100 Hz), mid (250 Hz) and high (500 Hz) cut-off frequencies, the use of the three-layered
lining composite for low to mid cut-off frequencies and the effect of air gaps.

The fundamental theories and equations for calculating the impedance of a multi-lay-
ered lining composite have been covered in [2,3] and the advantages and basics of using a
multi-objective evolutionary algorithm for the optimisation of fat-walled multi-layered
anechoic linings, such as defining the objective functions, setting the design parameters
and handling the constraints, and the application of GEATbx, sach as setting the values
of its parameters, have been discussed in detail in the previous work [3), therefore they are
not repeated in the present work.

2. Material investigated

The material investigated in this work is fully reticulated (viz. open cell} polyurethane
plastic foams. Cummings [6] studied 12 foams with steady flow resistivity ¢ in the range of
606229 MKS rayl/m and reported the curve-fitting equations for predicting the charac-
teristic impedance W and the propagation constant 3 of this type of material as follows:

W= pc[l +0.0953(pf /o) **" + j(-0.098 a(pf,fa)“‘“”)], (1)
v = (2rf e)[0.067(o1 10 + 5 {1 + 0173001 /3) ) ], (2)

where p is the air density and ¢ is the velocity of sound in air (throughout the present work
a value of 1.2 kg/m is used for air density and 340 m/s for sound velocity) and f is the
frequency. The lowest valid frequency for Egs. (1) and (2} is 100 Hz. Egs. (1} and (2} indi-
cate that a large flow resistivity value will result in large attenuation, but, at the same time,
it will cause a high frontal reflection. A method of partially overcoming this conflict is to
use a multi-layered lining composite. By selecting 2 front layer material with appropriate
characteristic impedance, one can obtain a low primary reflection by encouraging the
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incoming wave train to enter the compeosite layer structure. Then the inner layers of mate-
rial can be selected to attenuate the wave energy within the material as much as possible
without at the same time causing a substantial interlayer reflection.

3. Results

Since the pressure reflection factor of an anechoic lining at any frequency above the cut-
off frequency shall not exceed 10% [5], the design of an ancchoic lining can be considered
as a multi-objective optimisation problem (MOP) [3] In the present work, GEATbx is ap-
plied as the multi-objective optimisaticn tool to investigate the practical aspects of the
application of multi-layered polyurethane foams as the flat-walled anechoic lining.
Throughout the present study, pressure reflection factors are considered in one-third-oc-
tave bands at centre frequencies between 100 and 1000 Hz inclusive since the lowest vahd
frequency for Eqs. (1) and (2) is 100 Hz and it is assumed that frequencies below 1000 Hz
are the most critical ones in the design of anechoic linings. During the search of the opti-
mum result, the flow resistivity of cach individual layer of material was varied freely be-
tween 60 and 6229 MKS rayl/m and it was assumed that any required thickness of each
individual layer of material was available.

3.1. Single layer

First, the performance of a single layer of material for cut-off frequencies between 100 and
500 Hzis investigated. Fig. 1 shows the minimum thick ness of a single layer of matenial as a
function of the cut-off frequency. Fig. 2 shows the required flow resistivity of the single layer
of material, which has the minimum overall thickness for the corresponding cut-off fre-
quency. Fig. 2 indicates that with the decrease of the cut-off frequency from 500 to 100 Hz
the required flow resistivity of a single layer of material is reduced {rom 1400 to 280 MKS
rayl/m and there i a nearly lincar relationship, between the cut-off frequency and required
flow resistivity of the single layer of material, which can be approximately expressed as

o= 282 x [, ~ 7.82, (3)

where f. is the cut-off frequency ranged from 100 to 500 Hz. Fig. | indicates that with the
decrease of the cut-off frequency from 500 to 100 Hz the minimum thickness for a single
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Fig 1. The minimum thickness of a single layer of material as a Nanction of the cut-off frequency.
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Fig. 2. The Bow resistivity of the single layer of material, which has the minimum thickpess for achieving the
corresponding cut-off frequency, as 2 Tunction of the cut-off frequency.

layer of material is substantially increased and to achieve the required cut-off frequency
the minimum thickness of the single layer material needs to be equivalent to the wave-
length at the corresponding cut-off frequency. Hence, it is not effective to use just a single
layer of material as the flat-walled anechoic lining.

3.2. Number of layers

As discussed previously, employing multi-layers of material can partially overcome the
reflection versus attenuation conflict and make the use of flat-walled ancchoic linings more
attractive. Thus, in the design of the flat-walled multi-layered anechoic lining it is impor-
tant to determine for a certain cut-off frequency the minimun: number of layers of linings
to achieve the minimum overall thickness.

The dependency of the minimum overall thickness on the number of layers is investi-
gated for three cut-off frequencies, 100, 250 and 500 Hz. The results of this investigation
are shown in Fig. }. These results indicate that

{a) For low (100 Hz) and mid (250 Hz) cut-off frequencies, a two-layered composite
is still not effective to overcome the reflection versus attenuation conflict. How-
ever, the minimum overall thickness can be significantly reduced by employing a
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Fig. 3. The mindmum overall thickness as a function of the number of layers. —8—, 100 Hy voi-off, —8—,
250 Hz cut-ofl, — &, 500 Hz cut-off.
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three-layered composite in lieu of a two-layered one. The effect is more pronounced
for the low cut-off frequency. An increase in the number of layers from three 1o six
cannot further reduce the minimum overall thickness of the mulii-layered lining
composite. Therefore, for low and mid cut-off frequencies, the minimum number
of layers of linings to achieve the minimum overall thickness is three.

{b) For high (500 Hz) cut-off frequency, the minimum number of layers of linings to
achieve the minimum overall thickness is two as the minimum overall thickness can-
not be further reduced by increasing the number of layers from two to six.

3.3. Three-layered lining composite
In most practical situations the cut-off frequency of an anechoic linin g will be required

to be no more than 250 Hz. Therefore, a three-layered lining composite will be of most
interest. Fig. 4 shows the minimum overall thickness of a three-layered lining composite

Minimum Overall Thickness of a
Three-layered Lining ¢m)

100 150 200 250
Cut-off Frequency (MHz)

Fig. 4. The minimum overall thickness of a three-layered Hning composie as a functiot of the cui-off frequency.
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Fig. 5. The thickness of each individual layer of the three-layered lining composite, which has the minimum
overall thickoess for achieving the corresponding cut-off feequency, as a fumction of the cut-off frequency. Back
fayer is the layer that has the solid backing; front layer is the layer that faces the air: and mid tayer is the Iayerin
between the back layer and the front layer. —@—, back layer ~.. mid layer, & front layer.
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Flow Resistivity (51 rayVm)

100 150 ztlm 250
Cut-off Frequency (HZ)

Fig. 6. The Bow resistivity af ¢ach individual layer of the three-Luyered lining composite, which has the minimum
overall thickness for achieving the corresponding cut-off frequency, #s & funclion of the cat-off frequency. Back
Jayer is the layer that has the solid backing; front layer is the layer that faces the air; und mid layer is the layer in
hetween the back layer and the fiont layer, @, back layer, —B— mid layer; —&k—, front layer.
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Fig. 7. Ratio of the mintmum overall thicknesz of the thres-layered lining composite to the average quarter
wavelength in the composite as a function of the cut-off frequency.
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Fig. 8. Ratio of the mininum overall thick ness of the three-fayered lining composite 10 the guarier wavelength in
the air as a function of the cut-of lrequency.
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as a function of the cut-off frequency. Figs. 5 and 6, respectively show the required thick-
ness and flow resistivity of each individual layer of the three-layered lining composite,
which has the minimum overall thickness for the corresponding cut-off frequency.

Prossuro Reflaction

100 200 800 400 SO0 8OC FOO &) 900 1000
Fregquency (H2)

500 600 760 séo seo 1000
Fraguancy (Hx)

100 200 300 400
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"
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Prassuro Reflection
Factor (%}
» 28
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G T T T —r

100 200 300 400 500 600 A0 B0 S0 1000
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Fig. 9. Effect of air gape, ranged from 0 10 0,03 m, on the pressure reflection factors of the three layered lining
composite with the minimum overall thickness for achieving a cut-off frequency of 160 Hz. Back layer is the layer
that has the solid backing front layer is the layer that faces the sir; and mid layer & the layer in between the back
layer and the frant layer. (a) I there is an air gap be ween the solid back wall and the lining composite, (b) If there
B anair gap between the back Iayer and the mid layer of the Ening composite, (€1 I there is an air gap between the
mid layer and the front layer of the lining composite. (d) I there are air gape hetween the back laverand the mid
layer and berween the mid layer and the front layer of the lining composite. (e) 1F there are air gaps between the
back solid wall and the back layer, between the back layer and the mid layer and between the mid layer and the
Tront layer of the lining compesite. —@—, Om for each air gap; —W—, 0.0) m: for each air gap; —&——, 002 m for
each air gap; —o—, 0.03 m for each air gap: -«--~-, [08% pressure refection factor line.
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Fig. 7 shows the ratio of the mimimum overall thickness of the three-layered lining com-
posite to the average quarter wavelength in the composite as a function of the cut-off fre-
quency. Appendix A expliins how the average quarter wavelength in the composiie is
calculated in the present work. Fig. 8 shows the ratio of the minimum overall thickness
of the three-layered lining composite to the quarter wavelength in the air as a function
of the cut-off frequency.

From Figs. 4-8 one can observe the following:

{2) The minimum overall thickness of the three-layered lining composite is close 1o the
average quarter wavelength in the composite for cut-off frequencies between 100 and
200 Hz. It is getting closcr to the guarter wavelength in the air with the increase of
cut-off frequency from 200 to 250 Hz.

{b) For the three-layered lining composite the material with low flow resistivity should
be placed in front of the material with high flow resistivity.

{c) For the material investigated to achieve a cut-off frequency between 100 and 250 He,
the required flow resistivity for each layer of material in the three-layered lining com-
posite basically do not vary with the cut-off frequency. The average flow resistivity
tor the front layer of material is 400 MKS rayl/m, which is close to the characteristic
impedance of the air and the average flow resistivities for the mid layer and back
layer are 1700 and 6200 MKS rayl/m, respectively.
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{d) The required thickness of the back layer basically does not vary with the cut-off fre-
guency and is around 0.125 m. The thicknesses of the front layer and the mid layer
have to be increased to achieve the decreased cut-off frequency.

3.4. Effect of air gaps

In a practical situation, when the flat-walled multi-layered lining is not installed prop-
erly there may exist air gaps between the lining and the solid back wall and between layers
of lining material. Fig. 9 shows how the air gaps, ranged from (¢ to 0.03 m, affect the pres-
sure reflection tactors of the three-layered lining composite with the minimum overal)
thickness for achieving a cut-off frequency of 160 Hz. It indicates that with the presence
of the air gaps the pressure reflection factors at certain frequencies may exceed the require-
ment for an anechoic lining (10%) by up to 6% although they may ako be reduced at some
other frequencies especially at the frequencies lower than the cut-off frequencies. Similar
effect of air gaps on the optimum lining composites for other cut-off frequencies can be
observed.

4. Conclusions

The use of multi-layered potyurethane foams for flat-walled anechoic linings has been
investigated in detail in the present study. The major findings of the investigation are: () a
single layer of material is rot as effective as a multi-layered lining composite; (2) tor low
(100 Hz) and mid (250 Hz) cut-off frequencies the minimum number of layers of linings to
achieve the minimum overall thickness is three and for high (5300 Hz) cut-off frequency the
minimum number of layers of Hnings to achieve the minimum overall thickness is two; (3)
for the material investigated in the present work and for cut-off frequencies between 100
and 250 Hz inclusive, using a three-layered anechoic lining composite the achievable min-
imum overall thickness is betwoen a quarter wavelength in the lining composite and a
quarter wavelength in the air for the corresponding cut-off frequency; (4) for the material
investigated to achieve a cut-off frequency between 100 and 250 Hz, the required flow
resistivity for each individual layer of material in the three-layered lining compaosite basi-
cally do not vary with the cut-off frequency. The average flow resistivity for the front layer
of material is 400 MKS rayl/m, which is close to the characteristic impedance of the air
and the average flow resistivities for the mid layer and back layer are 1700 and
6200 MKS rayl/m, respectively; (5} for the three-layered lining composite, the required
thickness of the back layer basically does not vary with the cut-off frequency and is around
5,125 m. The thicknesses of the front layer and the mid layer have to be increased to
achieve the decreased cut-off frequency; (6) to achieve the designed performance of the lin-
ing composite air gaps should be avoided.

The above findings are also applicable in the design of flat-walled multi-layered absor-
bent linings as the anechoic termination for other types of enclosures, such as the duct-
type noise measurement enclosure [7)], which require anechoic condition for their internal
surfaces.

Similar work could be carried out for other types of materials or combinations of dii-
ferent types of materials provided that the bulk acoustic properties of the relevant mate-
rials can be measured or predicted. The empirical equations [6] apptied in the present work
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for predicting bulk acoustic properties take into account only the flow resistivity of the
malerial. Future work needs to investigate the more elaborate models which make use
of a combination of material parameters, such as flow resistivity, density, porosity and
tortaosiiy .
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Appemhix A. Averape quarter wavelength in an N-layered lining composite

Assuming the material investigated in the present work is homogeneous, the average
quarter wavelength 4, at frequency f in an N-ayered lining composite is calculated using
the following equation:

Y
F s 4)
YL
where the subscript i refers to the ith layer; L & the thickness of cach layer of material; and
v is the acoustic wave velocity in each layer of material and can be calculated by the fol-
lowing equation [2}
_2nf

£ (5)

where f is the wave number which is the imaginary component of the propagation con-
stant y. For the polyurethane foams investigated in the present work, £ is equal to the
imaginary part of Eq. (2}
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