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Adaptive filtering is commonly used to cancel feedback signals in hearing aids. Currently, the
most popular approach uses direct closed-loop identification with FIR filtering, using variants
of the LMS algorithm. The use of an FIR filter to model the feedback path allows flexibility,
but this approach has no prior knowledge of the hearing aid system. This means that the
model can often be inaccurate, with the unwanted effects of reduced feedback cancellation
and distortion of the desired audio input signal. The aim of this work is to develop a novel
adaptive feedback cancellation algorithm that updates the values of physical parameters in a
model of the hearing aid system rather than updating filter coefficients. This has the probable
advantages of having low order due to the limited number of parameters and of operating
within a well-defined range of parameter values corresponding to realistic physical
dimensions. Potential benefits include fast convergence, robustness and reduced distortion of
the audio input signal. In the first part of this thesis, a two-port network computer model of
an in situ in-the-ear hearing aid system was developed, from which simplified analytic
expressions for the feedback path response and error surface gradients were derived. The
model was fitted to a range of measured feedback path responses using numerical
optimisation techniques and the convexity of the error surface was explored, since this would
affect the use of steepest descent-based algorithms. A new algorithm was then developed that
adapted the estimated values of physical parameters in the model to track and cancel changes
in the feedback path. Simulation studies with modelled and measured feedback path data
were used to investigate the performance of the parametric adaptive algorithm compared to

the NLMS algorithm, showing the potential benefits of this new approach.
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List of symbols and abbreviations

Symbols:
piston radius

c expectation value of a& (constant)

¢ speed of sound

¢ phase speed

cp specific heat at constant pressure

¢y specific heat at constant volume

d desired signal

e error signal

Cost PAA error signal

enims NLMS error signal

f frequency

fi sampling frequency

f(n) impulse response of feedback path

h coefficients of the FIR filter generated by
the modelled response, M(f)

by coefficients of the FIR filter representing
the feedback path, F(f)

J V-1

k wavenumber

! boundary layer thickness

Lon entropy mode boundary layer thickness

Lior vorticity mode boundary layer thickness

p general parameter -

Di " parameter

DL set of all parameters except p;

Ap small constant fraction of p

P cross-correlation vector
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Introduction

Intreduction to the project

There are several problems associated with hearing aids. One of the most important is that of
feedback. This occurs when an amplified sound signal emitted by the receiver (hearing aid
loudspeaker) leaks back to the microphone. Instability usually occurs when a frequency
component of the feedback signal has an amplitude equal to or greater than that of the input
signal and is in phase with the input signal. This causes oscillation, driving the hearing aid to
its maximum level in the form of a high-pitched whistling or howling. In this condition, the
aid is useless unless gain is reduced (Lybarger, 1982; Maxwell and Zurek, 1995; Rafaely et
al., 1999). Feedback tends to occur at high gains. For users with moderate hearing loss,
reducing the gain of the aid may be sufficient to avoid the problem. However, severely
hearing-impaired users require high gains, and reducing the gain to avoid acoustic feedback
will prevent them obtaining full benefit from the device. Some users find feedback so
annoying that they stop using their aids altogether (Oliveira, 1997). Feedback has three main
effects: oscillation, significant alteration in the frequency response of the hearing aid even if
oscillation does not occur, and the creation of sharp peaks in the response as oscillation is

approached, causing “ringing” in the sound processed by the aid (Cox, 1982; Lybarger,
1982).

The main cause of feedback in hearing aids is amplified sound leaking back to the
microphone around the earmould (due to an imperfect fit, for example), or through the
earmould vent. The probability of feedback occurring can be reduced by increasing the
separation between the vent exit.and the microphone input. However, the physical

configuration of a hearing aid is limited by its size and the size of its components.

Feedback cancellation using adaptive filters has proved the most popular approach to the
problem. Continuous (closed-loop) adaptation with no probe noise is the preferred method of
feedback cancellation at the present time (Kates, 1999; Greenberg er al., 2000; Hellgren,
2002), since, compared to other methods that suspend normal operation of the hearing aid
while updating the filter coefficients, it provides a good acoustic signal to noise ratio without
disrupting the input signal and reducing its intelligibility. Most feedback cancellation
methods use finite impulse response (FIR) filtering with variants of the Least Mean Square
(LMS) algorithm since these are efficient and suitable for use with the limited processing
power available due to the small size of a hearing aid (Maxwell and Zurek, 1995; Kates,
1999; Greenberg er al., 2000). The LMS algorithm has no prior knowledge of likely changes

in the feedback path. Such an approach may perform poorly in the presence of music or



sinusoidal input signals, with a tendency to cancel the input signal, treating it as “howling”
(Kates, 1999; Greenberg at ak., 2000; Hellgren, 2002). The estimate of the feedback path may
also be biased, leading to insufficient cancellation of the feedback signal and the introduction
of unwanted artefacts (Kates, 1999). Also, the convergence speed of the algorithm may not

be sufficient to track and cancel fast changes in the feedback path.

This thesis presents a feasibility study for a novel method of adaptive feedback cancellation
that adapts values of physical parameters in a model of the hearing aid system instead of
adapting filter coefficients. The limited number of parameters gives a low order algorithm,
which could potentially result in fast convergence. Additionally, such an algorithm has the
potential to be more robust to changes in the feedback path (Rafaely and Roccasalva-Firenze,
2000), since the parameter values are well-defined, conforming to possible physical
situations such as movement of the jaw or the presence of an obstruction near the ear.
Furthermore, the parameters are typically independent of the input signal and of each other,

so the algorithm is less likely to suffer from bias or to cancel the input signal.

A computer model of an in situ in-the-ear hearing aid system is used in the parametric
adaptive algorithm, based on previous models used in the design and study of hearing aid
systems (Bade et al., 1984; Kates, 1988a, 1988b, 1990, 1991; Egolf et al., 1989). The ability
of the model to fit measured feedback path data for human subjects is investigated before the

derivation and testing of the adaptive algorithm.

Aims

This project aims to develop and study a novel adaptive algorithm for feedback cancellation
in hearing aids, adapting physical parameters within a computer model of the hearing aid
system. It is intended that this will potentially improve performance over current FIR filter-

based systems. The thesis presents the development of the parametric adaptive algorithm and

an initial feasibility study using computer simulations.

Contributions

1. Development and experimental verification of a computer model of an in situ in-the-ear
hearing aid system integrating the MATLAB and PSpice software packages

Computer models have been used extensively in the design and study of hearing aid systems.
The model developed here used a novel combination of electrical transducer analogues
implemented in the PSpice software package with analytic expressions for the parts of the

system represented by cylindrical tubes and mean measured data for the human middle ear



impedance implemented in MATLAB. The computer model was used to demonstrate the
effects on the feedback path response of changing the physical parameters in the hearing aid

system, and was verified experimentally with measured feedback path data.

The feedback path may undergo many variations in any given timeframe due to changes in
the physical parameters, such as jaw movements or the presence of an obstruction near the
ear. The model was extended to include such variations, aiding understanding of the

relationship between physical changes in the hearing aid system and changes in the feedback

path response.

2. Derivation, verification and analysis of a simplified analytic expression for the feedback
path in hearing aids

The model described above was in two-port network form. An analytic expression for the
feedback path response was obtained by multiplication of the two-port matrices. This
expression was then simplified without significant loss of accuracy. The simplified
expression was more computationally efficient, reducing the running time of simulations.
This is important when the analytic expression is used in feedback cancellation studies as the
algorithm must eventually operate in real time. This new result facilitates analysis of the

feedback path and its variability and control.

The analytic model was verified experimentally and shown to give results comparable with
the two-port matrix model. The simplified expression was shown to be valid and could be

used as the basis for a novel adaptive feedback cancellation system as presented in this thesis.

The derivation was performed of a set of analytic expressions for the gradient of the error
surface obtained when the model is used for the identification of the feedback path. These
expressions were intended for use in a frequency domain parametric adaptive feedback

cancellation algorithm suggested in this thesis as a topic for future work.

3. Development and study of a new parametric adaptive algorithm for feedback
cancellation in hearing aids

The analytic expression was used in a novel approach to feedback cancellation. An adaptive
algorithm was developed, based on the method of steepest descent and updating estimated
values of the physical parameters within the model rather than updating filter weights. This
approach is new and presents an interesting alternative to conventional methods of feedback

cancellation such as the Least Mean Square algorithm.



The performance of the parametric adaptive algorithm has been evaluated with both modelled
and measured feedback path data with white noise and speech-shaped noise input signals.
The effect on performance of changing the number of parameters varied by the algorithm has
also been investigated. The performance of the parametric adaptive algorithm has been
compared with that of the Normalised Least Mean Square algorithm to allow reference to an

accepted method of feedback cancellation.

Publications
The following papers relating to the project were published:

1. Rafaely, B., Hayes, J.L., “On the modeling of the vent path in hearing aid systems”,
J. Acoust. Soc. Am., Vol. 109, No. 4, April 2001, pp. 1747-1749.

This paper compared two configurations for integrating the forward and feedback paths

through the vent of a hearing aid and proposed the preferred configuration. The

contribution related to this thesis was an understanding of the construction of the
hearing aid system.

2. Hayes, J.L., Rafaely, B., “Parametric Adaptation Algorithm for Feedback
Cancellation”, ISVR Technical Memorandum No. 871, Institute of Sound and
Vibration Research, University of Southampton, October 2001.

This technical memorandum presented the parametric adaptive algorithm for the first

time in a basic form with a single varying parameter, using examples similar to those

presented in this thesis.

3. Rafaely, B., Shusina, N.A., Hayes, J.L., “Robust compensation with adaptive
feedback cancellation in hearing aids”, Speech Comm., Vol. 39, January 2003, pp.
163-170. ‘

This paper presented the formulation of a robust hearing aid system with guaranteed

closed-loop stability that was free from howling. The paper used the model of the hearing

aid system presented in this thesis.

Conference presentations
1. Hayes, J.L., Rafaely, B., “Modelling the feedback path in hearing aids”, British
Society of Audiology Annual Conference 2001, 6 September 2001, Winchester,
UK.
This presentation suggested adapting physical parameters in the hearing aid system to

give faster, more robust cancellation of the feedback path, and presented a single

parameter example.



2. Hayes, J.L. and Rafaely, B., "Physical modeling of the feedback path in hearing aids
with application to adaptive feedback cancellation,” J. Acoust. Soc. Am., Vol. 111,
No.5, Part 2, 2002, p. 2380 (a), presented at the 143 Meeting of the Acoustical
Society of America, Pittsburgh, PA, USA.

This presentation suggested that use of a physical model in feedback cancellation might

improve the accuracy of the feedback estimate. The parametric adaptive algorithm was

presented and the result of a simulation with two varying parameters was compared with

that of the NLMS algorithm with a 256-tap FIR filter.

Overview of thesis

Chapter 1 is a review of the literature in relevant fields. After this, the thesis can be
considered as consisting of three main sections. The first section (Chapters 2 — 3) covers the
development of a computer model of the measurable feedback path from the receiver input to
the microphone output. Chapter 2 describes the components of the two-port network model,
providing details of the derivation of the two-port network parameters. Chapter 3 presents the
verification of the model through computer simulations of simple transducer-tube systems
and the entire feedback path with slit leakage around the earmould and an obstruction in the

external acoustic feedback path.

The second section (Chapters 4 — 6) covers the development of a simplified analytic model of
the feedback path. The derivation and verification of an analytic expression for the feedback
path are given in Chapter 4. Numerical optimisation techniques are used to fit the model to
measured feedback path responses in Chapter 5 and the analytic expression is used in the

investigation of the error surface of the feedback path in Chapter 6.

The third section of the thesis (Chapters 7 — 9) covers the development of the novel
parametric adaptive algorithm for feedback cancellation. The theory of the parametric
adaptive algorithm is presented in Chapter 7. Chapters 8 and 9 present simulation studies
evaluating the performance of the parametric adaptive algorithm compared to that of the

NLMS algorithm with modelled and measured feedback path data, respectively.

Chapter 10 presents the conclusions drawn from this project and discusses future

development of the PAA for use in real life hearing aid systems. Chapter 11 lists the cited

references.



1 Review

1.1 Introduction

This chapter presents a brief examination of the anatomy and physiology of the human ear to
provide a basic knowledge of its workings and to familiarise the reader with the anatomical
terms referred to in the thesis. This is followed by a discussion of hearing aids and two of the
main problems which afflict hearing aid users: the occlusion effect and feedback. This
project is concerned with the cancellation of feedback to provide greater usable hearing aid
gain before instability occurs. Methods of feedback cancellation are therefore discussed, as

are commonly used adaptive algorithms.

1.2 Anatomy and physiology of the human ear

The parametric method of adaptive feedback cancellation developed in this thesis is based on
a computer model of an in sifu in-the-ear hearing aid system, comprising the electrical
hearing aid transducers, the external acoustic feedback path through which amplified sound
travels from the ear canal to the hearing aid microphone, and the human ear itself. The ear
consists of three main sections: the outer, middle and inner ear. This section describes the

parts of the human ear included in the model presented in Chapter 2.

A cross-section of the human ear is shown in Figure 1.1 (Gelfand, 1998). This report is
concerned mainly with the outer ear, i.e. from the pinna and ear canal to the eardrum, which
separates the outer and middle ear. The middle ear contains the small bones known as the
ossicles (stapes, incus and malleus), with the associated tendons, ligaments and muscles, and
the Eustachian tube, which equalises the pressure in the middle ear with external atmospheric
pressure. The inner ear, beginning at the oval window, includes the cochlea and semicircular

canals. The latter are organs of balance rather than of hearing. The auditory nerve connects

the ear to the brainstem.
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Figure 1.1: Cross-section of the human ear (based on Gelfand, 1998)

The pinna is the external part of the ear, composed of flexible skin-covered cartilage. Sound
sources at different positions interact with the ridges and hollows of the pinna to produce
different resonances and reflections which are important for the localisation of sound. Also,
filtering by the pinna contributes greatly to externalising sound, i.e. perceiving the location of

sound outside the head (Agnew, 1994).

The outer third of the external auditory meatus or ear canal is cartilaginous, while the inner
two-thirds are osseous (bony) (Alvord and Farmer, 1997; Gelfand, 1998). The cartilaginous
part is an extension of the pinna. The osseous part is formed by portions of the temporal bone
of the skull (Alvord and Farmer, 1997). The ear canal is not a straight, regular cylinder;
rather it is somewhat “S-shaped” with a varying diameter and a non-circular cross-section
(Gelfand, 1988). The “twisting” of the ear canal becomes more marked with age (Alvord and
Farmer, 1997). In most subjects, the cross-sectional area is greater at the first bend in the ear

canal than at the second (Alvord and Farmer, 1997). The skin lining the ear canal contains



ceruminous (wax) glands and sebaceous (oil) glands. This is to lubricate the ear canal and
remove debris and foreign objects (Gelfand, 1998). However, a large build-up of wax may

cause acoustic feedback for hearing aid users (Madell and Gendel, 1984).

The tympanic membrane (eardrum) is an concave elliptical translucent membrane,
approximately 10 mm high and 8 mm wide, set at an angle of about 40° to the ear canal, with

the upper part closer to the outer ear than the lower part (Alvord and Farmer, 1997; Gelfand,
1998).

The impedance of the middle ear, also referred to as the eardrum impedance in some papers
(Egolf et al., 1989), is an important part of the hearing aid system, and can be represented by
an electrical analogue, as shown in Chapter 2. An increase in the middle ear impedance
reduces the effective volume of the ear canal, increasing the sound pressure level (SPL) at the

eardrum. A schematic diagram of the middle ear is shown in Figure 1.2.

. Ligaments
Pneumatic cells =

Malleo-incudal joint

Epitympanum Incus

Stapes

Malleus N » \_____
5 s Oval window

Tensor tympani

Incudo-stapedial joint
Ear canal

Tympanic cavity
Eardrum

Figure 1.2: Schematic diagram of the human middle ear (based on Zwislocki, 1962)

The eardrum forms the outer part of the middle ear (Zwislocki, 1962). It is connected to the
chain of ossicles: the malleus (hammer), incus (anvil) and stapes (stirrup), the small bones
which act to transform the impedance at the eardrum to the impedance at the inner ear.
Although the coupling between the eardrum and malleus is close, not all of the acoustic
energy received by the eardrum is transmitted to the ossicles. Further losses occur in the
ossicular joints. Some frictional resistance is introduced by the eardrum, the ligaments and

muscles of the middle ear, and the elastic properties of the round window membrane. The



input impedance of the cochlea is the main resistive component. The motion of the eardrum
is transmitted to the air-filled cavities of the middle ear as well as to the ossicles, and

consequently these cavities contribute to the acoustic characteristics of the middle ear

(Zwislocki, 1962).

There are middle ear pathologies which may have a significant impact on the middle ear
impedance. The effect of otosclerosis is to immobilise the stapes in the oval window, causing
the cochlea to become disconnected from the rest of the middle ear. This increases the middle
ear impedance. A discontinuity between the malleus and stapes as a result of a surgical

procedure to remove the incus results in lower than normal middle ear impedance (Zwislocki,

1962).

1.3 Hearing aids, the occlusion effect and feedback

A hearing aid is a device used to compensate for impaired hearing by amplifying sound.
Much research has been conducted to improve the performance of hearing aids to increase
the benefit to the user; this is the ultimate aim of this work. Earmoulds are used to connect
the hearing aid to the ear. Blocking the ear canal in this way causes the user to hear their own
voice through bone conduction more than through transmission by air, causing it to sound
muffled; this is known as the occlusion effect (Killion et al., 1988). A build-up of pressure
may also result. These problems may be alleviated by the use of a tube through the earmould,
known as the vent. However, amplified sound may leak back to the hearing aid microphone
and be amplified further, driving the system into instability and leading to oscillation (a high
pitched whistling). This is acoustic feedback, a major problem for hearing aid users. The
main aim of this work is to develop a novel method of feedback cancellation, thus allowing
higher gain to be used before the onset of oscillation. This section discusses the production of

acoustic feedback as a result of venting to reduce the occlusion effect.

A hearing aid should provide the desired gain throughout the entire frequency range of
interest and compensate for the loss of the combined resonance due to the ear canal, pinna
and head which is obtained when the ear canal is unblocked (Staab and Lybarger, 1994). A
typical aid will consist of a microphone, an amplifier, a certain amount of electronic
processing (e.g. to shape the desired frequency response to the subject’s requirements), and a

receiver (hearing aid loudspeaker).

There are several types of hearing aid available at the time of writing: behind-the-ear (BTE)

aids, in-the-ear (ITE) aids, in-the-ear-canal or in-the-canal (ITEC or ITC) aids and



completely-in-the-canal (CIC) aids. Body-worn and eyeglass hearing aids (in which the aid is

incorporated into spectacles) are less common nowadays. An ITE aid is considered

throughout this thesis.

There are several types of ITE aid, classified according to their size and position within the
concha (the hollow in the pinna around the entrance to the ear canal). Full concha aids are the
most common (Figure 1.3). They offer greater space in which to house components, and
filling the concha reduces the probability of acoustic feedback since the aid fits snugly into
the contours of the outer ear, reducing sound leakage. Smaller aids are more discreet, but
have less space for electroacoustic components. Reduced component space limits the
complexity of the circuitry and the power of the aid, which is related to battery size (Agnew,
1994). As technology advances, smaller high power aids will be possible as batteries

decrease in size. In 1997, ITE aids made up approximately 85% of the market (Stuart ez al.,

1999).

Figure 1.3: In situ full concha ITE hearing aid

ITE devices are either “custom” aids, with the electroacoustic components built into a plastic
shell made from an impression of the user’s ear (as in Figure 1.3), or “modular” aids, in
which a standard casing slots into an custom-made earmould (Staab and Lybarger, 1994).
Henceforth, the term “earmould” will also include the shell of a custom aid. The acoustics of

the earmould are an important part of the hearing aid system (Valente ez al., 1996).

The purpose of an earmould (Staab and Lybarger, 1994; Valente et al., 1996) is to:
1. direct sound from the receiver to the ear canal efficiently

2. provide an adequate acoustic seal between the hearing aid and the ear

3. make the hearing aid comfortable to wear for prolonged periods

4. prevent feedback
3

. minimise any sensation of blockage (the occlusion effect).
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Earmoulds should be comfortable, non-allergenic and cosmetically acceptable to the user
(Staab and Lybarger, 1994). The patient should be able to insert and remove the earmould by
themselves (Roesel, 1994; Valente et al., 1996). The earmould should not injure the ear, and

should be hygienic and accurately-fitting.

In general, there are three types of earmould: closed, vented and open, which is essentially an
earmould with a large vent, held in place only by the outer rim (Leavitt, 1986; Valente et al.,
1996). Open earmoulds are not used with ITE aids, for obvious reasons. The more powerful
the aid, the more difficult it is to make an earmould that is entirely free of feedback (Madell
and Gendel, 1984). The fit of the earmould should be tight enough to retain the mould within
the ear without causing discomfort (Madell and Gendel, 1984). A good acoustic seal reduces

the likelihood of feedback (MacKenzie erf al., 1989).

The impression of the ear from which the earmould is cast should be a true representation of
the outer ear. Any deviations from the shape of the ear may result in greater sound leakage
around the mould, causing acoustic feedback. The probability of feedback occurring may be
reduced if the patient is asked to move the jaw while the impression material is setting, e.g.
by talking, chewing, smiling, turning the head, etc. (Valente ez al., 1996). This may allow the
impression to account for the way the shape of the ear canal changes with time. The length of
the earmould tip will affect the residual volume of the ear canal and hence the amplitude of

the SPL in the ear canal. The smaller the residual volume, the greater the sound pressure level

(Lybarger, 1979).

When the earmould is in place, the voice of a hearing aid user reaches their own ear canal

through four paths (Schweitzer and Smith 1992; Gelfand, 1998):

1. vibration of the cartilaginous portion of the ear canal and the pinna (which is also
cartilaginous)

2. vibration of the skull, radiating sound energy into the ear canal through the ear canal walls
and stimulating the eardrum and inner ear in the same way as airborne sound (this is
known as osseotympanic bone conduction)

3. acoustic transmission through the earmould vent

4. acoustic transmission through the hearing aid itself, i.e. the amplified path.
In addition, the vent transmits sound in opposite directions simultaneously (Dillon, 1991;

Valente et al., 1996). It is not easy to separate these components of the sound by analysis.

The interaction in the ear canal between the aid-transmitted sound and the vent-transmitted
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sound depends on the amplitude and phase of the signals, and on the frequency responses of

the hearing aid, the vent and the subject’s ear (Tecca, 1992).

The jawbone is hinged exactly at the ear canal, and forms part of the canal walls (the bony, or
osseous, inner part of the ear canal) (Westermann, 1987). When the cartilaginous part of the
ear canal is blocked (occluded) so that sound cannot escape from the canal, the subject’s own
voice is amplified at low frequencies as the vibration caused by vocalisation is transmitted to
the ear canal either through bone or cartilage. This causes the subject to perceive an
“unnatural” quality to their voice, which is termed the occlusion effect (Killion et al., 1988),
since it results from occluding the ear canal (Agnew, 1994). Many hearing aid users describe
their voice sounding as if it is “in the bottom of a barrel” (Westermann, 1987; Revit, 1992).
They perceive their voice to have shifted from the larynx or mouth to the external ear
(Schweitzer and Smith, 1992). This is referred to as “lateralisation” (Northern et al., 1991).
They may also hear their own pulse, breathing, and other body sounds (Wimmer, 1986). The
effect does not occur when the ear canal is unblocked since the open ear canal acts as a high-
pass filter, removing the low frequency sound. Sound will always take the path of least
resistance; in the unoccluded case, this will be out of the ear canal into the free field. In the

occluded case, sound will travel to the eardrum (Staab and Finlay, 1991).

Obijective measurements of the occlusion effect found that the SPL in the occluded ear canal
could be more than 20 dB greater for low frequencies (i.e. vowel sounds) than that in the
unoccluded ear canal (Macrae, 1980; Wimmer, 1986; Westermann, 1987; Revit, 1992). A 10
dB increase is equivalent to an approximate doubling of perceived loudness (Revit, 1992), so
the occlusion effect can make sound seem four times as loud with the ear occluded by the
hearing aid. The maximum occlusion effect occurs usually in the region of 250 Hz (Killion et

al., 1988), although it can be in the range of 500 Hz (Revit, 1992).

As well as suffering from occlusion, hearing aid users may find that the presence of the
earmould or shell causes discomfort through a build-up of pressure in the ear canal,
perspiration and itching (MacKenzie et al., 1989). These symptoms may be relieved through
the use of a pressure vent (Staab and Lybarger, 1994). These vents have a typical diameter of
0.64 - 1 mm. For a medium length earmould tip (about 16.6 mm (Lybarger, 1980)), the use of
a pressure vent does not have a significant effect on the acoustic signal of an unvented aid,

although it is possible that a slight reduction of usable gain will result (Gatehouse, 1989).
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A vent is a tube through the earmould or shell connecting the ear canal with the outside

sound field. This has several purposes (Staab and Lybarger, 1994; Valente et al., 1996):

1. static pressure equalisation between pressure in the ear canal and outside the ear

2. reduction or elimination of the occlusion effect

3. modification of the low frequency response using resonance due to the Helmholtz cavity
formed by the vent and ear canal, which can be controlled by the dimensions of the vent

4. to allow unamplified signals to reach the ear canal directly

5. ventilation to reduce the build-up of moisture in the ear canal

6. to provide better perceived sound quality and subjective impression of speech
intelligibility than that experienced with a closed earmould due to the occlusion effect

7. medical reasons (such as alleviation of chronic middle ear conditions) (MacKenzie et al.,

1989).

Vents can be parallel or diagonal, i.e. either parallel to the tube connecting the receiver
output to the ear canal (the receiver tube) or intersecting the receiver tube at a point between
the two ends of the tube (Figure 1.4) (Valente et al., 1996). Diagonal venting reduces the
amount of gain available at high frequencies which is required for many hearing aid users
with high-frequency hearing loss (Valente ez al., 1996). As a result of this, parallel venting is
preferred in general to diagonal venting, which often is used only if the ear canal is too small

to use a parallel vent. It should be noted that the computer model described in Chapter 2 uses

a parallel vent; this is the simpler case to model.

T BEE

a) b)
Figure 1.4: Simplified diagram of an ITE hearing aid showing a) parallel venting; b)

diagonal venting

The dimensions of the vent affect the frequency response of the hearing aid (Kates, 1938b),
causing significant changes from the desired response due to the resonances and

antiresonances of the vent and of the Helmholtz resonator formed by the vent and ear canal
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(Agnew, 1994; Valente et al., 1996). The amplitude of the high frequency response of the
feedback path increases as the tubing diameter increases (Kates, 1991) and venting lowers the
gain at which acoustic feedback may occur (Gatehouse, 1989). The vent behaves as an
acoustic mass which increases in impedance as its diameter decreases (Leavitt, 1986). This
means that low frequency sound can escape through the vent more easily than high
frequencies, i.e. the vent acts as a low-pass filter for sound travelling from the ear canal to the
external sound field. The size of the vent determines the magnitude of this filtering effect.
Vents with short length or large diameter have lower impedance and allow more low
frequency sound to pass out into the free field (Leavitt, 1986; Hellgren et al., 1999b). The
occlusion effect can be reduced by reducing the input impedance of the earmould vent. This
can be done by increasing its diameter or decreasing its length (Hellgren et al., 1999b). The
drawback is that this will increase the probability that acoustic feedback will occur. A
balance between feedback and occlusion must be reached. In general, feedback is a problem
at high frequencies, whereas the occlusion effect is greatest at low frequencies. To improve
the hearing aid’s performance with respect to both these problems, the vent input impedance
would have to be high at high frequencies to reduce the likelihood of feedback and low at low

frequencies to reduce the occlusion effect (Hellgren ez al., 1999b).

Changes in the physical configuration of the hearing aid can be used to reduce acoustic
feedback, though the effects of these changes are limited. Although acoustic damping could
be added to hearing aid tubing to smooth peaks in the real ear response of the hearing aid
(Kates, 1999), in general this is not possible for ITE aids (Staab and Lybarger, 1994).
Reducing the distance between the output of the receiver tube and the eardrum has been

found to reduce reflections and produce a smoother response (Staab and Lybarger, 1994;

Valente et al., 1996).

Although it is desirable for the earmould to fit the ear as well as possible, unintentional slit
leaks around the earmould often occur, typically equivalent to a vent 1.4 mm in diameter and
22 mm in length (Johansen, 1975). The effect of this leakage on the feedback path response is
significant for vented aids compared to the response obtained with a tightly sealed earmould
(Tecca, 1991). The SPL in the ear canal and the magnitude of the vent-associated Helmholtz
resonance are reduced as the size of the leak increases (Leavitt, 1986). The magnitude of the
vent-associated resonance for a deliberately vented earmould is not noticeably affected by
sealing around the mould to minimise unintentional leakage. However, the presence of the
leakage shifts the resonance peaks to higher frequencies. This effect is more noticeable for

earmoulds with intentional vents of less than 3 mm diameter (Tecca, 1991). A large leak
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caused by the user fitting the aid poorly can result in acoustic feedback (MacKenzie et al.,
1989). Some degree of venting is necessary to improve comfort, e.g. by relieving pressure in
the ear canal, or to reduce the occlusion effect. The effects of vent size on the feedback path

will be investigated with the computer model described in Chapter 2.

Often, it is not possible to easily determine the cause of feedback (Madell and Gendel, 1984).
Apart from the effect of deliberate venting, common causes are:
1. an imperfect seal around the earmould
2. radiation of sound through the walls of the earmould tubing
3. internal feedback (electrical and mechanical) within the aid itself
4. the effect of excess cerumen (ear wax) within the ear canal or fluid in the middle ear
on the behaviour of the aid response

5. acombination of any of these.

The factors which cause acoustic feedback affect the in situ hearing aid response for a gain
setting below that which results in audible whistling (Cox, 1982). This suboscillatory
feedback often affects the response of the hearing aid in the form of large peaks or
undesirable transient distortions in the frequency response (Schweitzer and Smith, 1992).

This can cause the user to complain of “ringing” or “echoing” qualities to perceived signals

such as speech.

Although there are several other types of feedback present in the hearing aid system, e.g.
mechanical and electrical, the best approach is to minimise paths of airborne sound
transmission between the ear canal and the external sound field, since acoustic feedback is

the most significant and the easiest type of feedback to deal with (Macrae, 1991).

1.4 Methods of feedback cancellation

Feedback is a major problem for hearing aid users. Oscillation occurs when the open-loop
gain exceeds 0 dB and the phase is a multiple of 360° (Nyquist, 1932). The feedback signal
must be cancelled or reduced in order that higher gains can be used before feedback or
suboscillatory feedback occurs. Various methods of feedback cancellation have been
developed, with adaptive methods being the most popular. A new method of adaptive
feedback cancellation is developed in this thesis which uses a different approach to the

conventional methods summarised in this section.
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The simplest way to avoid oscillation is to reduce the gain of the hearing aid, thus reducing
the open-loop gain so that the —aid remains in stable operation. However, this compromises the
effectiveness of the device and the user does not get the full benefit (Egolf, 1982). If the gain
used in normal operation brings the system close to instability, it can be inferred that the user
requires a higher gain than the aid can provide (Maxwell and Zurek, 1995). A variation of
this approach is to reduce the gain only in the frequency sub-band at which instability occurs,
but this degrades the effectiveness of the aid at that frequency and may lose information from

the desired signal in that sub-band.

A more sophisticated alternative to gain reduction is the use of an adaptive notch filter to
track and remove the high amplitude peak characteristic of feedback (Egolf, 1982;
Bustamante ef al., 1989; Agnew, 1993; Maxwell and Zurek, 1995). However, the notch filter
will remove desired information at the notch frequency as well as the feedback signal,
causing distortion of the desired signal. It cannot strictly be classed as a method of feedback
cancellation since it is merely a modification of the forward path through the hearing aid so
that it is stable in conjunction with the feedback path (Maxwell and Zurek, 1995). In general,
it is preferable to cancel the entire feedback signal rather than attempt to remove the tonal
components of acoustic feedback; it is possible that some desired signals, such as alarm

signals, will be tonal and should not be cancelled (Kates, 1991).

Other approaches to feedback control modify the output signal by such methods as frequency
shifting, phase shifting and modulation of the frequency of the output signal about the
frequency of the input signal (Egolf, 1982; Joson et al., 1993). These methods were intended
to maintain stability according to Nyquist’s stability criterion (Nyquist, 1932), but were
found to degrade the desired signal by introducing beating or ringing effects and to reduce

the intelligibility of speech signals, all of which would be annoying to the hearing aid user.

Most current methods of feedback cancellation use adaptive filtering. Adaptive algorithms
are used to maintain good performance when changes occur in a system. In the context of
feedback control, adaptive filters are used to track changes in the feedback path and cancel
the feedback signal. At high gains, the stability of the hearing aid system requires close
agreement between the response of the actual feedback path and the adaptive filter, as
oscillation is more likely to occur at such gain levels. At lower gains, the agreement can be
poorer without oscillation occurring (Kates, 1999). However, feedback is a problem for many
hearing aid users with severe hearing loss who require high gains, so it is important for the

adaptive filter to be designed to be in good agreement with the actual feedback path. An
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adaptive feedback cancellation system should increase the usable gain of the hearing aid
while preserving speech intelligibility and the subject’s awareness of the acoustic
environment (Kates, 1991). The algorithm must improve stability while not corrupting the
desired signal, i.e. the quality of the output signal reaching the ear must be considered as well
as increasing the stable gain of the hearing aid. A practical system for general use should
work with any type of hearing aid for any real ear and should be computationally efficient so

that it can be implemented on a DSP chip within the aid and work in real time.

Adaptive feedback cancellation systems estimate the feedback signal by filtering the output
of the hearing aid with a model of the transfer function of the acoustic feedback path. The
estimated signal is then subtracted from the hearing aid input signal (Maxwell and Zurek,
1995) (Figure 1.5). The aim of the feedback cancellation algorithm is usually the
minimisation of the error signal, defined as the difference between the desired signal, i.e. the
actual feedback signal, and the estimated feedback signal. A good estimate will cancel the

effects of the feedback signal, leaving the amplified desired input signal only.

feedback path <

forward path B

ad

adaptive feedback path model
-

Figure 1.5: Schematic diagram of a hearing aid with adaptive feedback cancellation

Adaptation must be able to take place in the presence of ambient signals since the user will
rarely be in a completely quiet acoustic environment (Maxwell and Zurek, 1995). The
presence of ambient stimuli at the hearing aid microphone as well as the feedback signal can
degrade the performance of adaptive feedback cancellation systems. This can be considered
as the interference of uncorrelated signals with the adaptation process, resulting in
fluctuations in the filter weights around the optimal values, i.e. misadjustment (Maxwell and
Zurek, 1995). The performance of adaptive feedback cancellation may be degraded if the
desired input signal is sinusoidal, as the adaptive system may track and cancel the input

signal rather than the feedback path (Kates, 1991). Also, some changes in the feedback path
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can be very fast and the adaptive feedback cancellation algorithm may not converge quickly

enough to cancel these changes.

There are two main types of adaptive cancellation methods: continuous and non-continuous
adaptation. Non-continuous adaptive feedback cancellation systems break the signal path (i.e.
suspend the normal operation of the hearing aid) when a certain condition is met, usually the
detection of strong oscillation or, additionally, a period of quiet in which interruption of the
feedback path would not affect the intelligibility of the desired input signal (Kates, 1991;
Maxwell and Zurek, 1995; Greenberg et al., 2000). A broadband noise probe is passed
through the system and the filter coefficients are adapted to give an estimate of the feedback
path. On completion of the adaptation, the hearing aid resumes its normal processing. The
probe noise may need to have a high level to allow accurate estimation of the feedback path,
so it must be of short duration if degradation of the ratio of the desired acoustic signal to the
probe noise signal (acoustic signal to noise ratio (SNR)) is to be avoided. Shaping the probe
noise to parallel the absolute threshold of each ear, using psychoacoustic effects such as
masking, may be beneficial in maintaining a good acoustic SNR (Greenberg et al., 2000;
Hellgren, 2002). Non-continuous adaptation has the advantage of interrupting the feedback
loop at the onset of oscillation (Maxwell and Zurek, 1995), eliminating oscillation at
maximum gain and improving the acoustic SNR during estimation (Kates, 1991). However,
changes may occur in the feedback path which degrade the output signal without being

detected by the adaptive feedback cancellation system, e.g. suboscillatory feedback (Cox,

1982).

Since many hearing impaired people have difficulty understanding speech in the presence of
background noise, quiet-period adaptation would be of little use in the acoustic environments
in which the user requires most assistance. Higher amplitude probe noise would be required
in the presence of background noise and this would degrade the acoustic SNR. Informal
studies indicated that subjects found probe noise annoying and the interruptions of the input
signal had an adverse effect on speech intelligibility (Greenberg er al., 2000). Feedback
detection could be suspended for a short period of time after updating the filter coefficients
so that the input signal would not be repeatedly interrupted, for example if the input signal
were a sinusoid (Kates, 1991). However, this could result in instability occurring while the

adaptation was suspended.

Continuous adaptation systems adjust the adaptive filter weights continually, simultaneously

processing the input signal (Bustamante et al., 1989; Engebretson ez al., 1990; Dyrlund and
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Bisgaard, 1991; Bisgaard, 1993; French-St. George ef al., 1993; Maxwell and Zurek, 1995).
This method has the advantage of accounting for small changes in the feedback path that
affect the desired signal adversely without causing instability, i.e. suboscillatory feedback
(Kates, 1991), and does not interrupt the desired input signal. Probe noise may or may not be
used to determine the response of the feedback path (Bustamante ez al., 1989; Engebretson et
al., 1990; Dyrlund and Bisgaard, 1991). A reference path delay is used frequently to
compensate for the delay associated with the feedback path (Maxwell and Zurek, 1995).

Continuous adaptation may be unable to reduce the correlation between the error signal and
the input signal (Greenberg et al., 2000), leading to bias in the filter estimate (Kates, 1999).
With a short filter length, correlation inherent in a sinusoidal ambient signal (e.g. an alarm
signal or tonal signals in music) cannot be reduced. Increasing the filter length causes the
algorithm to reduce the error signal by cancelling the sinusoid. A delay can be inserted into
the system to decorrelate the component of the desired signal in the error signal from the
input signal to the adaptive filter (Bustamante er al., 1989; Kates, 1999; Greenberg ef al.,
2000). Care must be taken to ensure that the delay is not so long that it has an adverse effect
on perception of the desired signal. If the delays are not chosen carefully, the adaptive filter
is unable to model the feedback path sufficiently to reduce the correlation and the hearing aid
system becomes unstable. The choice of delays is also important in non-continuous
adaptation, but instability does not occur as a result of a poor choice of delays with that
method (Greenberg et al., 2000). Bias can also be due to an error in the estimate of the input
signal used in the calculation of the estimated feedback path (Hellgren and Forsell, 2001).
Continuous adaptation with a sinusoidal input signal can lead to unwanted artefacts as well as
undesired cancellation of the input signal. One method to prevent this is the constraint of the
adaptive filter weights so that they do not deviate excessively from a reference set of weights
obtained by measuring the feedback path with a broadband noise probe in optimum

conditions (i.e. in the absence of ambient noise) (Kates, 1999).

A closed-loop feedback path could be modelled by an infinite impulse response (IIR) filter,
including the poles of the transfer functions of the receiver, the acoustic feedback path
through the vent and the microphone. However, even with a small step size, the adaptive
system could be unstable. Lattice structures could be used to ensure stability, but this would
require a great computational load (Kates, 1991), hence it is more efficient for a feedback
cancellation system to use a non-recursive filter. Again, the large computational loads
associated with adaptive lattice and delay line structures must be avoided (Kates, 1991), so

the Least Mean Square (LMS) algorithm (Widrow and Stearns, 1985), or one of its variants,
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is often preferred over more sophisticated algorithms to estimate the optimum set of filter
weights, based on the correlation between the error signal and the output of the hearing aid
system. It is computationally efficient and suitable for use in a hearing aid with limited

processing power (Kates, 1999).

Currently, the most popular method of adaptive feedback cancellation is the direct method,
i.e. continuous adaptation in closed loop, with no probe noise (Kates, 1999; Hellgren and
Forsell, 2001; Hellgren, 2002). The estimate of the feedback path is usually obtained with an
FIR filter using a variant of the LMS algorithm.

To summarise, the aim of feedback control in hearing aids is to remove the effects of acoustic
feedback while preserving the desired input signal (usually speech) without interference
effects, reduced intelligibility or loss of information (Kates, 1991, 1999). Several studies
have shown that it is preferable to do this without introducing excessive noise (e.g. probe
noise for determining the feedback path response) which the hearing aid users would find
irritating or an impairment of intelligibility (Kates, 1999; Greenberg ez al., 2000). A practical
system must operate in real time and be small enough to be implemented within the signal
processing of the device itself (Kates, 1991). Successful feedback reduction allows the use of
higher gains with an open vent, thus increasing audibility and intelligibility with a more
comfortable hearing aid fitting (Greenberg ez al., 2000). Note that not all subjects will receive
the same amount of benefit from a particular cancellation method, depending on the severity

of their hearing loss and other factors such as the transducers within the hearing aid

(Greenberg et al., 2000).

The method of adaptive feedback cancellation presented in this thesis differs from
conventional methods by using knowledge of the physical parameters in the hearing aid
system to produce a modelled feedback path from which the cancellation filter is formed.
Conventional methods have no prior knowledge of the factors affecting the feedback path and
simply act on the feedback signal. The work presented here is a feasibility study of the new

parametric adaptive algorithm

1.5 Adaptive filters

Adaptive filters are widely used in feedback cancellation, with many methods using variants
of the Least Mean Square (LMS) algorithm (Kates, 1999). The optimal filtering problem and
the LMS algorithm are summarised in this section. These topics are not discussed in detail

here since they are widely known. The reader is referred to Widrow and Stearns (1985) for
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further information throughout this section. The parametric adaptive algorithm developed in
this thesis is based on the method of steepest descent and its performance is compared with

that of the LMS algorithm in the feasibility study presented in Chapters 8 and 9.

Consider the system in Figure 1.6:

d(n)

<) I w y(n) e(n)

Figure 1.6: Optimal filtering configuration for an adaptive system

x(n) is the N x 1 vector of input signal. w is the N x 1 vector of filter coefficients, y(n) is the

filtered output signal, d(n) is the desired signal and e(n) is the error signal, where

e(n)=d(n)-y(n) (1.1)

The algorithm used to adjust the system parametérs needs a clear objective, which is usually
the minimisation of some cost function or error function, or the maximisation of some fitness
function. Plotting the cost function against the adapting parameters produces an error surface

or performance surface. This may have local minima as well as a global minimum.

A simple, widely used method of adapting parameters to reduce the cost function and travel

down the error surface towards the global minimum is the method of steepest descent or

gradient descent:

new parameter = old parameter - o (local gradient)

o is the convergence coefficient. The local gradient is defined as J(cost function) /

d(parameter) evaluated at the current parameter value.

For reliable convergence, o must be positive but not too large, and the error surface must be

unimodal or convex, i.e. must not have any local minima.

For the system in Figure 1.6 above, a suitable cost function to minimise would be the mean

square €rror:
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J=El* ()] ' (1.2)
e(n) is given by Equation (1.1).

The desired signal, d(n), may be used to train the filter, as in an identification application, or

may represent an unwanted signal to be cancelled, such as in a noise cancellation application.

For an FIR (finite impulse response) filter with all signals steady,
¥()=w"x(n)=x" (n)w (13)

So the error signal can be written as:
e(n)=d(n)-w'x(n)=d(n)-x" (n)w (1.4)

and

e*(n)= (d(n)— wa(n)Xd(n)— x’ (n)w)z wx(n)x" (n)w—2w"x(n )d(n)+d*(n) (1.5)

Taking the mean across all samples (the expectation value):

J =E[e2(n)l= w' Rw-2w'p+c (1.6)

R is the N x N matrix of autocorrelation functions of the input (reference) signals:

R = Ex(n )" (n)] (1.7)

p is the vector of cross-correlations between the reference and desired signals:
p = E[x(n)d(n)] (1.8)

The constant ¢ = E[d*(n)] is the value of J when w = 0.

The cost function J has quadratic dependence on the gain w. The variation of the cost
function with a single filter coefficient is a quadratic curve. With two coefficients, it is a
quadratic surface. Generalising further, with N coefficients, it is an N-dimensional surface in

(N+1)-dimensional space. The optimum value of w is found by calculating the gradient of J

with respect to w and setting it to zero, i.e. finding the minimum.

The filter minimising the mean square error {m.s.e.) must have
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Y foriz0 1. l-1 (1.9)

ow,

This optimum least squares solution is known as the Wiener filter.

The gradient vector, g, is defined as:

T
1.1
o= o/ oJ dJ — 2Rw-2p (1.10)
ow, ow, Ow,,

The Wiener filter is found by setting each element of g to zero, so that
2Rw,, -2p=0 (1.11)
Therefore
W =R7P (1.12)

The Wiener filter is the set of filter coefficients, w,,, giving the lowest m.s.e. at the minimum
of the error surface. This is the optimum least squares solution to the FIR filtering problem.
Many auto- and cross-correlation coefficients need to be calculated and an / x J matrix must

be inverted, so the Wiener filter is generally unsuitable for online calculation.

The Least Mean Square (LMS) algorithm (Widrow and Stearns, 1985) is a widely used
practical alternative to the Wiener filter. It is based on the method of steepest descent and
updates the estimated filter coefficients so that they converge towards the optimal solution.

The aim is that the m.s.e. should decrease after every iteration on average so that J — 0. The

filter coefficients are updated according to:
w(n+1)=w(n)+ae(n)x(n) (1.13)

where o is the convergence coefficient. A practical condition for convergence and stability

for a filter of length N is:
(1.14)

O<ax >
No

X
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The average convergence behaviour of the LMS algorithm is the same as that of the method
of steepest descent, i.e. its average gradient is the true gradient El[e(n)x(n)]. However, its

instantaneous value is noisy. The amount of noise can be reduced by using smaller ¢, but this
means the algorithm will not converge as quickly. If the input signal power, o;’, fluctuates,
the speed of convergence will fluctuate. If ;* is unknown, we cannot choose ¢ to ensure

stability.

The normalised LMS (NLMS) algorithm is used to circumvent these problems:

w(n+1)= w(n)+%;_e(n)x(n) : (1.15)

. . AT . . . th
0, is a new convergence coefficient. & is an estimate of the power of the signal at the n
iteration. The rectangular windowed estimate is widely used:

z ( )z_ ()X(n) (1.16)

22
O.Y

Therefore the normalised LMS algorithm can be written as:
e(n)x(n) (1.17)
X" (n )X( )+e

where L is incorporated into ¢, or it can be written as Equation (1.13) with

w(n+1)=w(n)+ ———o——

. W (1.18)
T k() e

€ is a small constant used to ensure that division by zero does not occur.

‘When 6';‘ is large, o is reduced; when OA'f is small, o is increased. Therefore the rate of

convergence is constant even when the input signal power is fluctuating.

1.6 Conclusions

The anatomy and physiology of the human ear have been discussed to provide an
understanding of terms used throughout this thesis. The problems associated with the use of
hearing aids have been examined. Acoustic feedback is one of the greatest problems; past and
current methods for feedback control in hearing aids have been presented, followed by a

summary of adaptive filtering methods used in common feedback cancellation algorithms.

24



2 Computer model of an in situ in-the-ear hearing aid system

2.1 Introduction

This chapter explores a typical in-the-ear hearing aid system. This system is used throughout
the thesis, so an understanding of it is essential. Mathematical models of each component of
the system are revised, followed by the development of a two-port network model of the
feedback path. This model forms the basis of the new parametric adaptive feedback

cancellation algorithm presented in this thesis.

Computer models have been used previously to investigate the behaviour of hearing aid
systems (Egolf, 1976; Bade et al., 1984; Kates, 1988a, 1988b, 1990; Egolf et al., 1989).
Some of this work examined the feedback behaviour of hearing aids (Egolf er al., 1989;
Kates, 1991). The main advantage of a comprehensive, validated model of the complete in
situ hearing aid system is that, unlike experimental work, it allows investigation of the effects

of specific aspects of the system on the feedback path while keeping all other parts constant.

The model can be used to determine which components of the hearing aid system are likely to
cause the greatest changes in the feedback path, and which of these changes are likely to
result in the system becoming unstable. In this thesis, the model is used to develop a method
of feedback cancellation which adapts physical parameters instead of filter coefficients to
model changes in the actual feedback path (see Chapters 7 — 9). Ultimately, it is intended that
this should result in faster adaptation and cancellation while remaining robust to changes in
the feedback path, i.e. remaining stable even if there are some small differences between the

model and the actual feedback path while the model is in the process of adapting to the

changes.

The model developed here combines the MATLAB and PSpice software packages.
MATLAB is a flexible mathematical and analytical tool, and PSpice is a powerful circuit
simulator used by the manufacturers of hearing aid transducers to model the components. The
program gives the user control over the transducers, tubing dimensions and impedances
within the model. The derivation of the model itself is not new, but this combination of

software packages is a novel approach.

2.2 The in situ in-the-ear hearing aid system
A typical full concha in-the-ear (ITE) hearing aid system on which the model is based is
shown in Figure 2.1. This is a simplified representation, excluding any digital processing that

may be included in commercial devices at the amplification stage.
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Figure 2.1: Schematic diagram of a typical in-the-ear hearing aid system

A block diagram of the system is shown in Figure 2.2, based on that presented by Egolf ef al.
(1989). Each block can be represented mathematically, except the incident path, which is not

examined here.

P Pm+ Pin Pr Pear

PF Pv
F [¢ T;

Figure 2.2: Block diagram of ITE hearing aid system shown in Figure 2.1

P is the sound pressure at a distant point in space. [ is the incident path transfer function
which transforms sound pressure at a distant point in space to sound pressure P, at the
microphone input. P,, is the sound pressure at the microphone input following summation of
pressures. M is the microphone transfer function. A is the amplifier transfer function. R is the
receiver (hearing aid loudspeaker) transfer function. P, is the sound pressure at the receiver
output. T; is the transfer function of the receiver tube. T is the transfer function of the ear
canal. P, is the sound pressure in the ear canal near the eardrum. T3 is the transfer function
of the earmould vent. Py is the sound pressure at the vent output. F is the transfer function of
the external acoustic feedback path from the vent exit to the microphone input. Pr is the
sound pressure at the microphone input due to the acoustic feedback path. All sound

pressures and impedances are complex.
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2.3 Two-port network theory

Each block in Figure 2.2 (apart from the incident path, /) is modelled in this thesis using two-
port network transfer functions. This section revises two-port network theory. A two-port
network, or fourpole, is a set of expressions linking the amplitudes of a wave process at the
input to a system to those at the output (Rschevkin, 1963). Two-port networks are used in
electrical and acoustic applications, and allow impedance loading between system
components to be accounted for (Egolf et al., 1989). Each part of the hearing aid can be
considered as a “black box”, a component for which only the input and output parameters are
known. Consider the electrical example (Attia, 1999), with input voltage and current V;, I; and

output voltage and current V,, I,. Note that current flowing our of the box is described as

positive, so [, is positive.

V,T " network

A

A 4
—_—
I\

Figure 2.3: Simple two-port network

The two-port network describing the “black box” is:

e oL

This gives the equations:

‘/i=AV0+BIO (22)

1,=CV,+DI, (2.3)

For a high load impedance, i.e. an open circuit at the output, I, is zero, which gives:

V,=AV, (2.4)

Ii =CV0 (25)

For a low load impedarce, i.e. a short circuit at the output, V, is zero, giving:

V,=BI, (2.6)
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Ii =Dlo (27)

Rearranging Equations (2.4) - (2.7), the two-port parameters for the “black box” are:

A (2.8)
Ve 1,=0
p=Vi (2.9)
olv,=0
I,
c=1o (2.10)
01],=
p=ti (2.11)
9 1V,=0

These equations can be applied to the microphone and receiver, and to the acoustic
components of the feedback path, such as the tubes, allowing derivation of their two-port
parameters. Sound pressure and volume velocity are analogous to voltage and current

respectively.

Two-port blocks of this form can be cascaded, i.e. connected in series. The two-port matrix

describing the entire system can be obtained by matrix multiplication of the component

blocks.

2.4 The open-loop transfer function and Nyquist’s stability theory

The likelihood of the hearing aid system becoming unstable is given by Nyquist’s stability
theory (Nyquist, 1932), which uses the open-loop transfer function (OLTF) of the feedback
path to determine the frequencies at which instability is most likely to occur. This section

presents this theory and describes the OLTF.

The in situ ITE hearing aid system can be represented as a two-port network, excluding the
incident path, /, and the summation of pressures from Figure 2.2. Figure 2.4 shows the

position of the cut in the feedback path used to obtain the OLTF. Figure 2.5 describes the
OLTF of the feedback path system. Note that the termination by an infinite impedance Z_
indicates that the path has been cut, i.e. an open circuit. u,;, is the input particle velocity and

ur is the output particle velocity; both are complex. Pr is the sound pressure at the output of
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the two-port network. Zr is the acoustic impedance of the middle ear, and Zy is the acoustic

impedance of the vent exit, i.e. the vent radiation impedance converted to an acoustic load

{see Section 2.6).

» P o+ P P, Peor
— 7 s M A > R =T [T >
7
S R Pr Py
/ F ¢ 75 [

feedback path cut here

Figure 2.4: Feedback path cut in the external acoustic feedback path to obtain the open-loop

transfer function

P,’n PF
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Figure 2.5: Two-port diagram of the open-loop transfer function of the hearing aid system

The load impedances Z; and Zy can be converted to two-port blocks (Figure 2.6). Each block

can be represented as a 2 x 2 matrix. The OLTF is found by multiplication of the matrices.

Pin PF

— A, BnHA, B. HA, B, HA By HA, B, HI OHAs Bs H1 0 HAr Br —

Uin Ur z

—CwDyHC, D, H C, D,HCy Dy HCy Dy H1/Zr 14 Cs D3 H 1/Zy 1HCr Dp

Figure 2.6: Two-port diagram of the OLTF with converted load impedances

The OLTF is a complex quantity with magnitude |G| and phase ZG (Egolf et al., 1989), such
that:
G =G| &“° (2.12)
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Nyquist’s stability theory (Nyquist, 1932) states that the open-loop system will be unstable if

the (-1, 0) point on the Nyquist plot is encircled. For most systems, instability will occur

when

20 logyo |G| 2 0 dB (2.13)
and

ZG=m360°, m=0,1,2,3, .. (2.14)

An unstable system is one for which a small input disturbance produces a non-decaying

response of infinite duration or level. This response may increase until it reaches the limit of

the amplifier (Nyquist, 1932).

The feedback path can be cut and opened out to give the OLTF in this way since the output
particle velocity ur is approximately zero before the path is cut. If we consider Figure 2.5, it
can be seen that both the input particle velocity u;, and the output particle velocity ur are
present at the microphone input. Miniature hearing aid microphones, such as the one

described below, draw little particle velocity from the surrounding sound field due to the

small diameter of the input port, so u;, = ur = 0 (Egolf ez al., 1988a).

2.5 The measurable feedback path

The OLTF described in Section 2.4 is given by the response of the ratio of the pressure at the
microphone input due to the feedback path to the pressure at the microphone input due to the
incident path. It is not easy to measure this, since both these pressures would occur
simultaneously at the same point in space and it would not be possible to separate them
(Egolf et al., 1989). Also, the small size of the microphone input port would mean that the
sound field would be disturbed by the introduction of a probe microphone. Therefore, another
method must be used. The feedback path can be cut electrically between the transducers and
measured directly with a spectrum analyser. Although this is not the true OLTF, if the model
predicts the measured feedback path response accurately, it can be used to simulate the actual
OLTF (Egolf et al., 1989). The parametric adaptive feedback cancellation method presented
later in this thesis uses this measurable feedback path. Figure 2.7 shows the electrically-cut

feedback path.
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Figure 2.7: Block diagram of the electrically-cut feedback path

The amplifier block, A, can be considered as a pre-amplifier, A,., in series with a power
amplifier, Apowe- The loop is cut between these, as shown in Figure 2.7. The pre-amplifier has
a low output impedance and the power amplifier has a high input impedance. Cutting the
loop in this way is equivalent to preceding the power amplifier with a voltage source and
terminating the path after the pre-amplifier with an infinite impedance load. The measurable
feedback path considered here omitted the hearing aid amplifier and any internal signal
processing for simplicity. Experimentally, the output of the spectrum analyser was connected
to the receiver input and the microphone output was connected to the input of the analyser.
The amplification within the analyser was therefore omitted from the model of the hearing

aid feedback path. The two-port network representation of the measurable feedback path is

shown in Figure 2.8.

Vi Vour
A, B, [TMA Bi{|A2 Bo [}l O[|As Bs {{1 O[1Ar Brl1An Bn
—> —
Ln L |Z.
Cr Dr N C1 D] - C2 D2 u 1/Z’]‘ 1 ] C3 D3 ] I/ZV 1 1 CF DF“ Cm Dm“—““—"

Figure 2.8: Two-port diagram of the measurable feedback path with converted load

impedances

The matrix describing the entire measurable feedback path is calculated by the multiplication

of all the component matrices at each frequency:

Alatal Btaml _ Ar Br Al B] AZ BZ 1 0 A3 B3 1 0 AF BF Am Bm (2 ]5)
Cou Dwal |C. D, |c, bp|C, DYz, 1|C, D,|Yz, 1|C, D.|C, D,|

to1al total

The voltage and current at the microphone output are related to those at the receiver input by:
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I:Vin :} — {Amml B total }[Vout ] ( 2.16 )
I in Ctotal D toral _| I out
The feedback path response is given at each frequency, f, by:

Vu(f)_ 1 (2.17)
‘/irz (f ) Atotal (f )

We shall consider the methods used to model each block before calculating the feedback path

response.

2.6 Components of the in situ in-the-ear hearing aid system

In this section, the two-port network parameters are derived for each of the components of
the hearing aid system: the receiver, the receiver tube, the ear canal, the middle ear
impedance, the vent, the vent acoustic impedance, the external acoustic feedback path and the
microphone. The theoretical aspect of the derivations is presented in this section; the
MATLAB implementation and experimental verification of the two-port network models of

the components are presented in Chapter 3.

Derivation of the transducer parameters using the two-load method

Egolf and Leonard (1977) developed a computer-aided experimental procedure for obtaining
the two-port network parameters of electroacoustic transducers, such as hearing aid receivers.
Two widely differing acoustic loads were applied to the transducer and the response to each
load was measured and transferred to the computer. The two-port network parameters were
calculated from the measured responses and described the behaviour of the transducer
completely. This approach was valid as long as the transducer was in linear operation. The
method was verified by comparison with experimental measurements over the frequency
range 10 Hz to 10 kHz. The method was replicated successfully by Bade et al. (1984) in a

similar experiment, using a personal computer and the BASIC programming language.

The two-load method was also applied to a receiver connected to a hearing aid amplifier to
yield the parameters for the combination of the two devices (Egolf ez al., 1988b), loading the
receiver with acoustic impedances. It was also applied to a hearing aid microphone, loading

the device with electrical resistors (Egolf et al., 1988a).
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In this work, the two-load method was applied to electrical analogues representing the

transducers in simulations using a combination of the PSpice and MATLAB software

packages. This is presented in Chapter 3.

Derivation of two-port equations for narrow cylindrical tubes

The tube connecting the output of the receiver to the ear canal, the ear canal itself and the
vent through the earmould can be modelled as cylindrical tubes (Egolf et al., 1989). Vents
can be parallel or diagonal to the receiver tube; the former is easier to model and is used here.
Although the shape of the human ear canal is complicated, it can be approximated as a
cylinder. Assuming that an in sizu ITE aid occludes the ear up to the second bend in the ear

canal, the remaining portion of the ear canal can be modelled as a tube with length 12 mm

and diameter 3.3 mm (Kates, 1988b).

The cascade parameters given by Rschevkin (1963) for the two-port model of a cylindrical
tube of length L have the general form:

A=cosh(T'L) (2.18)
B=Zsinh(T'L)

C=sinh(TL)/ Z

D =cosh(T'L)

I' is the propagation constant, and Z is the acoustic impedance of the tube. Z is defined as
poc/S (Kinsler and Frey, 1982), where S = Tiro” is the cross-sectional area of a tube of radius
o, and I', the propagation constant, is defined as (Rscehvkin, 1963):

r=;j2_;9 [j_2;- 2% (2.19)
¢ c 20p,

¢, is the phase speed of the wave. @ is the coefficient of friction for the fluid in the tube, ® is
the angular frequency, 27f, and py is the density of the fluid in the tube. Since I is less than
the wavenumber k£ = ® / ¢, the speed of sound in the pipe is less than that in free space, ¢ =

347 ms™ (Pierce, 1981).

However, these results apply only to large diameter tubes at high audio frequencies (Egolf,
1977). All tubing in the hearing aid system can be considered as narrow and more accurate

results are obtained using expressions for transient fluid flow in narrow pipes (Iberall, 1950;

Egolf, 1977):
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o of 12y -1 (o ) o Ty (o )] s (2.20)
I ¢ 1_2J1(ﬂro)/ﬁrojo(ﬂro)

z=+ ‘f[( AL )Il +2(y - 1}M)_)N% | (221)

TTY, BryJ o(ﬂro aryJ (aro

0
J:() is a Bessel function of order .

_( :_J'_%_E{j% | (222)
U

5 :[ - jewp, ]% (2.23)
M

Pr is the Prandtl number, p is the viscosity of the fluid in a large volume, v is the ratio of
specific heats c,/c,, ¢, is the specific heat of the fluid at constant pressure and c, is the
specific heat of the fluid at constant volume. For air at 300 K (27 °C, i.e. approximately room
temperature), Po = 1.21 kg m>, Pr = 0.707 (dimensionless), p=1.846 x 10° kg m It v =
1.402, ¢, = 1004.5 T kg 'K\,

This model has been verified experimentally and shown to have less than 2 dB error in
predicting the behaviour of small diameter tubes over a frequency range of 10 to 10 000 Hz
(Egolf, 1977). The assumptions made for this model were (Iberall, 1950; Egolf, 1977):

1. Damping is due to viscous friction and heat loss at the tube walls.
The tube walls are rigid and at constant temperature.
The fluid medium in the tube is continuous.

The perturbation of the fluid medium is small.

A

The length of the tube is such that radial end effects are negligible, i.e. tube length is
much greater than the radius of the tube.

6. Plane wave propagation occurs.

Absorption in pipes is often greater than that which occurs in a large volume of fluid (Kinsler
and Frey, 1982). This is due to losses occurring at the walls of the tube through viscous

resistance to fluid motion and exchange of heat between the fluid and the walls.
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If it is assumed that the layer of fluid in contact with the tube wall is isothermal, i.e. at a

constant temperature, and can have no velocity, then the effective viscosity, W', of the fluid in

the tube is given by (Kinsler and Frey, 1982):

2
(2.24)
W= 1+ -1) |-~ | =2.194
c, U

v is the thermal conductivity of the fluid, i.e. a measure of the ability of the fluid to conduct

heat, v = 2.624 x10° W m'K™! for air at 300 K.

It can be assumed that the acoustic fluid velocity is composed of a superposition of the
velocities of the vorticity-mode’, acoustic-mode and entropy-mode* fields (Pierce, 1981). For
a given frequency, it can be shown that the vorticity-mode and entropy-mode fields die out
rapidly with increasing distance from the walls of the tube, so that a disturbance in an
extended space, i.e. in a tube which is wide compared to the boundary layer, is expected to

consist mainly of the acoustic-mode field, except near the walls or other perturbations.

The boundary layers, /,,, and I,,,, are a measure of how far the vorticity-mode and entropy-

mode fields extend from a boundary (Pierce, 1981).

1
[2u 2 (2.25)
vor a)po
1
[ Vo, (2.26)

m—wﬁ “m%

These lengths are not necessarily small; they tend to infinity as @ tends to zero. However,

 they are much less than the corresponding acoustic wavelength divided by 2.

1 Vorticity is the rotational flow of the fluid (Kinsler and Frey, 1982), defined as the curl of the acoustic
fluid velocity, Vxv. The vorticity-mode field is the only one of the three classes of disturbance field for
which the vorticity is non-zero (Pierce, 1981), the other classes being the acoustic-mode field and the
entropy-mode field.

* Entropy is a measure of the unavailability of the energy of a system to do work (Isaacs, 1990). For a
reversible thermodynamic process, the change in entropy is given by the energy transferred to the
systern by heat, divided by the temperature at which this process occurs. No real system is truly
reversible, leading to an increase in entropy (the second law of thermodynamics). The entropy-mode
field is the disturbance field in which entropy fluctuations are a major feature (Pierce, 1981). There are
no entropy fluctuations in the vorticity-mode field, and they are negligible in the acoustic-mode field.
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If we define the boundary layer thickness ! = max(l,,, L), then taking frequencies

representing the range used in the model of the hearing aid feedback path response, we obtain

the thicknesses given in Table 2.1:

Thickness at:

Layer 100 Hz 1000 Hz 10000 Hz

Velocity-mode Ly, 220x10%m [ 6.97x10°m | 2.20x 10° m
Entropy mode I, 262x10°m [ 829x10°m | 2.62x 10°m
Boundary layer | = max(Lyoy, Ly | 2.62x10°m | 829x 10°m | 2.62x 10° m

Table 2.1: Boundary layer thicknesses at different frequencies

Radius / Thickness at:
Tube Radius 100 Hz 1000 Hz 10000 Hz
receiver tube 0.7x 10° m 2.67 8.44 26.72
ear canal 3.3x10°m 12.60 39.81 125.95
vent 0.8x10°m 3.05 9.65 30.53

Table 2.2: Ratio of tube radius to boundary layer thickness for different frequencies

Comparing the ratios of the radii of the tubes in the model and the total boundary layer
thicknesses at these frequencies (Tabie 2.2), we find that the smaller the ratio, the greater the
proportion of the tube cross-section filled by the boundary layer. The boundary layer would
fill the tube if the ratio equalled unity. Hence boundary layer effects dominate at low

frequencies for narrow tubes. The walls of the tube are assumed to be rigid and always at

ambient temperature.

The boundary layer at the wall of the tube results from viscous resistance to the fluid motion
and exchange of heat between the fluid and the wall. This effect is more pronounced in
narrow tubes where the boundary layer takes up a greater proportion of the cross-sectional
area of the tube. In the context of the hearing aid feedback path model, this effect is more
pronounced in the vent and receiver tubes than in the ear canal, due to the relative sizes of
their radii. The tubes in the model are of short length (about 2 cm or less), so the effect of

damping due to viscous resistance and heat loss is small. Consequently, the viscosity W is

used in the model rather than the effective viscosity W in the simulations throughout this
y u g

thesis.
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Middle ear impedance

The middle ear impedance (éllso referred to as eardrum impedance) has been represented in
several ways by other researchers. Egolf e? al. (1989) approximated it using the impedance of
the diaphragm of a measuring microphone representing the eardrum in their experiment.
Kates (1988a, 1988b, 1990, 1991) modelled the middle ear as a four-branch Zwislocki

coupler, which was used in measurements on a KEMAR mannequin (Burkhard and Sachs,

1975).

In this work, the middle ear impedance was modelled using both mean measured data for

human subjects and an electrical analogue.

The mean of measurements of acoustic impedance of the human middle ear for subjects with
normal hearing (i.e. no middle ear pathologies) was published by Shaw (1974). This data was

used to model the middle ear impedance in MATLAB using interpolation between data

points (See Figure 2.12).

Zwislocki developed an electrical analogue of the human ear, based on the ear’s functional
anatomy (Zwislocki, 1962). This has been developed further by Lutman and Martin (1979)
and de Jonge (1996). Each component of the analogue approximates the behaviour of part of
the middle ear. The numerical values of each element were derived from anatomical data
obtained from live subjects and post mortem preparations and from impedance measurements

on normal and pathologic ears (Zwislocki, 1962). A schematic diagram of the middle ear

mechanism is shown in Figure 1.2.

It was found that de Jonge’s normal ear analogue produced impedance curves with some
similarity to Shaw’s mean data (Figure 2.12). de Jonge’s analogue for a normal middle ear is

shown below in Figure 2.9.
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Figure 2.9: Electrical analogue of the normal middle ear (de Jonge, 1996)

Each branch of the analogue represents part of the middle ear. The numeral 1 denotes the
middle ear cavities, 2 the uncoupled part of the eardrum, 3 the part of the eardrum attached to

the malleus, the malleus itself and the incus, 4 the incudo-stapedial joint, 5 the stapes and 6

the cochlea.

It is possible to adapt the electrical analogue to approximate the impedance of pathologic

ears, such as ears with otosclerosis (higher impedance than normal) and ossicular

discontinuity (lower impedance than normal).

The effect of otosclerosis is to immobilise the stapes in the oval window, causing the cochlea
to become disconnected from the rest of the middle ear (Zwislocki, 1962). This is modelled
by removing the components representing the stapes, cochlea and round window (Figure
2.10). A discontinuity between the malleus and stapes as a result of a surgical procedure to
remove the incus results in lower than normal middle ear impedance. The effects of the
incudo-stapedial joint, stapes, cochlea and round window membrane are eliminated

(Zwislocki, 1962). This is modelled by the electrical analogue shown in Figure 2.11.
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Figure 2.10: Electrical analogue of an otosclerotic ear
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Figure 2.11: Electrical analogue of an ear with an ossicular discontinuity

Figure 2.12 compares the mean measured middle ear impedance with the impedance of the

normal middle ear, otosclerotic and ossicular discontinuity electrical analogues.

39



1200
g ~- mean measured data
Sioo0b T~ - — - normal ear analogue
o T - ~ otosclerotic ear analogue
g o0k S - — - analogue for ear with ossicular discontinuity
& SO
hid ~
% e0oF S 4
o] ~ 7N
A ~ N
g 400 ; o 4
2 ~,
2 e o e o e T
L g R

2 200 S TS
3 i
E s e -

0 5 =

10 10 10

Frequency / Hz

g

=)

~1000} -

~2000

'
23
&
=3
S

~4000

Reactance, CGS acoustic ohms

b
g

~-6000
10 10° 1o*

[
Frequency / Hz

Figure 2.12: Comparison of impedance of middle ear analogues

Vent acoustic impedance
The acoustic impedance due to the vent exit, Zy, was obtained by modelling the vent exit as a

cylindrical piston in an infinite plane baffle, which represented the side of the head (Egolf ez
al., 1985; Kates, 1988b; Hellgren ez al., 1999a; Hellgren et al., 1999b). The layer of air at the
exit of an open-ended cylinder can be treated as a piston, assuming that all parts of the layer
vibrate in phase with the same amplitude. The situation can also be modelled as a piston in a
spherical baffle (Egolf et al., 1985); this is more complicated and will not be considered here.

Also, it has been shown that results obtained compared better with actual measurements for a

plane baffle than for a spherical baffle (Egolf et al., 1985).

It should be noted here that there are three main kinds of impedance, and these should not be

confused (Kinsler & Frey, 1982). Specific acoustic impedance z is the ratio of sound pressure

P to particle velocity u.
P (2.27)

P (2.28)

Radiation impedance Z, is given by the ratio of force to speed, and is part of the mechanical

impedance of a vibrating system radiating sound (Kinsler and Frey, 1982).
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Acoustic impedance is related to specific acoustic impedance by

7=2 (2.29)

S
where S is the cross-sectional area of the piston, 7a’, and a is the radius of the piston.
Radiation impedance is related to specific acoustic impedance by
Z, =352 (2.30)
and is related to acoustic impedance by

2

Z =S7Z (2.31)

The radiation impedance, Z,, of the vent exit was found using the following equations

(Kinsler and Frey, 1982):

Z =R, +jX, (2.32)
where

2
R =7, pycR (2kr, ) (2.33)
and

2
X, =, pocX, (2kr, ) (2.34)

ryis the vent radius in metres. R (2kry) is the piston resistance function,

27, 2kr, ) _ @kr, f _ Qhr ) (2.35)
2k, 2% 2%2B31

R (2kr, )=1~

and X,(2kry) is the piston reactance function,

4| 2kr, 2kr, 2kr, (2.36)
Xl(zkrv):';[ 3V ~(32Y5)3+(325§33 —-J

R:1(2kry) can be implemented directly in MATLAB using the command besselj. It can be
shown that the first three terms of X;(2kry) are sufficient to describe the function; higher
order terms are virtually negligible. The model used the first eight terms to increase accuracy.
Following the model developed by Egolf er al. (1989), this radiation impedance was

converted to acoustic impedance so that the whole model was in terms of pressure and

volume velocity:
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Z (2.37)

The vent acoustic impedance, Zy, was converted into two-port form, as shown in Figure 2.6.

Modifying the response to account for the effects of the pinna

Kates (1988b) presented an expression for the modification of the vent acoustic impedance

due to the effects of the pinna. The expression is given by Equation 2.38:

7 1 _@o) : eod 2.2 )l7 (2.38)
v 2 1+(a)/a)1)2 w, v

Kates used wp = 27-5000 Hz and o; = 27-2500 Hz, although other values or other expressions
may be found to represent the pinna effects more accurately. This modification did not affect

the phase of the feedback path response.

The feedback path model did not use the pinna modification unless stated explicitly.

Modelling the external acoustic feedback path
The external acoustic feedback path is described by the ratio of pressure at the vent exit to

pressure at the microphone input due to the feedback path, rather than that due to the incident

path.

If we assume that nearly all of the volume velocity from the vent, Uy, is absorbed by the vent
radiation impedance, virtually no volume velocity reaches the input of the block representing
the external acoustic feedback path. The sound pressure leaving the vent, Py, is then

‘unaffected by this and forms the input pressure to the external acoustic feedback path block

(Egolf et al., 1989) (see Figure 2.7).

Following the two-port model given by Egolf et al. (1989), the external acoustic feedback
path was defined by the Ar parameter only, with Br = Cr = Dr = 0. Br and Dy can be set to
zero because the microphone draws very little current from the surrounding sound field, and
Cr can be set to zero since almost no volume velocity reaches the input of the block (Egolf ez

al., 1989). Aris given at each frequency by:

a =2 (2.39)
PF
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The complex pressure in the farfield for a circular piston in an infinite plane baffle is given

by (Kinsler and Frey, 1982):

P, = £, & o] 2 lasin) 240
2 R (kasin9)

a is the piston radius in metres, R is the distance in metres from the piston to the point of
interest (i.e. the distance from the vent exit to the microphone input), ¢ is time in seconds and

6 is the angle in degrees from the vent centreline to the point of interest.

U, is the speed amplitude of the piston, not its volume velocity, so that a piston of radius a,

vibrating radially with speed amplitude U, and frequency o has particle velocity:

u, =U,e’™ (2.41)

Substituting Equation (2.41) into Equation (2.40) and setting a = ry, we obtain

P, = jPC, Ty o 2 (krv. sin6) (2.42)
2 (kr, sin@)

The pressure at the vent exit, Py, is given by

P, =u,z, 7 (2.43)

where

7, =L (2.44)
S

Therefore, the external acoustic feedback path is given at each frequency by

1 P pocrvzkej(%"kR) 27, (kr, sin @) (2.45)
A, P, 2Rz, (kr, sin @)

The term in square parentheses is the directivity of the piston. On axis, i.e. when 6 is zero,
this term goes to unity and the piston behaves as a point source. However, in an ITE aid, the
microphone and vent are more or less in the same plane, i.e. 8 = 90°, and the directivity must
be considered, even though it is close to unity over the frequency range considered here (100

Hz to 10 kHz). Equation (2.45) has the same form as that derived by Egolf ez al. (1989).
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To summarise, modelling techniques have been applied to all parts of the hearing aid system.
Most are derived from acoustic theory, although some are based on experimental
measurements. The resulting two-port network parameters will be used in the computer

model of an in situ in-the-ear hearing aid system.

2.7 Variations in the feedback path due to sound leakage

Adaptive feedback cancellation aims to track and cancel changes in the feedback path rapidly
to prevent the hearing aid system becoming unstable. Broadly speaking, changes in the
feedback path fall into two categories: increased leakage of amplified sound from the
receiver back to the microphone, or the presence of an obstruction in the external acoustic
feedback path. The changes can take place over varying time frames (Oliveira, 1997); this

work is concerned with changes that occur over a span of seconds or minutes.

Examples of such changes have been investigated in previous studies (Hellgren et al., 1999b;
Rafaely et al., 2000). Leakage of sound around the edges of the earmould can be caused by
jaw movements, such as when the subject smiles, chews or yawns. These movements can
cause the earmould to shift position, breaking the acoustic seal and allowing leaks to occur.
Also, jaw movements may alter the shape of the ear canal (Oliveira, 1997); for example,
movement of the lower jaw relative to the skull compresses the cartilaginous part of the ear
canal (Zwislocki, 1953). Again, these movements can cause an increase in sound leakage, as
well as altering the shape of the frequency response of the feedback path. Increased leakage
of sound makes it more likely that oscillation will occur as the amplified signal reinforces the

input signal, driving the hearing aid into instability.

Incorrectly fitting the earmould to the pinna is another cause of increased sound leakage. This

can occur when a patient is new to wearing a hearing aid and is not used to positioning the

earmould correctly.

This section will examine the effect of adding a slit leak to the model of the hearing aid
system. The effects of the presence of an obstruction in the external acoustic feedback path

are discussed in the next section.

Oliveira (1997) described changes in the shape of the ear canal. Those most likely to affect
the OLTF are short-term changes due to jaw movements such as chewing, yawning or vowel
sounds (Hellgren et al., 1999b). In simple terms, the outer third of the ear canal consists of

cartilage (an extension of the tissue forming the pinna (Austin, 1991), and the inner two-
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thirds consist of bone (Alvord and Farmer, 1997; Gelfand, 1998). This bony or osseous part
is formed in part by the jawbone, which is hinged exactly at the ear canal (Westermann,
1987). In more detail, the osseous region begins above and behind the ear canal at the second
turn, limiting the portion of the ear canal that can be changed by jaw movement. Bone
surrounds the ear canal completely by the halfway point, and from hereon in jaw movement
has no effect on ear canal shape (Oliveira, 1997). Note that the ear canal has a complicated
shape and a generally downward slant; the cylindrical approximation of its shape is a
mathematical convenience. The ear canal is relatively straight in children, becoming more

“S” shaped in adulthood, and increasingly twisted and narrow with old age (Alvord and

Farmer, 1997).

As the jaw opens, the condyle of the mandible (jawbone) moves forward (see Figure 2.13)
and pulls on the cartilaginous part of the ear canal, causing widening of the canal in the
anterior-posterior direction (front of head to back of head) (Oliveira, 1997). There is no
significant change in the inferior-superior direction (bottom to top). With the jaw open fully,
the increase in ear canal width can be as much as 10 % (Oliveira, 1997), so it is not surprising

that slit leakage can occur around the edges of the earmould when the jaw moves.

condyle of the mandible condyle of the mandible

a) Jaw closed b) Jaw open

Figure 2.13: Effect of opening the jaw (based on Oliveira, 1997)

In some subjects, it has been found that the temporomandibular joint (TMJ), i.e. the “hinge”
of the jaw, wears on one side, leading to asymmetry in the changes of the ear canal
dimensions in either ear. This results in larger slit leakage on the side with the larger change,
and hence a greater probability of feedback occurring in that ear. Clinical experience has
shown that feedback often occurs in one ear rather than the other. Also, the hearing aid may

be displaced by jaw movements, resulting in feedback or loss of gain (Oliveira, 1997).
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It is almost impossible to achieve a perfect seal around the edges of the earmould. A typical
slit leak could be represented by a tube of length 22 mm and diameter 1.4 mm (Johansen,
1975). The slit leak behaves in the same way as a deliberate vent and can be modelled

accordingly as a tube in parallel with the vent.

Hellgren et al. (1999b) calculated the transfer function from the beginning of the vent at the
ear canal to the microphone input and likewise for the leak. These two transfer functions
were added to obtain an estimate of the acoustic feedback path for an in situ hearing aid with
vent and leak. This ignored the effect of pressure at the ear canal due to feedback of the
signal radiating from the vent via the leak and vice versa, and the effect of the leak on the

vent radiation impedance and vice versa. It was judged that this had little effect on the

results.

The additional acoustic load impedance due to the leak must be taken into account by
converting the leak tube and its exit acoustic impedance to a single load impedance block in
parallel with the converted ear impedance. In this way, the leak loads the vent (see Figure
2.14). The path from the microphone input to the output of the vent external acoustic
feedback path with the leak acting as a load will be referred to as the vent path from now on.
The subscripts used in the diagram were the same as those used in Section 2.2. In addition,
the subscript 4 denotes the tube representing the effective leak, and Z, denotes the leak
acoustic impedance. The subscript Fv denotes the external acoustic feedback path via the
vent and FI denotes the external acoustic feedback path via the leak. The leak and its exit

impedance can be treated in the same way to produce the leak path (Figure 2.15).

If it is assumed that the pressure at the output of the vent path combines linearly with the
pressure at the output of the leak path to produce the pressure at the output of the total

hearing aid system, the total OLTF is given by:

PF(f):PFv(f)+PFl(f):PFv(f)+PFl(f) (2.46)
r() RG) RU)  RG)
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Figure 2.14: Two-port network diagram of vent path with leak impedance load in parallel

with converted ear impedance
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Figure 2.15: Two-port network diagram of leak path with vent impedance load in parallel

with converted ear impedance

The measurable feedback path is cut electrically between the microphone and receiver,

omitting the amplifier and any other internal processing (see Section 2.5). Figure 2.16 shows

the block diagram of the measurable vent path. Compare this to Figure 2.14. The external

acoustic feedback path is now loaded by the microphone. The leak path can be modelled in

the same way. The total feedback path response is calculated in the same way as before:
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Ve (f): Ve (f)"" Ve (f) (2.47)
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Figure 2.16: Two-port network diagram of the measurable vent path with leak impedance

load in parallel with converted ear impedance

If we assume that the leak tube has the same length and distance from the microphone as the
vent, we can model these as a single tube, increasing the tube radius r3 to represent increasing

leak size. It is assumed that the cross-sectional area of the combined tube is the sum of the

cross-sectional areas of the vent and leak:

2
7} =) + (2.48)

Hence the radius of the combined tube, referred to as the vent in general, is given by:

r =277 (2.49)

This assumption is made throughout the rest of the thesis, although it is an oversimplification

of the actual physical situation.

2.8 Obstructions in the external acoustic feedback path

The other main cause of feedback in hearing aids is the presence of an obstruction in the
external acoustic feedback path, such as a hand or telephone handset near the ear. The
presence of the obstruction alters the external acoustic feedback path and the radiation

impedance of the vent or leak, which in turn alters the load impedance on the receiver. It also
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gives rise to reflections off the obstruction itself, which may have a considerable effect on the
shape and amplitude of the feedback path response. In extreme cases, an obstruction very
close to the ear may form a cavity with the vent or with the residual concha volume, i.e. the
part of the concha not filled by the earmould or faceplate of an in-the-canal device. This will
lead to resonance effects, affecting the feedback path response and often resulting in
oscillation. The presence of an obstruction in the external acoustic feedback path results in
significant changes in the feedback path with an increased likelihood that instability will
occur. Studies of the effects of obstructions in the external acoustic feedback path have been
conducted previously (Hellgren et al., 1999b; Rafaely et al., 1999; Rafaely et al., 2000), but

to date no reliable model of the effects has been proposed.

There are several approaches to modelling an obstruction in the feedback path. The cavity
formed by the presence of the obstruction over the ear could be modelled as a volume
compliance, but this would not model high frequency effects, i.e. above 1 kHz, such as
changes in the system resonances due to interaction with the obstruction. An obstruction near
the ear could be modelled as an infinite plane baffle parallel to the side of the head, but this
would not model the low frequency effects caused by cavity resonance. A good approach
may be to model an enclosure over the ear using the modal model (Kinsler and Frey, 1982). It
is likely that many modes will be required at high frequencies. It should be possible to
develop a model of an enclosure with the sound source (i.e. the vent exit) at a point on one
wall and the point of interest (i.e. the microphone input) at another point on the same wall,
near the vent exit. This would represent the microphone and vent exit positioned on the
faceplate of the hearing aid, with sound radiating into an enclosure formed by a hand or
telephone handset over or near the ear. Although this method is likely to be the most
successful, it is not attempted here (as the main aim of the project is to develop a new
parametric adaptive algorithm rather than to develop a fully comprehensive model of all

possible feedback paths) and is suggested as a topic for future work.

A possible simple alternative method would be to model the enclosure formed by the
obstruction near the ear as a large tube, using the two-port equations derived previously.
However, this may not model transverse reflections accurately. The large tube approach is

investigated in this section.

If we assume that placing a microphone in the sound field does not affect the piston
modelling the layer of air at the vent exit, then we can use the same external acoustic

feedback path model as described in Section 2.6, and assume that the presence of the
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microphone does not affect the load on the vent. It was found that for tubes with radius
greater than 1 cm, the two-port network equations for narrow cylindrical tubes (Equations
(2.20) ~ (2.23)) returned values of 1/ec. Therefore alternative equations for I and L must be

derived for large diameter tubes and used to model the tube representing the cavity formed by
the presence of the obstruction (“the obstruction tube”). The other tubes will be modelled

using the narrow tube expressions as before.

The propagation constant for sound waves in a tube of radius » with absorption is defined as
(Kinsler and Frey. 1982):
k=k-ja (2.50)

where £k is the wavenumber and

gt |HO (2.51)

re\ 2p,
The frequency response of a standing wave in a tube driven at x = O and closed at x = L is
given by (Kinsler and Frey, 1982):

1 (2.52)
cos(kL)

It can be shown that

cos(kL)=cosh(T'L) (2.53)
where
jk=T (2.54)

Recall that the two-port network parameters for a cylindrical tube of length L have the form
(Rschevkin, 1963):

A=cosh(T'L) (2.55)
B=Zsinh(TL)

C =sinh(TL)/ Z

D =cosh(T'L)

This can be written as:
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A= cosh(jkL) ' (2.56)
B =Zsinh(jkL)

C =sinh(jkL)/ Z

D = cosh(jkL)

Z is the acoustic impedance of the tube, defined as
7 = P (2.57)
S

where S = 1t7? is the cross-sectional area of a tube of radius r (Kinsler and Frey, 1982).

Comparing the response of the large tube model with that of the narrow tube model presented
in Section 2.6, for a tube of length 0.1 m and radius 1 cm, i.e. the upper limit of the narrow

tube model, it can be seen that the large tube model behaves as the narrow tube model

(Figure 2.17).

0
Sor— targe tube model
a0k narrow tube model

Amplitude / dB
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Figure 2.17: Comparison of narrow and large tube models for a tube of length 0.1 m and

radius 1 ecm

For a tube of length 0.1 m and radius 2.5 mm, i.e. a narrower tube, the large tube model is

less accurate (Figure 2.18). Recall that the narrow tube model was verified experimentally

over the frequency range 10 Hz — 10 kHz (Egolf, 1977) and so can be considered correct.
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Figure 2.18: Comparison of narrow and large tube models for a tube of length 0.1 m and

Q

radius 2.5 mm

For a tube of length 0.1 m and radius 1 mm, i.e. a very narrow tube, the large tube model is

even less accurate (Figure 2.19). Clearly the accuracy of the model decreases as the tube

radius decreases.
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Figure 2.19: Comparison of narrow and large tube models for a tube of length 0.1 m and

radius 1 mm

Therefore the two-port network equations presented in this section are applicable to wide

tubes, i.e. tubes with radius greater than or equal to 1 cm, but for narrow tubes (radius less

than 1 cm) the equations presented in Section 2.6 should be used.
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We would expect that for a very large obstruction tube, the model would act like no

obstruction was present, i.e. the vent is radiating into free space.

Figure 2.20 shows how the obstruction tube and its terminating impedance, R,; are added to

the original model. The subscripts are as defined in Section 2.2, with the subscript ob

referring to the obstruction tube.

Vi
—p Ar Br Al Bl AZ BZ
Iin ZT
C. D, Ci D ] C; D,
Az B3
N
w3 L3
/\—-——1 Zy Ao Boy ——1
Rab
10 1 Cob Dob
VFV
—4, B.-Ar B
4—
Zw ]Fv
Cn D~ Cr Dr

Figure 2.20: Two-port network diagram of the measurable feedback path with obstruction

tube loading the vent in series with the vent exit impedance

Consider the section of the model from the vent input to the termination of the obstruction
tube (Figure 2.21).

— o By,
Ay Bl 1 Zy | Ay By ———)
u u Rab
R
C; Dy 0 1 Co Doy

Figure 2.21: Section of model from vent input to obstruction tube termination
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The radiation impedance is connected in series between the vent and the obstruction tube. If
the obstruction tube is not present (a short circuit), this will reduce to the original model,

with Zy loading the vent in parallel (Figure 2.22).

A; Bs 1 Zy —oA A; Bj3

—
. —> z,

C; Ds 0 1 —— C; Dy——

Figure 2.22: Reduction to original model on removal of obstruction tube

The obstruction tube is terminated with some resistance Ro. If Ry, = poc/Tir,,-, i.e. is equal to
the characteristic impedance of the tube, there will be no impedance mismatch and no
reflection. If R, # poc/nrobz, reflections will occur. If necessary, damping can be added to the
mode] to reduce the amount of reflection. Setting the tube termination to infinite impedance
is like blocking the vent so that nothing reaches the microphone and u = 0. Otherwise, we can

consider u to be the velocity of a piston in an infinite plane baffle as before.

Therefore the two-port model of the hearing aid system with an obstruction in the external

acoustic feedback path can be written as:
Amml(ab) Bto:al(ob) ={7Ar Br :l{Al B][ 1 OJAB {1 Z E :{A 0 ‘A*m 0] (258)
Ctolal(ob) D total(ob) Cr D r Cl D 1 ]‘/ZE 1 C3 ]7/ obst 0 0 0 0

where

_ApRy + B, (2.59)

Zobst -
CabRob +D ob

Note that pinna effects have not been included in the model here.

Equation (2.58) can be rewritten as:
Aroml(ob) B total(ob) 3 1 0 AF 0 Am 0 (2_60)
Clolal(ob) D total(ob) I/Z 1 C D 1/(ZV + Zobsl) 10 0j0 O
This approach assumes that the presence of the obstruction changes the pressure outside the
vent, but also assumes that the external acoustic feedback path is unchanged from the model

presented in Section 2.6. This is unlikely to be the case, as the effect of the obstruction close

to the ear is to enclose both the source of sound, i.e. the vent, and the hearing aid
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microphone, resulting in reflections as well as a change in pressure. The obstruction will

affect the external acoustic feedback path block as well as the side branch in Figure 2.20.

Therefore the model developed in this section is unlikely to be accurate, although its

usefulness is evaluated in Chapter 3. Unless otherwise stated, the model used throughout this

thesis is that given by Equation 2.15.

2.9 Conclusions

A two-port network model of an in situ in-the-ear hearing aid system has been developed.
The model has been extended to include variations in the system due to changes in jaw
movements, causing increased acoustic slit leakage around the earmould, or due to
obstructions in the external acoustic feedback path such as a hand or telephone handset near
the ear. The model is verified experimentally in Chapter 3. The model should be able to
ibe a range of variations in the feedback path, although a more comprehensive
validation study should be performed in future, investigating a specific hearing aid system in
greater detail. This is proposed for future work. For most of this thesis, the leak and vent are
modelled as a single tube for simplicity, assuming that the length and distance from the

microphone of both the vent and leak are the same.
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3 Implementation and verification of the computer model

3.1 Introduction

This chapter describes the development of a computer model combining the PSpice circuit
simulator and the MATLAB mathematical software package. This approach allows each
component of the hearing aid system to be modelled individually, with full control of the
physical parameters within the model. Hence a wide range of hearing aid configurations can
be simulated by varying the transducer electrical analogues or the dimensions of the hearing
aid tubing, for example. The model is verified by comparison with measured data. The model

must be valid to be used in a method of feedback cancellation.

The modelling techniques described in the previous chapter were used to develop a program
designed to simulate the frequency response of the feedback path for an in situ in-the-ear
hearing aid system. The main program was implemented in MATLAB, with transducer data
derived from electrical analogues implemented in the PSpice circuit simulation software
package. Note that the model used CGS units throughout since these were the units used by

the manufacturer’s electrical analogues.

3.2 Computational model of the microphone and receiver

The manufacturers of the transducers used in this research, Knowles Electronics, Inc., use
electrical analogues to model the microphones and receivers with the PSpice software
package. PSpice is a powerful circuit simulator used by companies such as Knowles to design
and test devices. Electrical analogues for a wide range of Knowles hearing aid microphones
and receivers were supplied by Knowles Electronics, Inc. The simulations in this chapter were

performed with the Student Version of PSpice 9.1.

The Knowles EA-1843 hearing aid microphone was used in this study. The schematic used to

derive the microphone parameters is shown in Figure 3.1.
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Figure 3.1: PSpice schematic used to derive two-port network parameters for the Knowles

EA-1843 hearing aid microphone

The “two-load” method uses two widely differing impedance loads to calculate the two-port
network parameters (Egolf and Leonard, 1977). A high load impedance approximates an open
circuit at the output, and a low load impedance approximates a short circuit. In this case, Ry
=1x10%Qand Ry, =1 x 10 Q, and a 1 V sinusoidal voltage source was used to drive the
microphone. The microphone ABCD parameters were derived from Equations (2.8) - (2.11).
A -70 dB amplification block could be used in PSpice as a correction factor to convert the

microphone output to SI units (LoPresti and Carlson, 1999), although this was not used here.

Writing the two-port model of the microphone in matrix form, at each frequency:

F| |A, B, |V, (3.1)
u,| |C, D,|I
P: and u; are the input complex souﬂd pressure and complex particle velocity, respectively.

Ay By Cy, and D, are the microphone two-port network parameters. V,, is the complex output

voltage and I, is the complex output current, related by:

V,=Ryul, (3.2)

Similarly, with the low load impedance,

F'|_|A, B, |V (3.3)
u | |C, D, |I

where the primes indicate changes in the variables dependent on the load impedance, and:

V, =Ry, (3.4)

low~ o
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For a free sound field, the small diameter of the hearing aid microphone input port (typically
about 1 mm) results in an input impedance that is much greater than the impedance of the
surrounding sound field (Egolf ez al., 1988a). In consequence, the microphone draws very

little particle velocity from this sound field, so we can assume that:

u,=u; =0 (3.5)

This allows us to set C,, and D,, to zero in the model] if the input impedance of the microphone
is much greater than that of the preceding block. If this block had high impedance, e.g. if it

represented a narrow tube, Equation (3.5) would not be valid and C,, and D,, would be non-

ZEr10.

The microphone two-port network parameters at each frequency are given by Equations (3.6)

-(3.9).

F, 3.6

A :7 (3.6)
o1],=

&=ﬁ. (3.7)
I V,=0

c =4 (3.8)
v, 1,=0

mzﬁ (3.9)
Io 1,=0

It was necessary to multiply C,, and D,, by -1 if the parameters were derived from the
electrical analogues since the source current is negative in PSpice. This was also the case for

the derived receiver C and D parameters.

Figure 3.2 shows the magnitude and phase of the frequency response generated with the
derived two-port network parameters compared with the response simulated with PSpice to
reproduce the manufacturer’s published sensitivity curve (magnitude in dB relative to 1.0 V /
0.1 Pa). It can be seen that the curves are identical. The manufacturer did not supply phase

data, though the phase generated by the MATLAB model agrees with that extracted from the

PSpice simulation.
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Figure 3.2: Comparison of magnitude and phase of the frequency response generated with
the derived two-port network parameters with the reproduced manufacturer’s response curve

for the Knowles EA-1843 hearing aid microphone

The parameters of the ED-1912 receiver were derived in the same way (although C, and D,
were not zero), with Ry, = 1 x 10° Q and Rugn=1x 10" Q. (A different value of Ry, was
used for the receiver since the derived response was noisy when 1 x 107* Q was used.) The

PSpice schematic is shown in Figure 3.3.
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Figure 3.3: PSpice schematic used to derive two-port network parameters for the Knowles

ED-1912 hearing aid receiver

A +144 dB correction factor was required to convert the output of the PSpice receiver
analogue to SI units (LoPresti and Carlson, 1999), although, again, this was not used here.

The receiver ABCD parameters are given by Equations (3.10) - (3.13).
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A _Y (3.10)
P
9 lu,=0
v,
B =L (3.11)
4, P,=0
I,
c -k (3.12)
Pa u,=0
D = L (3.13)
u, £=0

Figure 3.4 compares the modelled input-output response for the ED-1912 receiver connected
in series to a 10 mm long, 1 mm diameter tube and a 2 cm’ coupler with that produced in

PSpice, i.e. the sensitivity curve supplied by the manufacturer.
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Figure 3.4: Comparison of magnitude and phase of the frequency response generated with
the derived two-port network parameters in MATLAB with the PSpice response curve for the

Knowles ED-1912 hearing aid receiver connected in series to a 10 mm long, 1 mm diameter

tube and a 2 em’ coupler

Good agreement is seen between the responses. The slight differences around the second
resonance peak near 4 kHz are due to the limitations of the PSpice tubing model (LoPresti and
Carlson, 1999); the MATLAB model used the validated accurate tube model described in
Section 2.6. The PSpice schematic used to produce the data sheet response did not use a
grounded source, so it was necessary to derive the receiver parameters with a source that was

not grounded. The spectrum analyser used to generate the source voltage for the experiments
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described in Sections 3.4 — 3.7 was grounded, hence the schematic in Figure 3.3 was the

correct form for modelling experimental procedures.

3.3 Computational model of the tubing and middle ear impedance

The two-port network equations for transient fluid flow in narrow pipes and the calculation of
the vent radiation impedance and the external acoustic feedback path were implemented
directly in MATLAB. It should be noted that the walls of the ear canal are not rigid, so the

tubing model can only approximate the behaviour of the ear canal.

The model of the hearing aid system used both mean measured data for human subjects
(Shaw, 1974) and an electrical analogue (de Jonge, 1996) to represent the middle ear
impedance. The measured data was used to model the middle ear impedance in MATLAB

using interpolation between data points. The electrical analogue was implemented in

MATLARB directly.

The various parts of the hearing aid system were modelled using the methods described
above. The matrix multiplication was performed (Equation 2.15), and from this, the response

of the feedback path could be calculated.

3.4 Experimental verification of transducer and tubing models

The computer model of the in situ hearing aid system is intended to be used to develop a
novel method of feedback cancellation. It was necessary that the model should be verified by
comparison with experimental data before being used in any subsequent simulation
investigations. The model of the feedback path was constructed gradually, verifying the

component models in stages. This allowed examination of each part of the model and

confirmed that the methods used were valid.

The simplest case modelled a receiver in series with a tube. Since it had already been
demonstrated that the two-port equations for cylindrical tubes were valid (Egolf, 1977), it was
concluded that the tubing would be simulated correctly and the experiment would aim to

verify the receiver model.

The Knowles ED-1912 receiver was connected to a standard 2 cm’ coupler, which was

terminated by a Briiel and Kjaer type 4144 one inch pressure microphone connected to a
Briiel and Kjaer type 2619 preamplifier. The receiver was encased in a mould of the coupler
so that only the 2 cm® cavity occurred between the receiver and the reference microphone.

The mould was made with Starsil ‘C’ silicone ear-impression material. The reference
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microphone was calibrated with a Briiel and Kjaer type 4230 sound level calibrator before any
measurements were made. The calibrator produced a 94 dB SPL. 1 kHz tone when connected
to the one inch microphone, from which the microphone’s sensitivity could be determined.
The frequency response of the receiver and coupler was measured over the frequency range
100 Hz to 10 kHz with an Advantest R9211C two-channel spectrum analyser. A mechanical

block diagram of the experiment is shown in Figure 3.5.

2cm’ cavity
mould [

\h preamplifier
|
ED-1912 1” microphone
receiver

Spectrum analyser

Figure 3.5: Mechanical block diagram of the experiment to verify the receiver model

The PSpice analogue for a 2 cm’ coupler provided by Knowles modelled the coupler as a 1 Q
resistor in parallel with a 0.141 x 10” F capacitor. In MATLAB, it could be modelled in the
same way, or as a cylindrical tube of length 7.44 mm and radius 9.25 mm (Kates, 1988b). In
Figure 3.6, the modelled response is compared with measured responses for two different
receivers, labelled ED-1912, and ED-1912,, connected to the cavity. Good agreement is seen
between the magnitudes of the responses, although there is a 180° phase difference between
the ED-1912, response and the ED-1912, and modelled responses, indicating that connections
to the terminals of the ED-1912, receiver were reversed. The slight differences between
modelled and measured responses are due to the variations of individual transducers from the
ideal model provided by the electrical analogue. The differences between the two measured

responses of the actual receivers are due to variations between the devices.
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Figure 3.6: Comparison of measured and modelled responses for two ED-1912 receivers

3.
connected to a 2 cm” cavity

Having verified the receiver model, the microphone model was verified by an experiment
connecting the receiver and 2 cm® cavity to an EA-1843 microphone encased in a mould of
the reference microphone end of the coupler. The microphone was connected to the LM111
microphone amplifier, which was built around two Analog Device OP27 operational
amplifiers (Rafaely et al., 2000). The amplifier was set to supply 20 dB gain. The response

was measured over the frequency range 100 Hz to 10 kHz as before. The mechanical block

diagram is shown in Figure 3.7.

2cm’ cavity ILM111 microphone
mould [ mould amplifier
l \
ED-1912 EA-1843 microphone
receiver

Spectrum analyser

Figure 3.7: Mechanical block diagram of the experiment to verify the microphone model

Again, good agreement was observed between the measured and modelled responses (Figure
3.8). The slight discrepancies in amplitude may be attributed to transducer variability from the
ideal response. Note that the gain of the measured response was adjusted to compensate for
the gain and inverting effects of the amplifier, using the measured amplifier response to make

this correction. This was done because the amplifier was not included in the model.
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Figure 3.8: Comparison of measured and modelled responses for an ED-1912 receiver

connected to a 2 cm’ cavity and an EA-1843 microphone

It was concluded that both the receiver and microphone models were valid, and that this
approach could be applied to any transducer if its electrical analogue was known. Some
variability was observed between devices, and between the responses of the modelled and
actual devices. This places a limit on the ability of any model to cancel the feedback path
exactly. This stresses the importance of developing an adaptive feedback cancellation system

which is robust to changes in the feedback path, even when there are slight differences

between the actual feedback path and the model.

3.5 Experimental verification of the complete feedback path model

Having shown that the modelling techniques applied to the transducers and tubing were valid,
the model was used to simulate the feedback path of an in situ in-the-ear hearing aid. The
simulated response was compared with experimental data measured on an adult male with
normal hearing. There were several sources of uncertainty in the model. Although the radii of
the receiver tube and vent were known, their exact lengths had not been recorded and
estimates were made. The accuracy of these was limited by the difficulty in measuring the
tubes, which were not straight. Also, the dimensions of the subject’s ear canal and the middle
ear impedance were not known. These were approximated by average ear canal dimensions
(Kates, 1988a, 1988b) and the mean impedance data for a set of normal ears (Shaw, 1974).
Note that the presence of the earmould reduces the volume of the ear canal, and the model is

concerned only with the unoccluded (unblocked) part of the canal.

As stated in Section 2.5, it is difficult to measure the sound pressure at the output of the

external acoustic feedback path and the sound pressure at the microphone input as these
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occupy the same area of space simultaneously and introducing a probe microphone to make
the measurements would disturb the sound field. The feedback path may be cut between the
microphone output and the receiver input and electrical measurements made. The form of the
model used throughout the thesis is given at each frequency by Equation 2.15, reproduced

below as Equation 3.14:

Aroml Bwral _ Ar Br A} Bl AZ B2 1 0 A3 B3 1 0 AF 0 Am 0 (3]4)
c.. D..|l |C D lc bDlc, DYz 1|Cc, DYz, 10 0]/ 0 0

total total

C,, and D,, can be set to zero because the input impedance of the microphone is much greater
than that of the preceding block (see Equation 3.5). B,, can be set to zero because cutting the
feedback path after the microphone is equivalent to setting the microphone output current to

zero (Egolf et al., 1989). The amplifier has been omitted here, so the gain was unity (0 dB).

The electrically-measured feedback path response is defined in Section 2.5 by Equation 2.17,

reproduced as Equation 3.15 below:

Vu(f)_ 1 (3.15)
V() Auu(f)

The MATLAB model was used to simulate the measured feedback path for an in situ ITE
hearing aid worn by a subject with normal hearing. The data was taken from a previous study
(Rafaely et al., 2000). The hearing aid was a Starkey 11M ITE device with a Knowles ED-
1975 receiver and a Knowles EM-3046 microphone. The analogue for the ED-1975 receiver
was the same as that for the ED-1913 receiver, and differed slightly from that of the ED-1912
receiver (Knowles, 1997). The amplifier was disconnected. Details of each component in the

model are given in Table 3.1.

65



Component Details

Microphone Knowles EM-3046 hearing aid microphone

Amplifier Constant O dB gain, i.e. no amplification

Receiver Knowles ED-1975 hearing aid receiver

Receiver tube 12 mm long, 0.7 mm radius

Ear canal 12 mm long, 3.3 mm radius (unoccluded portion with aid in place)

Middle ear impedance | Mean normal human eardrum impedance given by Shaw (1974)

Vent 18 mm long, 0.8 mm radius
External acoustic 15 mm_vent-microphone distance, 8 =90 °
feedback path

Table 3.1: Details of the in situ vented hearing aid model

The radii of the receiver tube and vent were supplied by the earmould manufacturer; the
lengths were measured approximately and may not be accurate. The length of the external
acoustic feedback path was estimated also. The dimensions of the unoccluded part of the ear
canal were not known, so average dimensions were used (Kates, 1988b) and the middle ear
impedance was approximated by data for mean normal ear impedance (Shaw, 1974). The

modelled feedback path is compared with the measured response for the subject’s right ear in

Figure 3.9.
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Figure 3.9: Measured and modelled feedback path responses for an in situ ITE hearing aid

fitted to a human subject

It can be seen that there is general agreement between the shape of the measured and

modelled responses and there is good agreement for the phase. The differences in amplitude
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and resonance frequencies are due to the approximations made in the model and the variation
of the transducers from the ideal devices described by the electrical analogues. It is possible to
get better agreement between the shape of the responses by adjusting the parameters in the
model. For example, the response in Figure 3.10 was obtained by altering the external
acoustic feedback path length to 10 mm and the vent radius to 1.2 mm, simulating the
addition of slit leakage around the earmould. However, this is only an example to show the

effect of altering the model parameters. The vent radius is known and should not be altered

without good reason.
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Figure 3.10: The effect of altering parameters in the model on the simulated feedback path

response

Apart from the differences between the response of the modelled and actual transducers, the
main source of error between the model and the measured data is the lack of knowledge about
the actual ear canal dimensions and middle ear impedance of the subject. These have been
approximated by average values, but it is unlikely that these are in exact agreement with the

real physical parameters. The effects of the pinna, neck, shoulders and torso were not

accounted for in the model.

The simulation of the in situ feedback path was repeated using the pinna modification given
by Equation (2.38) (Kates, 1988b). The components of the model were as before (see Table
3.1). It can be seen in Figure 3.11 that the pinna modification has most effect in the region of
the receiver resonances, increasing the amplitude of the peak near 5 kHz relative to that near 3
kHz, and increasing the amplitude in general above about 1.5 kHz. This improves the
agreement between the modelled and measured responses. This is a better approach than

altering the tubing dimensions without physical evidence of such changes.
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Figure 3.11: Measured and modelled feedback path responses for an in situ ITE hearing aid

fitted to a human subject with modifications to account for the effects of the pinna

It has been shown that variation between transducers and the corresponding analogues and
lack of knowledge of the dimensions and impedance of the human ear are the main sources of
error in the model. Altering the parameters within the model can have a significant effect on
the shape of the response. The difference between simulated and actual feedback path
responses will limit the accuracy of any method of feedback cancellation based on the model,
therefore it is important that the feedback cancellation must be robust to the effects of these
differences when compensating for changes in the feedback path. Despite these
approximations and uncertainties, the general good agreement between the simulated and
actual feedback path responses implies that the model is valid and can be used to investigate
the effects of individual parameters on the feedback path, and to develop a method of

parametric adaptation for feedback control.

3.6 Experimental verification of the in sifu in-the-ear hearing aid model with slit leakage
For the model to be used in a new method of feedback cancellation, it must be able to fit a
range of feedback paths that might occur in real life, such as with varying amounts of slit
leakage or with an obstruction near the ear. In a previous study (Rafaely er al., 2000),
measurements were made of the feedback path under different conditions: normally-fitted
earmould, hand close to the ear, hand 10 cm from the ear, hand 20 cm from the ear, subject
with mouth open fully, subject smiling, and earmould fitted incorrectly, with the top prong of
the earmould removed from its position in the helix of the outer ear, such that the earmould
was no longer fitted tightly to the ear. This section examines the ability of the model to

represent the slit leak conditions; the obstruction conditions are examined in Section 3.7.
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Adjustments were made to the parameters in the model of the hearing aid system with slit
leakage to obtain good agreement with the latter three measured responses while maintaining
a realistic size for the parameters. It should be noted that measurements were made by cutting
the feedback path electrically between the microphone and receiver, omitting the amplifier
and any other internal processing. Figure 2.16 shows the block diagram of the measured
feedback path via the vent, with the external acoustic feedback path loaded by the
microphone. The leak path can be modelled in the same way. The total feedback path

response is calculated in the same way as before (Equation (2.47)).

Figure 3.12 shows the modelled and measured responses for the feedback path of a subject
with the mouth open fully. Reasonably good agreement was obtained, allowing for the
differences between specific transducers and the electrical analogues and errors in estimation
of the dimensions of the tubes and external acoustic feedback path length. Opening the mouth
to its fullest extent increases the width of the ear canal by up to 10 % (Oliveira, 1997); see
Section 2.7. This was implemented in the model. The leak dimensions were determined
empirically to obtain the best fit to the measured data, although typical slit leak dimensions
(Johansen, 1974) were used as an initial estimate. The dimensions used to obtain the modelled
response shown in Figure 3.12 are given in Table 3.2. The modification for pinna effects was

used in the model for all the simulations in this chapter unless stated otherwise.

Component Details

Microphone Knowles EM-3046 hearing aid microphone

Amplifier Constant 0 dB gain, i.e. no amplification

Receiver Knowles ED-1975 hearing aid receiver

Receiver tube 12 mm long, 0.7 mm radius

Ear canal 12 mm long, 3.6 mm radius (10 % greater radius than normal fit)
Middle ear impedance | Mean normal human eardrum impedance given by Shaw (1974)
Vent 17 mm long, 0.8 mm radius

Vent external path 20 mm vent-microphone distance, 6 = 90 °

Leak ' 20 mm long, 0.6 mm radius

Leak external path 10 mm leak-microphone distance, 6 = 90 °

Table 3.2: Details of the in situ vented hearing aid model with leak, subject’s mouth open

Sully
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Figure 3.12: Modelled and measured responses for the feedback path with the subject’s

mouth open fully

The modelled and measured responses for the feedback path measured for a smiling subject

are shown in Figure 3.13. It was assumed that the jaw was not open to its fullest extent, so the

increase in ear canal diameter was less than for the previous example. Again, the leak

dimensions were estimated. The dimensions used to obtain the modelled response shown in

Figure 3.13 are given in Table 3.3.

Component Details

Microphone Knowles EM-3046 hearing aid microphone

Amplifier Constant 0 dB gain, i.e. no amplification

Receiver Knowles ED-1975 hearing aid receiver

Receiver tube 12 mm long, 0.7 mm radius

Ear canal 12 mm long, 3.4 mm radius (radius increased, but less than for

open mouth)

Middle ear impedance

Mean normal human eardrum impedance given by Shaw (1974)

Vent

17 mm long, 0.8 mm radius

Vent external path

20 mm vent-microphone distance, 8 = 90 °©

Leak

20 mm long, 0.6 mm radius

Leak external path

10 mm leak-microphone distance, 8 = 90 °

Table 3.3: Details of the in situ vented hearing aid model with slit leak, subject smiling
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Figure 3.13: Modelled and measured responses for the feedback path with the subject smiling

When the earmould was fitted incorrectly to the pinna, the leak dimensions and the length of

the leak external path were the only parameters varied. It was assumed that all other parts of

the model would be the same as for the normal fitting since the subject’s jaw had not moved.

The modelled and measured responses are shown in Figure 3.14. The dimensions used to

obtain the modelled response shown in Figure 3.14 are given in Table 3.4.

Component Details _

Microphone Knowles EM-3046 hearing aid microphone
Amplifier Constant 0 dB gain, i.e. no amplification
Receiver Knowles ED-1975 hearing aid receiver

Receiver tube

12 mm long, 0.7 mm radius

Ear canal

12 mm long, 3.3 mm radius (unoccluded portion with aid in place)

Middle ear impedance

Mean normal human eardrum impedance given by Shaw (1974)

Vent

17 mm long, 0.8 mm radius

Vent external path

20 mm vent-microphone distance, 8 = 90 °

Leak

28 mm long, 0.7 mm radius

Leak external path

10 mm leak-microphone distance, 6 = 90 °

Table 3.4: Details of the in situ vented hearing aid model with slit leak, earmould fitted

incorrectly
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Figure 3.14: Modelled and measured responses for the feedback path with the earmould fitted

incorrectly to the subject’s ear

In all four examples (normal fit, open mouth, smiling face and incorrectly fitted earmould),
the modelled response has been in good general agreement with the measured responses.
Therefore it has been shown that the model is applicable to feedback path response data from
a previous study (Rafaely et al., 2000). It should be noted that all these modelled responses
are approximations since accurate measurements of the leak were not possible and the actual
ear canal dimensions and middle ear impedance were not known. In general, increasing the

leak size raises the amplitude of the response over the entire frequency range.

3.7 Experimental verification of the in situ in-the-ear hearing aid meodel with an
obstruction in the external acoustic feedback path

Feedback often occurs in practice due to the presence of an obstruction near the ear, such as a
hand or a telephone handset. The model of the feedback path has been extended to simulate

the effects of an obstruction (see Section 2.8). In this section, the validity of this model is

tested.

Before verifying the model of the feedback path with an obstruction in the external acoustic
feedback path with measured data, it was necessary to confirm that the model proposed in
Section 2.8 was reasonable. If the model is behaving as expected, the response of the
obstructed mode] should go to that of the normal model when the obstruction tube is large, i.e.
the model should behave as if the vent is radiating into unobstructed space. The effects of
altering the properties of the obstruction tube were investigated in turn, starting with the
radius. Figure 3.15 compares the normal fit model with that of the model with an obstruction

tube of length 10 cm and radius 1 cm, and with that of the model with an obstruction tube of
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length 10 cm and radius 20 cm. The termination impedance R,, = 10*R.,, where the

characteristic impedance Rz, = Ooc/Tr,2. It can be seen that the very wide tube results in a

response matching that of the normal fit model.
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Figure 3.15: Comparison of modelled responses for the normal fit and obstructed feedback

paths

As the length of the obstruction tube increases, keeping the radius and termination impedance
constant (7, = 1 cm and R, = 10¥R ,,), the resonance frequency of the tube becomes lower
so that less peaks occur in the response. The response above 1 kHz is largely unchanged as
L., becomes large compared to the dimensions within the original hearing aid system itself,

and as L,; becomes very long, the model approaches the normal fit response. See Figure 3.16

below.
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Figure 3.16: Effect of changing the length of the obstruction tube
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There is a limit to the amount of reflection caused by changing the termination impedance
Ry This limit occurs when all the energy is reflected and none is absorbed. This is illustrated
by Figure 3.17, which compares the responses obtained with 2 10 cm long, 1 cm radius
obstruction tube with termination impedance R,;, = Repars Rop = 10*Repar, Rop = 50*R g, and Ry
= 500*R, It can be seen that the responses with R,, = 50*R.,- and 500*R,,, are almost

equivalent. No reflections occur when the characteristic impedance is used to terminate the

tube, as expected.
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Figure 3.17: Limiting effect on the amount of possible reflection caused by increasing the

termination impedance of the obstruction tube

Therefore it has been shown that the model behaves as expected: low frequency amplitude

increases when L,, and r,, are decreased, and reflections and resonances at high frequencies

are increased as R, is increased.

In the previous study (Rafaely ez al., 2000), the obstructed feedback path was measured under
three conditions: hand over the ear, hand 10 cm from the ear and hand 20 cm from the ear. As
for the slit leak and normal fit responses, the measurements were made by cutting the
feedback path electrically between the microphone and receiver, omitting the amplifier and

any internal processing. The block diagram of the model is shown in Figure 2.20.

The obstruction model is compared with measured data for a hand 10 cm from the ear in
Figure 3.18. It is also compared with the normal fit model without pinna effects. It can be
seen that the obstruction model gives almost the same response as the normal fit model. The
use of a large tube to model the presence of an obstruction only has a significant effect at low

frequencies. Modelling the enclosure formed by the obstruction and the pinna as a large tube
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affects the radiation impedance of the vent, but does not account for changes in the external
acoustic feedback path caused by the presence of the obstruction. Therefore the large tube
model is insufficient to represent the presence of an obstruction near the ear and the modal
model suggested in Section 2.8 would be a better approach as this would account for

reflections between the obstruction and the ear, which have a greater effect at high

frequencies.
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Figure 3.18: Measured and modelled feedback path responses for an in situ ITE hearing aid

with a hand 10 cm from the ear using both the normal fit and obstruction models

The model needs to be developed further to give an accurate representation of high frequency

reflection and resonance effects. This is outside the scope of this project and is a subject for

future work.

3.8 Application of the model: The time-varying feedback path

A real feedback path changes continuously over time. A simple approximation of the time-
varying feedback path was implemented as a series of feedback path OLTF responses
produced with increasing effective leak radius. This represented a leak increasing in size over
a short time frame, simulating a “continuous™ change in the feedback path. Modelling
changes in the feedback path in this way is used in Chapters 8 and 9 to simulate changes in

the feedback path to be tracked by adaptive feedback cancellation methods.

If we assume that the hearing aid fills the ear canal up to the second bend (Kates, 1988b), and
consider the simple situation where movement of the jaw changes the diameter of the slit leak
while keeping all other parameters constant, it can be seen that the amplitude of the resonance

peaks near 2.5 kHz and 5 kHz increases with increasing leak size (Figure 3.19). The 2.5 kHz
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peak exceeds O dB for leak radii of 4 mm, 6 mm and 8§ mm with 50 dB constant amplifier

gain. The phase of the OLTF is near 0° at this point, so it is likely that the hearing aid would

become unstable under these conditions (Nyquist, 1932).
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Figure 3.19: OLTF of an in situ vented ITE hearing aid showing the effect of increasing slit

leak size

This simulation serves as an illustration of the effects of increasing leak size and was not

verified experimentally.

3.9 Conclusions
Methods have been presented for modelling an in situ in-the-ear hearing aid system using a

combination of electrical analogues in PSpice and acoustic theory in MATLAB. The models
of the components and the entire system response were verified experimentally. There was
some uncertainty in the feedback path model due to variation between the analogues and the
actual transducers and middle ear impedance and uncertainty in the tube dimensions, but the
modelled responses were in good agreement with the measured data for a range of feedback
path conditions with slit leakage. The proposed model of the effects of an obstruction in the

external acoustic feedback path was found to be inadequate; developing an accurate model of

this condition is a subject for future work.

The model verified in this chapter will be used to develop a new parametric method of

adaptive feedback cancellation in subsequent chapters.
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4 Simplified analytic model of an in situ in-the-ear hearing aid system

4.1 Introduction

The matrix model described in the previous two chapters has a large computational load. It
would be beneficial to reduce this load by simplifying the computation of any adaptive
feedback cancellation algorithm based on the model. This chapter presents the derivation and
subsequent simplification of an analytic expression for the feedback path response and
compares its response with that obtained with the full matrix model. The model derived in
this chapter is expected to cover a range of variations in the feedback path such as slit
leakage or changes in the shape of the ear canal due to jaw movements. The analytic model is
verified experimentally, indicating that it will be valid in later work on the development of a
parametric adaptive algorithm for feedback cancellation. A set of analytic expressions is also
derived for the gradient of the feedback path error surface for use in a steepest-descent based

adaptive algorithm (see Chapter 7).

4.2 Deriving a full analytic expression for the measurable feedback path with slit
leakage
In Chapter 2, a two-port network model of the in siru ITE hearing aid feedback path was

developed. The response of the measurable feedback path was given by:

Vulf)_ 1 (4.1)
Vo (f) A (f)

where, at each frequency,

1410!01 Btoml - Ar Br Al Bl AZ BZ 1 0 A3 B3 1 O AF 0 Am 0 (42)
c,.. Dl |C D |c blc, DYz, 1|¢c, DYz, 1]0 0]0 0

total total

The subscripts are defined as in Chapter 2: r denotes the receiver, 1 the receiver tube, 2 the
ear canal, 3 the vent, F the external acoustic feedback path and m the microphone. Zr is the
middle ear impedance and Zy is the vent acoustic impedance. In this section, the vent and leak
are treated as a single tube, referred to as the vent (denoted by the subscript 3). Br, Crand Dy

are set to zero (see Section 2.6), as are B,, (Section 3.3), C,, and D,, (Section 3.2).

Since the feedback path response depends on A, only, it should be possible to calculate the
feedback path response directly from an expression for A,,. As long as the feedback path
has the same form given by Equation (4.2), the expression for A, should be valid.
Calculating the feedback path response directly from an expression for A, should require

less computation than conducting matrix multiplication. Simplifying the expression for Ay
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will also reduce the running time, which will benefit any method of feedback cancellation

based on the model.

The measurable feedback path is described by Equation (4.2). Multiplying out the matrices,
Ao 18 given by:

-
(4.3)

sinh([, L A Z, sinh(I\L, )+ B, cosh(I',L
Lb)), (z'r c‘osh(f(’z},zl)i ersinh(I(‘z 12’))) cosh(iy1)
(z, sinh(T,L, )/Z, )+ cosh(T, L, )
sinh(T, L, )
z

3

(A, cosh(T'\Z, )+ B,

1

=|+(4,Z, sinh(T\L, )+ B, cosh(T,L,))

total

sinh(T,L,)) . (A,Z, sinh(T\L, )+ B, cosh(T L, )) |, .
oL ) Z,smb (L) (2 S (GLs)

(z, sinh(T, L, )/Z, )+ cosh(T, L, )

. +(A,Z, sinh (T, )+ B, cosh(I‘ Ly ))cosh(l"3L3)

Bo_zc(Rx (Zkr3 )+ JX, (Zkr3 ))

[A, cosh(T,L, )+ B,

1

L 7y J
,(n-m\ -1
§ pocrzke’ 2 (2] (kr, sin6) 4
2Rpyc(R, @kr, )+ jX, @kr,))| Ky sin "

Some parts of this expression change over a very long time scale after fitting the hearing aid,
e.g. the transducer parameters and receiver tube dimensions, and these can be considered
constant for the purposes of the model. Other parts will change over a much shorter time
scale, e.g. ear canal dimensions, the external acoustic feedback path and the vent/leak

dimensions (slit leak size varying with time), and are considered variable in the model.

Figure 4.1 compares the response of 1/A,,, with the response calculated by matrix

multiplication. It can be seen that the responses are identical, thus the analytic expression can

be used to model the measurable feedback path.
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Figure 4.1: Comparison of feedback path responses obtained with matrix multiplication

(Equation (4.2)) and the analytic expression (Equation (4.3))

4.3 Deriving a simplified expression for the measurable feedback path

The expression for A,,,; is the product of three main terms: (receiver to vent exit) x (external

acoustic feedback path) x (microphone). First, let us examine the (receiver to vent exit) term:

Z, cosh(T,L, )+ Z, sinh(T, L, )
(z, sinh(T,L, )/ Z, )+ cosh(T, L, )
sinh(T,L,)

3

1

{A, cosh(I“ILi)+ B,

+ (4,2, sinh([,L, )+ B, cosh(T,L, )

sinh(T,L, ) s (A,Z, sinh(T,L, )+ B, cosh(T} L, )
Z, cosh(T,L, )+ Z, sinh(T, L, )
(z, sinh(T,L, ) Z, )+ cosh(T, L, )

N +(A,Z, sinh(T,L, )+ B, cosh(T, L, ))cosh(F3L3)

(A, cosh(T,L, )+ B,

1

sinh(T,Z, ) + (4,2, sinh(T,Z, )+ B, cosh(TLL, ) cosh(T,L,)

Z, sinh(T, L)

c .
!7;;_0;2‘ (Rl (2]"'3 )+ JX, (Zkr3 ))

It was found empirically that
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sinh(T}L,) ) (4,7, sinh(T,L, )+ B, cosh(T\L,))
Z, cosh(T,L, )+ Z, sinh(T, L, )
(z, sinh(T,L, )/Z, )+ cosh(T,L, )

cosh(T,L,)

1

( A, cosh(T\L, )+ B,

could be simplified to

(4,7, sinh(T,L, )+ B, cosh(T}L, )
Z, cosh(T, L, )+ Z, sinh(T, L, )
(z, sinh(T,L, ) Z, )+ cosh(T, L, )

cosh(TL,)

since

(A,z, sinh(T,L, )+ B, cosh(T}L, ))
Z, cosh(T,L, )+ Z, sinh(T, L, )

(z, sinh(T,L, )/ Z, )+ cosh(T, L, )

was about 30 times greater in amplitude than

sinh(T}Z, )
z

1

{Ar cosh(T} L, )+ B,

This is shown in Figures 4.2 and 4.3.
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Figure 4.3: The effect of simplifying Equation (4.5) to Equation (4.6)

Using Equation (4.6) in the expression for A,,,;, very good agreement with the full expression

was obtained (Figure 4.4).

~ - full model, Eq. (4.3}
- — - simplified model using Eq. (4.6, -~
p 9 Eq. (4.6) NN E
P -

Magnitude of {(VoulVin) / dB
1
4
o
T
s
>
L

200 T

/ ~
100 / AN

Phase of (VouWVin) / degrees
<
T
/
/

~200 3 .
10

Frequency / Hz

Figure 4.4: Comparing responses of full and simplified expressions for Ao

Examining the third part of this term, the same form occurs:

A (4.9)
sinh(T,L,)) (4,Z, sinh(T\L, )+ B, cosh(T,L,)) |, .
Z. cosh(T, L, )+ Z, simh(T,L,) [P L)
(z. sinh(T,L, )/Z, )+ cosh(T,L, )
+(A,Z, sinh(T,L, )+ B, cosh(T, L, ))cosh(T, L, )

%)_ZE (R1 (2kr3 )"’ JX, (2kr3 ))

3

(A, cosh(T}L, )+ B,

1
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Making the same simplification, this becomes:

(4.10)

A, Z sinh(T}L, )+ B, cosh(T, _ ,
L sl 2 B oD snir )+ (12, o o 5, cosT L ot

(2 sinh(T, L, )/Z, )+ cosh(T, L, )

B (R, (24, )+ jx, (24n,)

2
3

Using this in the feedback path expression, good agreement with the response of the full

expression is observed (Figure 4.5).
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Figure 4.5: Comparing responses of full and simplified expressions for A, pum

The simplified expression now has the form:

A
(4.11)

(4,2, sinh (1L, )+ B, cosh(T L, )) : sinh(T,L,)
Z oL )5 Z, Soh( L. cosh(T,Z, )+ (A,Z, sinh (T, L, )+ B, cosh(T Z, ))——ZB—

(Z, sinh(T,L, )/Z, )+ cosh(T, L, )

rotal =
A Z, sinh(T}L, )+ B, cosh (T L, ) . .
2 coh(LL )7 Z, smh(LL,) [ sinh (T, L, )+ (4,Z, sinh (T, L, )+ B, cosh(T L, ))cosh(T,Z,)

(Z, sinh(T,L, )/ Z, )+ cosh(T, L, )

2
3 |

Z:C (Rx (Zkr3 )'*' X, (ria ))

-1
{Z_i»
pocrfke{ : ) (2J,(kr,sin6)
X XA,
2Rp,c(R, (2kr, )+ jX ,(kr, ))L kr,sin @

Jd
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There is a common factor, (A,Z;sinh(I';L;) + B,cosh(I'1L;)), in all parts of the first term, so we

can rewrite the expression as:

Apa = (Aer Sinh(rl L, )+ B; COSh(rx L ))

. L (4.12)
Z, sinh(T,L,)
Z, cosh(T,L, )+ Z, simh (0,1, ) | cosh(T3L;)

cosh(T,L,) L sinh@L,) @y sinh(T,L, )2, )+ cosh(T, L, )
Z, cosh(T,L, )+ Z, sinh(T, L, ) Z, DoC ,

12l 2 22 R, (2kr, )+ jX, 2k
(Z, sinh(T, L, )/ Z, )+ cosh(T, L, ) 7zr32( (ks )+ X, k)
L d
r el j{%_k}e} )

pocrs ke \©

(27, (kr, sin6)
x - XA,
2Rooc(R, (2kr, )+ jX, @kr, ) kry sin®

Since the expression is not dependent on the order of the components, unlike matrix

multiplication, the expression can be rearranged:

A = A, x(A,Z, sinh(T,L, )+ B, cosh(T'L,))

° - (4.13)
Z, sinh(T, L) +cosh(T,L,)
Z, cosh(T, L, )+ Z, sinh(T, L, ) 3
cosh(T,L, ) , sioh@L,) |\ & sinh(@,L, )'Z, )+ cosh(T, L, )
Z, c.osh(I“z L,)+Z,sinh(T,L,) Z, PeC (R (okr, )+ X, k)

(2, sinh(T, L, )/Z, )+ cosh(T, L, ) ar}

- L " .
jl ~—kR
« ,0(,cr32kej(2 J 2J, (kr, sin @)
2Rp,c(R, Qkr, )+ jX,(2kr, )| kr,sin@

Consider the three terms dependent on ['; and Lj:
cosh(T,L, ) (4.14)
Z, cosh(T,L, )+ Z, sinh(T, L, )
(2, sinh(T,L, )/ Z, )+ cosh(T,L,)

sinh(T,L,) (4.15)
Z3

83



(4.16)
Z,sinh(T,L;)
Z. cosh(T,L, )+ Z, sinh(T, L, )
(. sinh(T,L, )/ Z, )+ cosh(T, L, )

+cosh (T}, )

_,Oﬂ:_f (Rl (Zkr 3 )+ 28 (Zk’% ))

3

Examining the responses of these terms (Figure 4.6), it can be seen that the magnitude of

Equation (4.16) is much greater than the magnitude of the other two terms, so these smaller

terms can be neglected.

- - Eq. (4.14)
- Eq. (4.15)
-40) — Eq. {4.18)

Amplitude / dB

Phase / degrees

-200 :
10° 16° 10°

Frequency / Hz

Figure 4.6: Comparing responses of Equations (4.14), (4.15) and (4.16)

The simplified feedback path expression now becomes:

A;,a,=m(A,Zl sini[3 L, )+ B, cost[L,)) ] (4.17)
Zy sinl’(l';Ls)
AT AT AT AN . .
(ZT Sinl‘(r\zl'z )/ Z, )+COSI’(F2LZ ) X pocﬁzkej[r ) 2J (k’§ sin@))
g (R (2kr, )+ jx, (2%, )) 2Royc(R, (2kn, )+ jX, (2ery ) Ky sind

The simplified response was within 2 - 3 dB of that of the full expression (Figure 4.7), apart

from above about 7.5 kHz, i.e. in the region of the high frequency resonance peak. However,
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the amplitude of the responses at this frequency was about 20 dB below that of the receiver
resonance peaks, where instability is more likely to occur. Therefore, this simplification

could be deemed valid.
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S -60f /.// N N -
3 - 7 \
s 7ok // o e e \\ .
° - AN {
2 -sof el N
E ~ >z
E ool 7 J
= P
-100 = 4
10 10 10
Frequency / Hz
200 T
o
& r. A N
2 / \\\ [AY ! S
£ 1001 / % i~ | e
S A, N : "
= / ~ | AN v
g . ] \\ [ t
% ok / e | [ ‘g
< / T— i b !
< / S v
~
S -t00k_ / < bl 1
] -— A
£ ~<.t \} N
o N N
~200 .
10° 16° 10°
Frequency / Hz

Figure 4.7: Comparing responses of full and simplified expressions for A

The term representing the external acoustic feedback path, Az can be simplified by

neglecting the directivity term, since

2J, (kr, sin 90°)
kr, sin 90°

(4.18)

=1 over the range 100 Hz to 10 kHz

This is shown in Figure 4.8.
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Figure 4.8: Frequency response of the directivity factor
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Omitting the directivity term may cause a slight increase (about 1 dB) in the peak near 9 kHz,

but otherwise does not seem to have a noticeable effect on the response (Figure 4.9).

0

~ - full model, Eq. (4.3)
- - simplified model, Eq. (4.17) |
— no directivity term, Eq. (4.19)

Magnitude of (Vout/Vin) / dB
i
4
o

Frequency / Hz

Phase of (Vout'Vin} / degrees

-200 L
10° 10° 10°

Frequency / Hz

Figure 4.9: Effect on the response of omitting the directivity factor

Consider the current form of the simplified expression:

A, =A x(A Z sinh([,L )+ B, cosh(T,L,)) (4.19)

1otal

+cosh(T,L, )

-1

Z,sinh(T3L,)
Z, cosh(T,L, )+ Z, sinh (T, L, ) i

(ZT sinh (rz L, VZ,)+cosh(T,L,) pocrike j(E—kRJ

X 2Ry R, @i, )+ 1, (ir,)

%; (R1 (2kr3 )"' JX, (Zkr3 ))

3

Rewriting:

Ay = A, % (A,Z, sinh(T,L, )+ B, cosh (L, ) (4.20)

1otal
r

Z,sinh (T, L, )
Z, cosh(T,L, )+ Z,sinh(T,L,)
| @ sinh ([T, )2, )+ cosh (TLL, ) | 2Rouc(R, 2k, )+ jX , 2k, )
c . i1z
PAE (1, (o, )+ 7, 0. ) pertie )

3

+cosh (L, )
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Cancelling poc(R1(2kr3) + jX1(2krs)):

A=A x(4,Z, sinh(l’lLl)+Br cosh(I‘lLl)) (4.21)

total
Z, sinh(T,L,;) 2R}

Z, cosh(T,L, )+ Z, sinh (T, L, )
(2, sinh(T,L, )/ Z, )+ cosh(T,L, )

+cosh (T, L, )i x

Pqcti ke j[%—w)

and cancelling 7;° in the last multiplying term, we obtain:

A, =A x(AZ sinh([\L, )+ B, cosh (T|L,)) (4.22)

total

Z, sinh (T, L;) 2R
Z, cosh (T,L, )+ Z, sinh (T, L, )

(z, sinh (T,L, )/Z, )+ cosh (T, L, )

+ cosh (F3L3) X

Pocke j(%—m]

Further simplification cannot be made. Good agreement is observed between the responses of

the full and simplified expressions (Figure 4.10).
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Figure 4.10: Comparing responses of full and simplified expressions for A

This implies that only the terms in curly parentheses are dependent on the vent/leak

dimensions. The simplified expression now has the form:

A = (microphone)(receiver & receiver tube)(ear & vent)(external acoustic feedback path).

In this form, it is quite clear which parts of the expression will vary over a short time frame
and which will not. It is likely that the parameters in the simplified expression describe the

dominant characteristics of each component of the feedback path, i.e. these parameters make
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the greatest contribution to the modelled response. Further work is necessary to determine the

exact physical meaning of the simplified model.

Recall the expression given in Section 2.6 for the modification of the vent acoustic

impedance due to the effects of the pinna (Kates, 1988b):
1
’ 1{ (ww) ? ®
Z, ={1+— ——(——/~—-1—-)——7 l-coy 71— ||}Z,
2\ 1+ (/o) @,

The simplified expression for the measurable feedback path can be written to include the

(4.23)

pinna effects by substituting Equation (4.25) for Zv in Equation (4.2) and following the same
process of simplification until no further simplification can be made. This yields:
A‘lalal = &n X (ArZI Slnh(rll‘l )+ Br COS}(nlﬂ ))

|

(4.24)

Z, sinh(T,L;)
Z, coshT,L, )+ Z, s L) | cosh{TiL;)
(2, sinh(T, L, ) Z, )+ cosh(T, L, )

| 2ROoc(R, (2 )+ jX, (%))

X

J

2 MJ’)‘M{”EH 2| L Pt

1
2[1+(a)/a)1 @, 2

e

Cancelling pyc(R1(2krs) + jX1(2krs)) / 15
A =A,%(AZ,sinh(TL, )+ B, cosh(T,L, )

r

(4.25)

Z,sinh(T,L,)
Z, cosh(T,L, )+ Z, sinh(T, L, )

+cosh(T} L, )

(2, sinh(T,L, )/ Z, )+ cosh(T, L, )

X

2R

Z
2

,Oockej(

g l{2]

Good agreement is obtained between the full and simplified expressions with pinna

modifications (Figure 4.11). There are some slight differences above about 6.5 kHz due to the

omission of the first added cosh(I'sLs) term, as observed for the model without pinna effects

(see Figure 4.7).
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Figure 4.11: Comparing responses of full and simplified expressions for Apa with

modifications for pinna effects

Therefore it is possible to derive an analytic expression for the measurable feedback path
from the two-port model developed in Chapter 2. The expression can be simplified without

great loss of accuracy. It is possible to include in the expression the effects of the pinna on

the feedback path response.

4.4 Deriving the analytic gradient with respect to all varying parameters in the hearing

aid system

The parametric adaptive feedback cancellation algorithm presented in Chapters 7, 8 and 9
estimates the gradient of the error surface with respect to the varying parameters. A more
accurate method would use analytic expressions for these gradients. This method is not used

in this work and is proposed as an area for future investigation. However, the analytic

gradient expressions are presented here.

The simplified expression for A,,, with no pinna effects is:

Ao = Ay x(4,Z,sinh (T,L, )+ B, cosh (T, )) (4.26)
Z, sinh (T,L,) : 2R
7o T L) 2, e ) | GL ) (=)
Pocke

(ZT sinh (F2L2 )/Z2 )+ cosh (Fsz)

Recall the expressions for I', and Z,, (Egolf, 1977):
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_ 'Q[ 1+ 2(y ~ )Y, (o, Yo, T, (o, )]j% (4.27)

r =
e\ 1-27,(8,) B 7o (Br,)
%
_,OOC( _27,(B) o o) (2.28)
2 et

Both these expressions contain Bessel functions. For a Bessel function of order m (Pipes,

1958),

T, @)=17, k) (4.29)
and
Jm/(X)= d (J';X(X)): J et (X); T () (4.30)

Recall the chain rule for differentiation (James, 1996). If z = g(x) and y = f{z) then

D _ DAz _ o (4.31)
ol (2)g'(x)

If y=flax + b) and a and b are constants, then

dy p

—=af lax+b (4.32)

— = (ax+b)

Applying the chain rule to the hyperbolic functions, we have:

d sinh (FnLn ) _ 0 sinh (FnLn ) ar’, (4.33)
dr, ar’, ar,

Letx=TI,L,, so

dsinh(T,L,) dsinh(x) ox

L = =cosh(x)L, =L, cosh(l',L (4.34)

pLLe) QSR 35— comn (o, = L, comn 1,2,

and

dsinh (T, L,) L cosh(T,L, )8Fn (4.35)
or, or,
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1
J () Y2 I (er) (4.36)
1+2(y —1)—Lnrr 1+2 1)—1>"nl
ar’, _.ol & )arnJO(arn) 9J 20 )ar J,(ar,)
or, Jc 2 1-2 J,(br,) or, 1-2 J(ﬁ")

Pr.d o (Br,) 6r,d,(Br,)

. ‘]I(arn)

o U G

I AL
Br.J,(Br,)

(1 Zﬂrj % )IZ( -, (a’J J(Oé;r) )D

—[1+2(}"1)&%})‘3 _2_(&]]@&3’? )B

i (o))
L B
where
37, (e, ) { 9J,(r,) .
o e | T { o, 2 s o, o, )] (437
arn(arnJO(arn)J (a"njo(a’”n))z
(o) 50, )= 1 )0, 1, S0 )= G ) o)
) a(r,J, e, ))
and
IR i e s e i) I
arn(ﬁrnjo(ﬂrn)]_. (ﬂrn‘]()(ﬁrn))z
(605 000~ 1,6n )= 1,85 7 5.0 8- 1,8 )+ 70065
) ﬂ(rn Jo («Brn ))7
Similarly,
dcosh(T,L,) I sinh(T.L, )81“ (4.39)

or, " or,

Differentiating Z, with respect to #,,
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0z, . pecll. . J.(Br) O RIE (4.40)
=2 _[ pr,J O(ﬂr )Il 2(}/ 1)CZrJ (O(r)J

e o) BEars o >] —E
|l o0 ek

&+[1 +2(y - l)grjj(a—‘ér)_) - 2_{ ﬂrjf(ﬂgﬁr) )Dj

Using these expressions, we can derive the gradients of A,y with respect to ri, #», and r3.

MAar _ alalz dsinh (F1L1)+sinh r Lllaz1 B dcosh (T,L,) (4.41)
o, or, or, or,
Z,sinh (T, L, ) 2Rx

+cosh (T, L;)

Z, cosh (T, L, )+ Z, sinh (T, L, )
(2, sinh (T, L, )/Z, )+ cosh (T, L,)

Pocke j(%-m)

-ai;f—@— = A, x(A Z, sinh(T,L, )+ B, cosh (T,L,)) (4.42)
r,

{Z sinh (I, L, )=2 ((Z sinh (T, L, )/Z, )+ cosh (T, L, )}}X 2R7

*9r,| Z, cosh (T,L,)+ Z, sinh(T,L,) [5x)
Pocke

where

020 _ ;9% (4.43)
(z,sinh (T,L,)/ Z, )+ cosh (T,L,) ) _ o)_9n or,
8r2 arz §02

z, cosh(FL )+ 2, sinh (T, L, )

in which
9o _ 9 ((z, sinh (T,L, )/ Z, )+ cosh (T,L, )) (4.44)
or, 0r,
, Osinh L) sinh (T, )
.y © o arz | Ocosh T,L,)
4 Z; or,
and
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(4.45)

24" =2z, cosh (T,L, )+ Z, sinh (T, L, )
r g

e (L), S EL) o 7
d or, : or, 272 or

=7

2

@g")—ml = A, x(A,Z, sinh (T,L,)+ B, cosh(T,L,)) (4.46)
13
osinh (T,L,) . 0Z
Z, ———232 4 sinh ([ L, )=
’ or, sinh (13, or, N 0 cosh ([4L,) o 2R7
Z, cosh (T,L, )+ Z, sinh (T, L, ) or, j(%_m}
(2, sinh (T,L, )/Z, )+ cosh (T, L, ) Pocke
Similarly, we can obtain expressions for the gradients with respect to the tube lengths:
%‘2@1- = A_x(4,2Z,I, cosh ([\L, )+ BT sinh (T,L,)) (4.47)
1
Z, sinh (T,L,) 2R7
Z cosh (0,1, )+ Z, simh (D,1) |+ O (CsL: )y e
(z, sinh (T,L, )/Z, )+ cosh (T, L, ) Pocke
%ALLHI =A_x(A,Z, sinh(T,L, )+ B, cosh(T}Z,)) (4.48)
2
w17, sinh(T,L,) 0 ((z,sinh(T,L,)/ Z,)+ gosh T,L,) o 2R7
oL,| Z,cosh(T,L,)+ Z,sinh(T,L,) j[g-kza}
Pocke V°
where
o ( (z,sinh(T,L, )/ Z, )+ cosh (T,L, ) (4.49)
OL,| Z,cosh(T,L,)+ Z,sinh (T,L,)

~((z, sinh (T,L, )/ Z, )+ cosh (T, L, )XZ, T, sinh (T, L, )+ Z,T, cosh (T,L,))

{ (2, cosh (T',L, )+ Z, sinh (T, L, )X(Z,T, cosh (T,L, )/ Z, )+ T, sinh (T, L, )) }
) (z, cosh (T,L, )+ Z, sinh (T, L, )
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A _ A, x (A Z, sinh(T\L, )+ B, cosh(T',L,)) (4.50)

oL,

Z.I', cosh (T, L, ) . 2R7
Z cosh (0.1, )+ Z, sinh (T,2,) |+ 13 sinh L ) > ()
(z, sinh (T,L, )/Z, )+ cosh (T,L, ) Pocke

X

Differentiating with respect to the transducer parameters, external acoustic feedback path

length and middle ear impedance:

S = (42, sinbL )+ B, cost(F L) 1)
Z, sinh(T,L, ) . 2R7
Z, cosh(T,L, )+ Z, sinh([,L, ) +cosh( L, ) e
(ZT Sinh(r oL )/ Z, )+ COSh(rsz ) Pocke -
Sest = 4, (2,500 (1) (452)
Z, sinh (F3L3) 2R
Z, cosh (L, )+ Z, snh () |+ O (L) ey
(z, sinh (T, L, )/Z, )+ cosh (T, L,) Pocke
—————-—a;;’“z =A, X (cosh (IL, ) (4.53)
Z, sinh (F3L3) 2Rm
Z, cosh (L, )+ Z, snh (L) |+ ! (0L )y [5s)
(z, sinh (T,L, )/Z, )+ cosh (T, L, ) Pocke
(4.54)

ag%al =4, X (ArZ] sinh (I, Z, )+ B, cosh (T,,)
\

Z, sinh (T,L,) +cosh(T,L, ) 27z(1+ jkR)

Z, cosh (T,L, )+ Z, sinh (T, L, )
(z, sinh (T, L, )/Z, )+ cosh (T,L, )

pPocke j[ %—kR)
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%‘*7 — A x (4,2, sinh (DL, )+ B, cosh (0,1, ) (4.55)
T
w17, sinh (L, 0 [(Z,sinh(T,L,)/ Z,)+ f:osh T,L,) y 2R7T__
0Z, | Z, cosh(T,L, )+ Z, sinh (T,L, ) j[?——kRJ
Pocke \?
where
3 [(z,sinh(T,L, )/ Z, )+ cosh(T,L,) (4.56)

3Z; | Zy cosh(T,L, )+ Z, sinh (T, L, )
_ (2, cosh(T, L, )+ Z, sinh (T, L, )Ysinh (T, L, )/ Z, )~ ((Z sinh (T, L, )/ Z, )+ cosh (T, L, ))cosh (T, L, )
(. cosh(T,L, )+ Z, sinh(T, L, )}

These expressions can be used in a frequency domain form of the parametric adaptive

algorithm described Section 7.8.

4.5 Implementation of the simplified analytic model

The simplified analytic expression was implemented in MATLAB version 6.1.0.450, release
12.1 (May 2001), on a Hi-Grade Ultis PV2 PC with a Pentium II 400 MHz processor and
131072K total memory, running Windows 2000. The program called the data files containing
the transducer two-port network parameters and middle ear impedance data. Since the
expression contained fewer terms than the matrix multiplication used previously, the
computational efficiency of the model was improved. It was found that simulating the
measurable feedback path with the simplified analytic expression took about 87% of the
running time of the two-port network matrix multiplication calculation. Further to this, the
MATLAB code could be made more efficient through the use of vector calculations that were
not possible in the matrix form, so that the analytic expression calculated the feedback path
response in 14% of the running time of the matrix multiplication calculation. The average
running time of the analytic expression function was 0.311s. (MATLAB version 6 no longer

has the facility to count floating point operations, so the running time is given in seconds.)
A practical feedback cancellation algorithm would need to be implemented on a DSP (digital

signal processing) chip within the hearing aid. Hyperbolic functions can be expressed in

terms of power series (Stroud, 1995):

et —e” (4.57)
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e’ +e” (4.58)

cosh x =

where
x2 XS

ef=1+x+—+"—+... (4.59)
21 3

These functions can be evaluated using look-up tables, as can the Bessel functions (Stremler,
1990). Alternatively, approximated functions can be implemented with optimised C code
(Press et al., 1988). This will take up less memory than a look-up table but will be slower to

run. There is a trade-off between speed and the required amount of memory.

4.6 Experimental verification of the analytic model for the measurable feedback path
with slit leakage

The analytic expression (Equation (4.22)) was used to calculate the measurable feedback path
for the normally fitted earmould example from Chapter 3. The dimensions and transducers
used in the expression were as before (Table 3.1). In Figure 4.12, the response obtained with
the analytic expression is compared with the two-port model response from Chapter 3 and the
measured response from a previous study for an in situ ITE hearing aid fitted normally to the

right ear of an adult male subject (Rafaely ez al., 2000).
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Figure 4.12: Measured and modelled feedback path responses for an in situ ITE hearing aid

fitted normally to a human subject

As in Chapter 3, it can be seen that there is general agreement between the shape of the

measured and modelled responses and there is good agreement for the phase. The differences
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in amplitude and resonance frequencies are due to the approximations made in the model and

the variation of the transducers from the ideal devices described by the electrical analogues.

Simulating the feedback path using the simplified expression with modifications for pinna
effects (Equation (4.25)), it can be seen that the expression with pinna modifications gives
better agreement with the measured feedback path than without the pinna modifications

(Figure 4.13), as seen in Chapter 3.
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Figure 4.13: Measured and modelled feedback path responses for an in situ ITE hearing aid

fitted to a human subject with modifications for pinna effects

These results show that the analytic expression can be used in place of the matrix model to
simulate the measurable feedback path for normal fit examples. For the remainder of this
thesis, it is assumed that the vent and slit leak are modelled as a single tube, varying the
radius of the tube to represent a varying amount of sound leakage (see Section 2.7).
Therefore the simplified analytic model can also be used to simulate the measurable feedback
path with slit leakage. This will be verified in Chapter 5 using numerical optimisation

techniques.

4.7 Conclusions

An analytic expression for the measurable feedback path has been developed, modelling the
vent and leak as a single tube, and including the effects of the pinna. It has been shown that
the expression can be simplified, as many terms in the original expression were found to be
negligible. The simplified analytic model can represent a measured feedback path with a

normally fitted hearing aid and with slit leakage, and will be used to develop the new
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parametric adaptive feedback cancellation algorithm in Chapter 7. The set of expressions
derived for the analytic gradient with respect to each varying parameter is intended to be used

in a future form of the parametric adaptive algorithm.
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5 Ability of the simplified analytic model to fit measured feedback paths
5.1 Introduction

The aim of this project is to develop a parametric adaptive algorithm (PAA) that uses the
feedback path model described in Chapters 2 — 4 to cancel the feedback signal; this is a novel
approach to the feedback problem. In order to use the simplified analytic model in this
algorithm, it must be shown that the model is able to represent the full range of possible
measured feedback paths. It has been shown in Sections 3.4 — 3.6 that reasonably good
agreement can be obtained between the modelled feedback path response and the measured
data by careful choice of the values of the parameters within the model. However, to
demonstrate that the model is valid, it needs to be applied to a wide range of measurements,
including data for different types of feedback path (e.g. with large amounts of slit leakage and
obstructions in the external acoustic feedback path) and for different human subjects, and
show a very close fit to the measured responses. In this chapter, the simplified analytic model
is fitted to a range of measured feedback path responses using numerical optimisation
techniques. At this stage, the closeness of the fit is more important than the parameter values
returned by the optimisation, which may not correspond to realistic physical dimensions. The
subjects featured in this chapter were adult males; the data were obtained in a previous study

(Rafaely et al., 2000).

5.2 Methods of optimisation

Numerical optimisation techniques often aim to minimise some objective function, J, in order
to achieve the best fit between a model and experimental data. In this case, the 2-norm of the

difference between the modelled and measured responses was chosen:

2
J=|m(f)-F(r],
where M(f) is the modelled feedback path response and F(f) is the measured feedback path

(5.1)

response.

There are two main types of optimisation: unconstrained and constrained. The former allows
the parameters to take any values, while the second imposes limits and conditions. MATLAB
version 6.1, release 12.1 (May 2001), was used for the simulations performed in this thesis
(see Section 4.5 for further details). The MATLAB Optimisation toolbox (version 2.1.1,
release 12.1, May 2001) has a set of built-in functions which were used throughout this
chapter. Several functions from the MATLAB optimisation toolbox were considered. It was
found that the best results were obtained using fminunc, which found the minimum of a

nonlinear unconstrained multivariable function using a quasi-Newton method consisting of
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determination of the direction of search followed by a mixed quadratic and cubic polynomial

line search (for further details, see the release notes for MATL.AB release 12.1).

5.3 Possible limitations on the optimisation

In this chapter, numerical optimisation is used to adjust the parameters in the model to fit the
response to measured data. However, limitations in the model may prevent the achievement
of a very close fit, and if a close fit cannot be obtained, any method of feedback cancellation
based on the model may not be able to cancel feedback signals sufficiently to prevent
oscillation. It was shown in Section 3.4 that the responses of the transducer analogues differ
from those of the actual devices. Also, we have no knowledge of the subject’s middle ear
impedance and must represent it by mean data or an electrical analogue. Differences in the
middle ear impedance can have a significant effect on the response of the hearing aid system
(Gilman et al., 1981). These factors mean that there is some uncertainty in the model. Since
we are only varying the physical dimensions in the hearing aid model to begin with, it may
not be possible to obtain exact agreement with the measured responses. Altering the tube

dimensions may not be sufficient to compensate for the approximations in the transducer and

middle ear models.

Inspection of the code for the transducer analogues showed that altering the values of certain
resistors, capacitors and inductors was used to model different devices while retaining the
overall structure of the analogue (Kates 1988b; LoPresti and Carlson, 1999). From this, we
can infer that changing components of the transducer analogues, either manually or through
some sort of adaptation, would change the response. Therefore optimising the values of
analogue components could improve the fit of the model to the measured data. Similarly,
optimising the component values in the middle ear analogue could improve the fit of the

model. This is investigated in Section 5.5.

5.4 Optimisation of the model with mean middle ear impedance to fit measured normal
fit responses

Optimisation was performed to fit the simplified analytic model described by Equation (4.22)
to a range of measured feedback paths. The simplest case to consider is that of the normal fit
response, as each part of the hearing aid system can be represented by the model and there are
no unknown parameters such as the size of a slit leak around the earmould. The model was
fitted to the measured normal fit response for the left ear of subject BO, obtained in a
previous study (Rafaely et al., 2000). The receiver tube length L;, the ear canal length L,, the
ear canal radius r;, the vent length L; and the external acoustic feedback path length R were

optimised. The receiver tube radius r; and the vent radius r; were provided by the earmould
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manufacturer and so had known, constant values; these values are given in Table 5.1 for all
the examples in this chapter. The initial values of L, and r, were taken from estimated ear
canal dimensions (Kates, 1988b). The other dimensions were taken from approximate
measurements on the earmould for subject BO’s left ear. The transducer analogues used
throughout this chapter were those of the ED-1913 receiver (which was identical to that of the
ED-1975 receiver used experimentally; the transducers differed only in their physical
configuration and had identical properties (Knowles, 1997)) and the EM-3046 microphone,
which was used in the experiment. Throughout this chapter, the maximum optimised radii

values were limited to 1.0 cm to prevent 1/ errors in the simulation due to limitations in the

narrow tubing model (see Section 2.8); this is indicated where appropriate.

Subject | Ear Receiver tube radius | Vent radius
BO Left 0.07 cm 0.08 cm
BO Right 0.07 cm 0.08 cm
AL Left 0.07 cm 0.105 cm
AL Right 0.07cm 0.105 cm
WK Left 0.07cm 0.105 cm

Table 5.1: Known constant values of the receiver tube and vent radii for all examples in this

chapter

Table 5.2 gives the initial and optimised parameter values:

Parameter Symbol Initial value | Optimised value
Receiver tube length L l4cm 1.5691 cm

Ear canal length L, 1.2 cm 0.0603 cm

Ear canal radius r 0.33cm 1.0 cm (value limited)
Vent length L, 2.0 cm 1.1336 cm

External acoustic feedback | R 1.0cm 3.7012 cm

path length

Table 5.2: Initial and optimised parameter values for the normal fit response, subject BO, left

ear

These values were not all in good agreement with the expected values based on physical
observations. This was because the model had to alter the values of the physical dimensions
to compensate for the errors introduced by lack of knowledge of the actual transducer

responses and the subject’s ear canal dimensions and middle ear impedance. Although the
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values were not realistic, the modelled response was closer to the actual response after
optimisation had been performed. A constant gain of 10 dB had been added to the model
before optimisation to improve the ability of the optimisation procedure to fit the model to the
measured response by partially compensating for the intrinsic errors in the model. The pinna
effect modifications were not included in the model. Compare the agreement between the

modelled and measured responses in Figure 5.1 below with that in Figure 4.12 in Section 4.6.

1
&
oS

—— measured data ! -

— — initial mode!
- = optimised model |

!
w
=

-70

Amplitude of (Vout/Vin} / dB

Frequency / Hz

200

g

N
8

Phase of (Vout/Vin) / degrees
=

~-200

Frequency / Hz

Figure 5.1: Comparison of modelled response with measured data before and after

unconstrained optimisation for subject BO’s left ear

The same procedure was carried out on the modelled response for subject AL’s left ear. The

constant receiver tube and vent radii are given in Table 5.1. The initial and optimised values

of the variable parameters were (Table 5.3):

Parameter Symbol Initial value | Optimised value

Receiver tube length L 1.2 cm 1.4498 cm

Ear canal length L, 1.2cm 0.1428 cm

Ear canal radius 7 0.33 cm 1.0 cm (value limited)
Vent length Ls 13 cm 1.6555 cm

External acoustic feedback | R 1.0cm 3.5092 cm

path length ’

Table 5.3: Initial and optimised parameter values for the normal fit response, subject AL, left

ear

As before, after optimisation, the model was in close agreement with the measured data. See

Figure 5.2.
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Figure 5.2: Comparison of modelled response with measured data before and after

unconstrained optimisation for subject AL’s left ear

The same procedure was applied to subject WK’s left ear. The constant receiver tube and vent

radii are given in Table 5.1. The initial and optimised values of the variable parameters were

(Table 5.4):

Parameter Symbol Initial value | Optimised value
Receiver tube length L 1.3cm 1.3552 cm

Ear canal length L, 1.2cm 1.3321cm

Ear canal radius r 0.33 cm 0.3071 cm
Vent length Ly l.6cm 0.5102 cm
External acoustic feedback | R 1.0 cm 4.5912 cm

path length

Table 5.4: Initial and optimised parameter values for the normal fit response, subject WK, left

ear

Again, after optimisation, the model was in reasonably close agreement with the measured

data. See Figure 5.3.
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Figure 5.3: Comparison of modelled response with measured data before and after

unconstrained optimisation for subject WK'’s left ear

Therefore numerical optimisation has been shown to improve the fit of the model to measured
feedback path responses. The optimal parameter values may not be realistic physical

dimensions, but at this stage only a few parameters are varied and the values of these must

compensate for the uncertainty in the model

5.5 Optimisation of the model with middle ear electrical analogue to fit measured

normal fit responses
Up to this point, the model has been using mean middle ear impedance data (Shaw, 1974)

since no information was available for the human subjects. However, an electrical analogue
(de Jonge, 1996) could also be used to represent the middle ear impedance (see Section 2.6).
It was possible to optimise some of the components within this analogue to further improve

the fit of the model to the measured data.

Two components, the capacitance Cg.yy representing the compliance of the middle ear
cavities (termed C1 in Figure 2.9) and the inductance L,,; representing the mass of the part of
the eardrum attached to the malleus, the malleus itself and the incus (termed L3 in Figure
3.6), were chosen to be optimised, along with L;, L,, 5, L; and R as before. The initial values
for the electrical analogue elements were those given in Figure 3.6: Cipyiy = 5.45 UWF and L,; =
40 mH. Again, optimisation was performed using the function fminunc to fit the model to

the measured normal fit data for three human subjects.

The initial and optimised values for the left ear of subject BO are given in Table 5.5. The

constant parameter values are given in Table 5.1.
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Parameter Symbol Initial value | Optimised value
Receiver tube length L 1.4cm 1.5684 cm

Ear canal length L, 1.2cm -0.1450 cm
Ear canal radius P2 0.33 cm 0.9869 cm
Vent length Ls 20cm 0.8255 cm
External acoustic feedback | R 1.0cm 3.2753 cm

path length

Middle ear cavity compliance | Ceayiry 5.45 uF - 87.2948 F
Mass of malleus and incus L 40 mH -23.7mH

Table 5.5: Initial and optimised values for the normal fit response, subject BO, left ear

As in the previous section, the optimised values were not all physically realistic, especially
that of Cuuy, but the optimised model was in good agreement with the measured data (see
Figure 5.4). Note that some of the values returned by the optimisation were negative. The
absolute values were taken when calculating the modelled feedback path responses
throughout this section, unless the negative values gave a better fit. (Since we are only
optimising two elements of the electrical analogue, realistic values are not expected to result.

Obtaining a greater understanding of which elements give the best fit when varied is a subject

for future work.)
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Figure 5.4: Comparison of modelled response with measured data before and after

unconstrained optimisation for subject BO’s left ear

Performing the optimisation for subject AL, left ear data, the constant parameters are given in

Table 5.1 and the initial and optimised parameter values are given in Table 5.6:
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Parameter Symbol Initial value Optimised value
Receiver tube length Ly 1.2cm 1.4497 cm

Ear canal length L, 1.2cm 0.1488 cm

Ear canal radius ra 0.33cm 1.0000 cm (value limited)
Vent length Ls 1.3 cm 1.5993 cm

External acoustic feedback | R 1.0cm 3.6856 cm

path length

Middle ear cavity compliance | Ceayiry 545 uF -725.7076 F

Mass of malleus and incus Lo 40 mH - 83 mH

Table 5.6: Initial and optimised parameter values for the normal fit response, subject AL, left

ear

Again, not all the values were physically realistic, but good agreement with the measured data

was obtained (Figure 5.5).
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Figure 5.5: Comparison of modelled response with measured data before and after

unconstrained optimisation for subject AL’s left ear

The initial and optimised parameter values obtained after performing the optimisation for

subject WK, left ear data, are given in Table 5.7 and the constant parameter values are given

in Ta

ble 5.1.
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Parameter Symbol Initial value | Optimised value
Receiver tube length L 1.3 cm 1.2527 cm

Ear canal length L, 1.2cm 1.9010 cm

Ear canal radius r2 0.33 cm 0.3334 cm
Vent length L; 1.6 cm 0.2537 cm
External acoustic feedback | R 1.0cm 5.1735 cm

path length

Middle ear cavity compliance | Ceairy 5.45 uF - 88.3400 F
Mass of malleus and incus Lo 40 mH 15.8 mH

Table 5.7: Initial and optimised parameter values for the normal fit response, subject AL, left

ear

As for the previous examples, some of the values were not physically realistic, but reasonably

good agreement with the measured data was obtained (Figure 5.6).

i)
$ &

]
[
o

Amplitude of (VoutViny / dB
Yoy
o <

i
@©
=]

—— measured data
~ = initial model
- = opfimised mode!

]

Frequency / Hz

Phase of (Voul/Vin) / degrees

Frequency / Hz

Figure 5.6: Comparison of modelled response with measured data before and after

unconstrained optimisation for subject WK’s left ear

Performing the optimisation for subject AL, right ear data, the constant receiver tube and vent

radii are given in Table 5.1 and the initial and optimised values of the variable parameters are

given in Table 5.8:
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Parameter Symbol Initial value Optimised value
Receiver tube length L, l4cm 1.4110 cm

Ear canal length L, 1.2cm 0.1223 cm

Ear canal radius r2 0.33cm 0.7641 cm
Vent length L, 1.6 cm 1.2747 cm
External acoustic feedback | R 1.0cm 3.7677 cm

path length

Middle ear cavity compliance | Cegiry 5.45 uF -44.0127F
Mass of malleus and incus _Lm,- 40 mH - 60.8 mH

Table 5.8: Initial and optimised parameter values for the normal fit response, subject AL,

right ear

Reasonably good agreement with the measured data was obtained (Figure 5.7) although the

parameter values were not all physically realistic.
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Figure 5.7: Comparison of modelled response with measured data before and after

unconstrained optimisation for subject AL’s right ear

Therefore in all cases, good agreement with the measured data was achieved by optimising

the physical parameters and some elements of the middle ear analogue, although the optimal

values did not all correspond to observed measurements.
5.6 Optimisation of the model to fit measured slit leak responses

Examining the measured responses for the three slit leak conditions (open mouth (Figure

3.12), smiling face (Figure 3.13) and wrong fit (Figure 3.14)) and comparing them with the
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normal fit response (Figure 3.10)), it can be seen that the open mouth and smiling face
conditions are very similar to the normal fit. Therefore the best demonstration of the ability of
the model to cover a range of responses is to show that it can represent the wrong fit response
adequately. The uncertainty introduced by the large leak means that it is more difficult to get

good agreement between the modelled and measured responses.

Optimisation was performed to fit the model to the wrong fit, left ear data for subject BO,
using the same initial values and constant receiver tube radius as before, but this time also

varying the vent radius, r;, from an initial value of 0.5 cm. The parameter values before and

after optimisation were (Table 5.9):

Parameter Symbol Initial value | Optimised value
Receiver tube length L l4cm 1.6150 cm

Ear canal length L, 1.2cm 0.1305 cm

Ear canal radius 7 0.33cm 1.0000 cm (value limited)
Vent length L; 2.0cm 2.0180 cm

Vent radius r3 0.5 cm -0.0764 cm

External acoustic feedback | R 1.0cm 2.5851 cm

path length

Middle ear cavity compliance | Ceayiry 545 uF -2954110F

Mass of malleus and incus L 40 mH 51.5mH

Table 5.9: Initial and optimised parameter values for the normal fit response, subject BO, left

ear
o

A negative radius is physically meaningless, but the response is the same as with a positive

radius value since all the functions acting on r; in the model are even.

The fit was reasonably good (see Figure 5.8). Fitting the earmould wrongly leads to changes

in the feedback path that may be hard to predict.
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Figure 5.8: Comparison of modelled response with measured wrong fit data before and after

unconstrained optimisation for subject BO’s left ear

Optimisation was also performed to fit the model to the wrong fit, right ear data for subject

BO. The constant receiver tube radius r; is given in Table 5.1. The initial and optimised

values of the variable parameters are given in Table 5.10 below:

Parameter Symbol Initial value | Optimised value
Receiver tube length L 1.2 cm 1.0623 cm

Ear canal length L, 1.2 cm 1.6755cm

Ear canal radius ¥a 0.33 cm 0.1610cm

Vent length L; 1.8 cm 2.6632 cm
Vent radius 3 0.106 cm 0.0370 cm
External acoustic feedback | R 1.0cm 0.9716 cmm

path length

Middle ear cavity compliance | Ceaiy 5.45 uF - 130.3255F
Mass of malleus and incus Ly 40 mH 53 mH

Table 5.10: Initial and optimised parameter values for the normal fit response, subject BO,

right ear

The fit was reasonable, though again agreement was not as close as for the normal fit
condition (Figure 5.9). Despite this, in both cases, the model showed fairly close agreement

around the high amplitude receiver resonance peaks at which instability is most likely to

occur.
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Figure 5.9: Comparison of modelled response with measured wrong fit data before and after

unconstrained optimisation for subject BO’s right ear

The optimal values in these examples bear little relation to observed physical parameters, but
show that a reasonably good fit is achievable by altering components of the middle ear
electrical analogue as well as the physical dimensions in the model. Better understanding of
the effects of alterations in the transducer and middle ear analogues would lead to optimal

values which are closer to the measured dimensions.

Therefore it can be concluded that the model is capable of fitting a wide range of feedback
path conditions with varying slit leakage, and that a better fit could be achieved if an

investigation was made into which elements of the middle ear electrical analogue gave

greatest control over the response.

5.7 Optimisation of the model to fit measured responses with an obstruction in the

external acoustic feedback path

It was found in Section 3.7 that the proposed large tube model of an obstruction in the
external acoustic feedback path was not valid. However, the existing feedback path model has
been shown to fit reasonably closely to a range of measured responses with slit leakage so the

model may be able to compensate for the reflection and resonance effects caused by the

obstruction.

The normal fit model with the middle ear electrical analogue was fitted to the measured
response for a hand 20 cm from the ear for the right ear of subject BO (Figure 5.10). The
constant receiver tube and vent radii are given in Table 5.1. The initial and optimised

parameter values are given in Table 5.11. The normal fit model was able to give a good
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representation of the measured feedback path since the response was similar to that with no

obstruction present.

Parameter Symbol Initial value | Optimised value
Receiver tube length L 12cm 0.9920 cm

Ear canal length L, 1.2 cm 1.4374 cm

Ear canal radius s 033 cm 0.2152 cm
Vent length Ls 1.8 cm 1.9663 cm
External acoustic feedback | R 1.0cm 1.9410 cm

path length

Middle ear cavity compliance | Ceaiy 5.45uF 0.8691 uF
Mass of malleus and incus Lo 40 mH 15.991 nH

Table 5.11: Initial and optimised parameter values for the response with a hand 20 cm from

the ear, subject BO, right ear
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F igure 5.10: Comparison of modelled response using normal fit model with measured data

for a hand 20 cm from the ear before and after unconstrained optimisation for subject BO’s

right ear

The model was fitted to the measured response for a hand close to the ear for the right ear of
subject BO (Figure 5.11). Agreement was not good at all frequencies, though the general
shape of the modelled response was similar to that of the measured response. Bearing in mind
the lack of knowledge of parts of the system, the fit is reasonable as a first approximation.

The constant radii values were as before. The initial and optimised parameters are given in

Table 5.12:
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Parameter Symbol Initial value | Optimised value
Receiver tube length Ly 1.2cm 1.6034 cm

Ear canal length Ly 1.2cm 1.5884 cm

Ear canal radius 2 0.33 cm 0.1822 cm
Vent length Ls 1.8 cm 2.0573 cm
External acoustic feedback | R 1.0cm 1.6902 cm

path length

Middle ear cavity compliance | Ceayiry 545 uF 0.1304 uF
Mass of malleus and incus Ly 40 mH 21.7mH

Table 5.12: Initial and optimised parameter values for the response with a hand close to the

ear, subject BO, right ear
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Figure 5.11: Comparison of modelled response using normal fit model with measured data

for a hand close to the ear before and after unconstrained optimisation for subject BO’s right

ear

The hand close to the ear is the hardest case to model as there will be reflections from the
hand interfering with the signal as it travels from the vent to the microphone. These effects
are hard to predict. The fairly reasonable fit to the data indicates that the model is versatile in

its simplest form and may be used if an improved obstruction model is not available.

5.8 Conclusions
It has been shown that unconstrained numerical optimisation can be used to improve the fit of

the model of the feedback path to measured data obtained for different human subjects under

various conditions, such as in the presence of slit leakage or with an obstruction near the ear.
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The choice of the variables to be optimised may affect the fit. Future work could address the
optimisation of more elements of the middle ear analogue, and the optimisation of elements of
the transducer analogues so that the optimal values of the physical dimensions were in closer

agreement with the observed values.

Good agreement between the optimised model and the measured data was observed for
responses where the earmould was fitted normally to the subject. It has been shown that the
basic, normal fit model can be fitted reasonably well to responses with slit leakage and with
an obstruction in the external acoustic feedback path. Therefore the basic model can represent
a wide range of measured feedback paths with slit leakage and obstructions, and will be used

in the development of a new parametric adaptive feedback cancellation algorithm in Chapters

7-9.
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6 Suitability of the analytic model for use in adaptive feedback

cancellation

6.1 Introduction
In this chapter, the simplified analytic model derived in Chapter 4 is evaluated for use in a

new method of adaptive feedback cancellation, presented in Chapter 7, which updates
estimated parameter values in a model of the feedback path used to cancel the feedback
signal. Adaptive algorithms require a cost function or objective function; the theory of this is
explored in the following section. Simulation results are presented for error surfaces
calculated using modelled and measured feedback path data. The error surfaces demonstrate
the degree of suitability of the aﬁalytic model for use in an adaptive algorithm. A smooth,
convex error surface results in convergence of a steepest descent-based algorithm to the
minimum. An irregular, non-convex surface can make convergence to the global minimum
slower, more difficult or even impossible. Local minima may occur and the algorithm may
converge to these minima instead of the global minimum, producing an inaccurate model of

the feedback path, which results in insufficient cancellation of the feedback signal.

6.2 Cost functions
Adaptive algorithms require a clear objective when adjusting parameters. Frequently, this

objective is the minimisation of some cost function, J. The cost function is a function of the
set of varying parameters, p: J = J(p). Plotting this cost function against the varying
parameters produces an error, or performance, surface. A common cost function is the mean

square error, E[e’], where the error signal is the difference between the estimated and desired

signals.

The method of steepest descent is a common way of traversing the error surface (see Section
1.5). To ensure that the algorithm converges to the minimum, the surface must be convex
with a global, unique minimum and no local minima. An error surface is convex if all points
on the curve lie below a line drawn between two points on the curve. If the surface was
concave, i.e. had a global maximum rather than a minimum, the mean square error would be

negative. This is impossible with real, physical signals (Widrow and Stearns, 1985).

Recall the method of steepest descent:

new parameter = old parameter - o (local gradient)

o is the convergence coefficient.
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The local gradient is defined as d(cost function)/d(parameter), evaluated at the current

parameter value.

Consider the simple system with a single filter weight in Figure 6.1:

Figure 6.1: Adaptive system with a single filter weight

The estimated signal is:
y(n)=Wx(n)

and the error signal is:

e(n)=d(n)-y(n)=d(n)-Wx(n) ' (6.2)

(6.1)

Hence the cost function is:
J = Ele* = E|(@ -wa} |= Ela? |- 2wE[ax ]+ w2E[x*]

so J has quadratic dependence on the parameter W.

(6.3)

The optimum value of W can be found by setting dJ/dW to zero, i.e. by finding the minimum
of the error surface. With a single coefficient, the cost function varies as a quadratic curve.
With two coefficients, it varies as a quadratic surface. A quadratic surface has a unique
minimum and no local minima if E[x*] > 0. With N coefficients, the cost function will vary as
an N-dimensional surface in N + 1 dimensions. The error surface is a fixed quadratic function
of the filter weights when the input and desired responses are both statistically stationary
(Widrow and Stearns, 1985), and is rigid in its coordinate system. The adaptive algorithm
must move down the slope of the error surface towards the minimum. If the signals are
nonstationary, the error surface moves within its coordinate system and the algorithm must

track the minimum as it moves (Widrow and Stearns, 1985).

Infinite impulse response (IIR) filters, i.e. those with poles as well as zeroes, can produce
non-quadratic error surfaces with local minima and unstable regions (Widrow and Stearns,
1985), so a steepest descent-based algorithm may not be a suitable approach to finding the

global minimum in this case. Before using any adaptive algorithms, it is necessary to
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determine whether the error surface has a unique global minimum and no local minima. If
local minima occur, a steepest descent-based algorithm might not converge to the correct

solution and would not give exact agreement with the actual feedback path.

In the simulations presented in this chapter, the cost function was the 2-norm of the difference
between the actual feedback path, F(f), and the modelled feedback path, M(f, p). F can be a

measured feedback path response or a known model.

The 2-norm is the squared difference between M and F summed over all frequencies:

s = (s.0)-F (Y. 64

Expanding this and using discrete frequencies, we can see that the cost function has quadratic

dependence on M:
K4 (6.5)

I(p)= ZlM(k,p)—-F(kf = g(M ~FYM -—F)*:Z]sz ~2Re{MF }+|F|’

k=0
There is no prior knowledge of the actual feedback path response F.

6.3 Error surface produced by fitting the analytic model to a modelled feedback path

In this section, the error surface was calculated using a known model to represent the actual
feedback path, F(f), so that the modelled feedback path M(f) was capable of exact agreement
with the actual path and a global minimum would be expected to occur. The model had the
form shown in Figure 2.8 and was described by Equation 4.22. The known model had seven
fixed physical parameter dimensions, given in Table 6.1. The other constant parts of the
model, the transducers and middle ear impedance, are given in Table 6.2. The modelled
feedback path, M(f), varied the physical parameter values to produce the error surface. Each
parameter was varied over a range of feasible physical dimensions, given in Table 6.3. As
each parameter was varied, the other six parameters remained constant at the default values
(Table 6.1) unless stated otherwise. It is not possible to visualise an error surface in eight
dimensions (seven varying parameters plus the objective function), so the objective function
was plotted against each variable on a separate graph (Figures 6.2 — 6.8). Throughout this
chapter, the vent incorporated slit leakage, assuming that both the vent and effective slit leak

tube were of the same length and at the same distance from the microphone input (see Section

2.7)
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Parameter Symbol Default value
Receiver tube length L 1.2 cm
Receiver tube radius 77 0.7 mm

Ear canal length L 1.5cm

Ear canal radius 7 3.5mm

Vent length Ls 1.7cm

Vent radius 73 4.176 mm
External acoustic feedback path length | R 2.0cm

Table 6.1: Default physical parameter values for the modelled feedback path, M(f)

Feedback path component

Parameter symbols | Modelled by:

Microphone A, Knowles EM-3046 analogue
Receiver A, B, Knowles ED-1913 analogue
Middle ear impedance Zr Mean measured data (Shaw, 1974)

Table 6.2: Models used for constant parts of the feedback path

Parameter Symbol Range of values | Error surface shown in
Figure:

Receiver tube length L 05~2.0cm 6.2

Receiver tube radius ry 0.5~ 1.5mm 6.3

Ear canal length L, 1.0-2.0cm 6.4

Ear canal radius s 2.0 -~ 6.0 mm 6.5

Vent length L; 1.0-25cm 6.6

Vent radius r3 0.1 ~8.0mm 6.7

External acoustic feedback R 0.5-3.0cm 6.8

path length

Table 6.3: Range of physical parameter values used in the model to produce the set of error

surfaces shown in Figures 6.2 — 6.8

It can be seen from Figures 6.2 — 6.8 that each error surface obtained using a known model to

represent the actual feedback path has a unique minimum at the expected parameter value.

This shows that if the constant parameter values in the model allow close agreement with the

actual path (i.e. if the fixed parts of the model are the same as those in the actual feedback

path), the mode] can reproduce the actual response and the minimum of the error surface will

be defined clearly. However, although a global minimum was observed, this was within a pre-
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defined range; local minima may occur outside this range. Note that even though the
minimum was well defined, the error surfaces were not convex, indicating that the

multidimensional error surface is complicated and may prove difficult for a steepest descent-

based algorithm to navigate.
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Figure 6.2: Receiver tube length error surface: modelled actual feedback path, F(f)
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Figure 6.3: Receiver tube radius error surface: modelled actual feedback path, F(f)
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Figure 6.4: Ear canal length error surface: modelled actual feedback path, F(f)
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Figure 6.5: Ear canal radius error surface: modelled actual feedback path, F(f)
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Figure 6.6: Vent length error surface: modelled actual feedback path, F(f)
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Figure 6.7: Vent radius error surface: modelled actual feedback path, F(f)
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Figure 6.8: External acoustic feedback path length error surface: modelled actual feedback

path, F(f)

Examining two-dimensional contour plots obtained by plotting the cost function against pairs
of varying parameters, the irregularity of the error surface is obvious. A convex quadratic
error surface would have parallel elliptical contours; these plots have irregular contours,
spaced at non-constant intervals (Figures 6.9 — 6.12). Generally, the contours become more
widely spaced around the minimum, indicating that the error surface is shallow around this

point and the global minimum is poorly defined. The minimum is marked with a cross in each

plot.
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Figure 6.9: Contour plot of error surface, varying length and radius of receiver tube:

modelled actual feedback path, F(f)
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Figure 6.10: Contour plot of error surface, varying length and radius of ear canal tube:

modelled actual feedback path, F(f)
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Figure 6.11: Contour plot of error surface, varying length and radius of vent: modelled

actual feedback path, F(f)
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Figure 6.12: Contour plot of error surface, varying vent length and external acoustic

feedback path length: modelled actual feedback path, F(f)

6.4 Error surface produced by fitting the analytic model to a measured feedback path

In this section, the actual feedback path, F(f), was represented by measured data for the
normal fit feedback path response for the right ear of subject BO (Rafaely et al., 2000). The
modelled feedback path, M(f), varied the physical parameters to produce the error surface as
before. The default parameter values are given in Table 6.4. The rangé of physical dimensions

used in the model is given in Table 6.5. The constant parts of the model are given in Table 6.2

as before.
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Parameter Symbol Default value
Receiver tube length L, 1.2cm
Receiver tube radius 7 0.7 mm

Ear canal length L, 1.5cm

Ear canal radius o 3.5 mm

Vent length L; 1.7 cm

Vent radius 73 0.8 mm
External acoustic feedback path length | R 20cm

Table 6.4: Default physical parameter values for the modelled feedback path, M(f)

Parameter Symbol | Range of values | Error surface
shown in Figure:

Receiver tube length L 0.5-2.0cm 6.13

Receiver tube radius r; 0.5-1.5mm 6.14

Ear canal length L, 0.01-2.0cm 6.15

Ear canal radius s 1.0 -4.0 mm 6.16

Vent length Ls 0.5-3.0cm 6.17

Vent radius 3 0.1 -8.0mm 6.18,6.19
External acoustic feedback path length | R 0.05-4.0cm 6.20

Table 6.5: Range of physical parameter values used in the model to produce the set of error

surfaces shown in Figures 6.13 - 6.20

The set of error surfaces is shown in Figures 6.13 — 6.20. None were convex, but a global
minimum occurred using the default values for the constant parameters in the model in all but
the ear canal length, vent length and vent radius error surfaces (Figures 6.15, 6.17, 6.18 and
6.19 respectively). In the first and last of these cases, no well-defined minimum was observed
over the range of interest, and in the second, local minima occurred. The surfaces were
recalculated, changing the constant value of the ear canal radius r, from 3.5 mm to 2.0 mm.
This changed the shape of the ear canal length error surface, making it almost convex with a
global minimum near L, = 1.05 ¢cm (Figure 6.15). However, even with this change in the
value of a constant parameter, local minima remained in the vent length error surface (Figure
6.17). The constant value of the ear canal radius r; was changed from 0.8 mm to 1.2 mm as
well as changing r; to 2.0 mm. This produced a non-convex surface with a global minimum
(Figure 6.17). The vent radius error surface was not convex with the default constant

parameter values and had no clear minimum (Figure 6.18). Changing the constant value of the
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ear canal radius 7, from 3.5 mm to 2.0 mm produced a clear global minimum near r; = 1 mm;

this was seen more clearly over the range 0.1 mm to 2.5 mm (Figure 6.19).

This demonstrated that the choice of constant parameter values in the model had a significant
effect on the shape of the error surface by affecting the amount of possible agreement

between the modelled and measured responses.

1041
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Figure 6.13: Receiver tube length error surface: measured actual feedback path, F(f)
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Figure 6.14: Receiver tube radius error surface: measured actual feedback path, F(f)
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Figure 6.15: Ear canal length error surface, calculated with v, = 3.5 mm and r, = 2.0 mm:

measured actual feedback path, F(f)

4.5

25F

Mean square error

o I I L ) L
0.1 0.15 02 0.25 0.3 0.35 c.4 0.45 0.5

Radius of ear canal/ em

Figure 6.16: Ear canal radius error surface: measured actual feedback path, F(f)
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Figure 6.17: Vent length error surface, calculated with r; = 3.5 mm, r, = 2.0 mm, and r, =

2.0 mm and r; = 1.2 mm: measured actual feedback path, F(f)
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Figure 6.19: Vent radius error surface, calculated with r, = 2.0 mm: measured actual

feedback path, F(f)
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Figure 6.20: External acoustic feedback path length error surface: measured actual feedback

path, F(f)

Therefore it has been shown that the choice of constant parameter values in the model affects
the shape of the error surfaces calculated for measured feedback path response data. The error
surfaces were ill-defined and not convex, indicating that a steepest descent-based algorithm

may have difficulty finding the global minimum. Local minima may occur if the constant

values in the model are poorly chosen.

As in the previous section, two-dimensional contour plots were obtained by plotting the cost

function against pairs of varying parameters, using the default values given in Tables 6.2 and
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6.4 for the constant physical parameters in the model unless stated otherwise. Again, these
surfaces had irregular contours, spaced at non-constant intervals (Figures 6.21 — 6.24). The
minimum of the error surface could not be shown as the parameter values required to obtain
exact agreement with the actual feedback path response were unknown; however, the contour
plots indicated that the global minimum could lie outside the range of interest for some
parameters (e.g. Figure 6.21). This suggests that the parameter values required to fit the
model in its current form to the measured response may not correspond with feasible physical

dimensions, as observed in Chapter 5.
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Figure 6.21: Contour plot of error surface, varying length and radius of receiver tube:

measured actual feedback path, F(f)

0.4

0.351

Radius of ear canal/ cm
o
n o
o o
T

o
[
T

015

0.1 L .
02 0.4 0.6 08 1 1.2 1.4 18 1.8 2

Length of ear canal/ cm

Figure 6.22: Contour plot of error surface, varying length and radius of ear canal: measured

actual feedback path, F(f)

129



0.8 T

Q7

X3 of

o
n
T

Radius of vent/ ecm
o
>

o
w

ozr

01k

I » : 5
1 15 2 2.5 3

0.5
Length of vent/cm

Figure 6.23: Contour plot of error surface, varying length and radius of vent: measured

actual feedback path, F(f)

zsa i

Length of vent/cm
»N

n

1

OASk L L L ‘ i L :
4

0.5 1 1.5 2 25 3 3.5
External acoustic feedback path length / cm

Figure 6.24: Contour plot of error surface, calculated using r, = 2.0 mm, varying vent length

and external acoustic feedback path length: measured actual feedback path, F(f)

6.5 Conclusions
The error surfaces obtained with both modelled and measured actual feedback paths were

non-convex and irregular and may present problems to a steepest descent-based algorithm.
The choice of the constant parameter values in the model affects the amount of agreement that
is possible between the modelled and actual responses and care muét be taken that this does
not result in local minima. This suggests that a more accurate model of the feedback path
might be required with well-defined bounds on the parameter values in order to improve the
behaviour of the error surface and thus improve the performance of steepest-descent based

adaptation processes such as that proposed in Chapter 7.
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7 Development of a parametric adaptive algorithm (PAA) for feedback

cancellation

7.1 Introduction

This chapter presents a novel approach to the feedback cancellation problem, the parametric
adaptive algorithm (PAA). This is intended to use knowledge of the components of the
hearing aid system to produce a more accurate model of the feedback path, potentially leading
to greater cancellation of the feedback signal and allowing stable use of higher gains. The
algorithm uses the analytic model of the feedback path developed in previous chapters to
form the estimate of the feedback path used to cancel the feedback signal. The estimated
physical parameter values are adapted to track changes in the feedback path. The restricted
number of parameters results in a low order algorithm that is intended to track changes in the
feedback path quickly. The ability of the algorithm to remain robust to such changes is not
investigated in this thesis and is a subject for future work. The PAA is derived from the
method of steepest descent and compared with a steepest descent analysis of the LMS
algorithm. A practical PAA is then presented which uses FIR filtering and is based on the
structure of the LMS algorithm. The MATLAB implementation of the algorithm and its

computational efficiency are discussed. The performance of the PAA is investigated in

simulation studies in Chapters 8 and 9.

7.2 The feedback identification problem

Feedback occurs in hearing aids when amplified sound leaks back from the ear canal to the
input of the microphone. The feedback signal is not known beforehand and must be identified
in order for it to be cancelled successfully. Feedback cancellation aims to estimate the
feedback signal and subtract it from the microphone input signal so that only the desired
audio signal remains. Adaptive filters are commonly used in feedback cancellation to track
changes in the feedback path. However, the estimated model produced by the filter is never
perfect and the feedback signal is never cancelled entirely (Rafaely et al., 2000). Instability
can still occur, mainly at high gain levels. A block diagram of a hearing aid system with

adaptive feedback cancellation is shown in Figure 7.1 overleaf.

F is the transfer function of the feedback path from the receiver input to the microphone
output, shown in Figure 2.8 and modelled by Equation (4.22). K is the transfer function of the
internal processing of the hearing aid, including amplification, shaping of the desired
frequency response to suit the needs of the user, sub-band filtering, and compression (Kates,
1991, 1999; Greenberg et al., 2000; Hellgren and Forsell, 2001; Hellgren, 2002). W is the

transfer function of the adaptive feedback cancellation filter. Such a system operates in
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closed-loop, so the identification of the time-varying feedback path F by the cancellation

filter W is complicated by the action of the processing in K (Kates, 1999; Greenberg ef al.,

2000).

F G—
audio
) +
input
signal + +
K B
- b. 1
w G

/

Figure 7.1: Block diagram of a hearing aid system with adaptive feedback cancellation

For the investigation of the proposed new algorithm in this thesis, the problem is simplified to
open-loop operation, omitting the internal hearing aid processing, K. The study of the

algorithm in closed-loop operation is a topic for future work.

A further simplification made in this work is the assumption that the input to the adaptive
system, x, is a filtered white noise signal, as shown in the block diagram of the open-loop
system in Figure 7.2. v is a white noise signal, 7 is a shaping filter, d is the desired signal, i.e.
the feedback signal to be identified and cancelled, y is the estimated feedback signal produced
by passing the input signal x through the adaptive filter W, and e is the error signal, the

difference between the estimated and actual feedback signals, used to update the coefficients

of W.

Figure 7.2: Block diagram of the open-loop feedback cancellation system
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7.3 Adaptive identification using the NLMS algorithm

The Normalised Least Mean Square (NLMS) algorithm is a common approach to the
feedback problem at the time of writing, for example in the direct method of feedback
cancellation (Kates, 1999; Hellgren, 2002). It is widely used, being straightforward to

implement and computationally efficient. The NLMS algorithm is used as a reference for the

performance of the new parametric algorithm in Chapters § and 9.

The LMS algorithm is presented in Section 1.5. For the system shown in Figure 7.2, the set of

filter coefficients w(n) are updated according to:
W(n+1)= W(n)+ ae(n)x(n) (7.1)
The NLMS algorithm has the form:

= (7.2)
w(n+1) W(n)+ T( )x( )+€ e(n)x(n)

€ is a small constant used to avoid dividing by zero. The rate of convergence of the NLMS

algorithm will be constant even when the input signal power fluctuates (see Section 1.5).

7.4 Steepest descent analysis of the LMS algorithni

Many adaptive feedback cancellation algorithms are based on the method of steepest descent
(Widrow and Stearns, 1985). Initially, the parametric adaptive algorithm presented in this
thesis is analysed using a non-stochastic algorithm based on the method of steepest descent
(derived in Section 7.5), allowing investigation of the modes of convergence without the
misadjustment caused by a stochastic estimated gradient. In this section, a steepest descent
LMS algorithm is derived so that the performance of this form of the parametric adaptive

algorithm can be compared directly to that of the LMS.

In the method of steepest descent, the filter coefficients are updated according to:

Wi+ 1)= win)-a=2— (7.3)

ow(n)
In the LMS algorithm, the cost function is the mean square error:
=Elez(n)J= w/ Rw—-2w'p+c (7.4)

SO

a—J=2RW—2p~—-Rw--p (7.5)
ow
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R is the square matrix of autocorrelation functions of the input signal, x(n) (Widrow and
Stearns, 1985). All the terms in every diagonal are the same; R is a Toeplitz matrix, i.e. all the
elements on the main diagonal are equal and all the elements on any diagonal paralle] to the

main diagonal are also equal (Haykin, 1996).

r,0) @) r.@) - (7.6)
@ n0) @ -

R=2Kx= 700 0 ) -

The autocorrelation function r.(t) is given by the Inverse Fast Fourier Transform of the

power spectral density S,.(f) (Haykin, 1996):
r.@)=FFT{s . (F)} (7.7)

The cross-correlation function p = r,(T) is given by the Inverse Fast Fourier Transform of the

cross-spectral density S,.(f) (Haykin, 1996):

pP= E[X(”}Z(n)]: [rxd (0), Tea (1)»---”}:1 (N"l)]r (7.8)

ra@)=FFT7{s,(f )} | (7.9)

For the feedback cancellation system shown in Figure 7.2, the input signal x is produced by

passing the white noise signal v through the filter 7. The power spectral density of x, Su(f), is

given by (Widrow and Stearns, 1985);'
SL(HAT)P S, (f) (7.10)

As v is white noise, S,,(f) is a constant, 6,2, therefore:

S(HEATF) ol (7.11)
and
@)= FFT{|T(f)F o2} (7.12)

The cross-spectral density, S,«f), is given by (Widrow and Stearns, 1985):
Su(F)=F(fB.(F)=F(T() o (7.13)

SO

134



p=FFT F(AIT()P 02}

(7.14)

Equations (7.6), (7.12) and (7.14) can be substituted into Equation (7.5) to find 9/ / dw and

hence update the filter coefficients w according to Equation (7.3).

If T= 1, x becomes a white noise signal and S,.(f) is a constant, o,>. Hence r,, = 8(n)o,” and R

=Ic,%, where I is the identity matrix.

The cross-correlation function is now defined by:

Su(F)=F(f);

p=r, =FFT " {o?F(f)}= 0t (n)

f(n) 1s the impulse response of the feedback path.

Thus

9 _Rw ~p=cIw-c(n)
ow

:—-———a'z(lw f(n))

=>~—~<7 s (wn)-£(n)

Therefore, the update equation with a white noise input signal is:

w(n+1)=wn)+ac?(wn)-£())

(7.15)

(7.16)

(7.17)

(7.18)

(7.19)

(7.20)

This update equation is independent of the input signal and so will not be affected by its

stochastic nature. The impulse response of the feedback path is not known in a real hearing

aid system, so this is not a practical algorithm.

7.5 Steepest descent analysis of the parametric adaptive algorithm (PAA)

In the previous chapter, the error surface formed by the 2-norm of the difference between the

modelled and actual feedback path responses was examined. The method of steepest descent

can be applied to find the global minimum of this surface. This method is used here to derive

a new parametric adaptive algorithm for feedback cancellation.
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Consider the general block diagram of the adaptive feedback cancellation system below

(Figure 7.3):
— F
v - X q Y e

Figure 7.3: Block diagram of an adaptive feedback cancellation system using an adaptive

modelled feedback path, M

T is the frequency response of the filter through which the white noise input signal, v, is
passed. If T = 1, the input to the adaptive system, x, is white noise. If the input signal is
speech-shaped noise, | T |[* gives the averaged long term RMS speech spectrum. The aim of
using a speech-shaped filter is to make the model of the system more realistic, and the effect
is to increase the sound energy at some frequencies and decrease it at others. This will slow
down the NLMS algorithm compared to its performance with white noise. (In white noise, all
samples are uncorrelated so each filter coefficient adapts independently of the others. The
LMS error surface is circular and all modes converge at the same speed. However, there is
some correlation between samples in speech-shaped noise and the error surface has both fast
and slow modes. These slow modes limit the overall speed of convergence (Widrow and
Stearns, 1985).) The convergence speed of the parametric adaptive algorithm may be less
affected by speech-shaped noise than the NLMS algorithm since it updates physical

parameter values in the model rather than the filter coefficients, as will be shown in this

section.

The cost function J is defined for the system in Figure 7.3 as the 2-norm of the difference

between the actual and modelled feedback path responses:

J@)=|T(f XF(r)-M(f ,P)]lz (7.21)

The modelled feedback path M is a function of the set of varying parameters p.

In conventional algorithms, such as the NLMS, the parameters are the filter coefficients.

Here, the proposed algorithm updates estimates of the physical parameters used to generate

136



the modelled response M(f, p). Each varying parameter p has its own convergence coefficient

. J
0, and local gradient Vp = é—

dp

current value of p.

To simplify the development of the algorithm, V, is approximated by a fixed estimate AJ/ Ap.
Ap is a small constant fraction of p, chosen to allow sufficient resolution in the value of p. For

each varying parameter p, we use two adjacent estimates to derive AJ:

A

p. -( p+—3) (7.22)
2
A

p. ——-(p ——7:13) (7.23)

Firstly, the modelled response M(f, p) is calculated for these estimated parameter values:

M.=M(f,p,) (7.24)

M_=M(f,p.) (7.25)

The cost function is calculated for each of the estimated parameter values, p. and p.:

I )=|rTF-m, )} (7.26)

2

Jp)=rF-m_); (7.27)

Hence the local gradient of the error surface with respect to the parameter p is estimated by:

v oo AN _Jp)-I0) (7.28)
P P Ap Ap

The estimated parameter is then updated:

pl+1)=p)-a,v, (7.29)

This is the principle behind the parametric adaptive algorithm (PAA).

For a white noise input signal, 7=1 and

I )=|F-M.|; (7.30)
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I(p)=|F-m_|; (7.31)

When studying the PAA using the steepest descent update equation (Equation (7.29)), it is
assumed that F(f) is known, either as a modelled or measured response, and since M(f) can be
calculated directly from the model of the hearing aid system, we can calculate J(p.) and J(p.)
without performing any filtering. In this case, the estimate of the gradient of the error surface
is independent of fluctuations in the input signal, so the convergence of the parametric
algorithm is affected only by the shape of the error surface and is the same each time the

simulation is performed.

In practice, F(f) is unknown, so this steepest descent method can only be used in simulations
where F(f) is known and not in real-time feedback cancellation. However, the steepest descent
PAA shows the modes of convergence more clearly and is useful for studying the effect of the

error surface slope on convergence separately from the effect of misadjustment noise.

7.6 FIR filter-based implementation of the PAA
A practical implementation of the PAA which does not assume knowledge of the feedback

path F has been developed. It uses FIR filtering and is based on the implementation of the
LMS algorithm. The simplest case is that of a hearing aid system with a single varying
parameter. Although several parameters may change simultaneously in reality, varying a
single parameter allows the theory behind the algorithm to be presented clearly. The PAA

with multiple parameters is presented in Section 7.7.

Consider the adaptive system in Figure 7.2, replacing the LMS FIR filter W with an FIR filter
H representing the modelled feedback path M.

The coefficients of the FIR filter representing the actual feedback path F are obtained from

the impulse response of the feedback path, i.e.

h,, = FFT{F(f)} (7.32)

The desired signal d(n) is given by
d(n)=h,"x(n) (7.33)

The modelled feedback path, M, is dependent on both frequency f and the set of parameters p,
where p = (r1, Ly, 12, Ly, 13, L3, R, An, A,, B, Z7), and these parameters are defined in Chapter
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2. M(f, p) is given by the reciprocal of the simplified analytic expression for the feedback path

response:
1
M(f.p)=—"r— (7.34)
) Awtal (f’p)
where, at each frequency,
A = Ay X (4,Z, sinh (T,Z, )+ B, cosh (T, L, ) (7.35)
Z, sinh (T, L, ) 2R

7 cosh (L, )7 Z, smh (L) | T eoh (0L, (5]

(, sinh (T,L, )/Z, )+ cosh (T, L, ) Pocke \*

', and Z, are defined by Equations (2.20) and (2.21) respectively.

For a single general varying parameter p, initially the estimated values are defined in the same

way as for the method of steepest descent analysis:

p.(n)= p+-A—2£ (7.36)
p-(n)= p*%fz (7.37)

—~

The FIR filter coefficients are given by the Inverse Fast Fourier Transform of the modelled

responses:
h, = FFT"{M(f.p. )} (7.38)
h_=FFT M (f,p.)} (7.39)

The filter output signals are given by:

y.(n)=h"x(n) (7.40)

y_(n)=h_"x(n) (7.41)

The error signals are calculated using:

e,(n)=d(n)-y,(n) (7.42)

e (n)=d(n)-y_(n) (7.43)
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The estimated gradient of the error surface with respect to p is given by the gradient of the

instantaneous error surface:

vV = eln)=eX(n) (7.44)
P Ap

The estimated parameter values are then updated:

p:(m+1)=p.(n)-a,v, (7.45)

The estimate of the gradient depends on y.(n) and y.(n), which in turn depend on the input

signal x(n). If x(n) is stochastic, the estimated gradient will be stochastic as well.

A block diagram of the FIR filter implementation of the single parameter PAA is shown in

Figure 7.4.
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Figure 7.4: Block diagram of the FIR filter implementation of the single parameter PAA
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7.7 Extending the PAA to multiple parameters

More than one varying parameter will be required to model a realistic feedback path, so this
section presents the formulation of a multiparametric adaptive feedback cancellation
algorithm. As stated in Section 2.7, some components of the feedback path vary over short
time frames, such as changes in the external acoustic feedback path due to the presence of an
obstruction or changes in the amount of slit leakage. Properties of other components such as
the transducers change over a much longer time scale, so that they can be considered
effectively constant for the purposes of the PAA. Table 7.1 presents likely time frames for
variations in the parameters in the feedback path model (Oliveira, 1997; Hellgren et al.,
1999b). The structure of the model given by Equation (4.22) clearly shows that the equation

can be separated into parts that will change over a short time frame and parts that are

effectively constant (see Section 4.3).

Component Parameter symbols | Probable time frame for variation
Microphone An Weeks — months

Receiver A, B, Weeks — months

Receiver tube Li, ry Days — weeks

Ear canal Lo, 1y Milliseconds — minutes

Vent (incorporating slit leak) | Ls, r3 Milliseconds — minutes

Middle ear impedance Zr Days — weeks

External acoustic feedback | R Milliseconds — minutes

path

Table 7.1: Time frames for variation in components of the feedback path

Using the general approach described for the PAA with a single varying parameter, each
additional parameter will require another pair of FIR filters, so the computational load will

increase. As more parameters are added, the configuration of the algorithm becomes more

complicated.

In a similar manner to the single parameter steepest descent analysis described in Section 7.5,
each parameter has a pair of estimated filters calculated with the current estimated values of
the parameter under consideration, p;, and p.., and the values of the other parameters, py.,

where p; + pr; = P, the set of all ] parameters.

Ap.
Ry



Ap.
. :[ p— TPJ (7.47)

The modelled response is calculated using these estimated values of the parameter under

consideration and the set of all other parameters:

Mi+:M(f’pi+’p1-i) (7.48)

M_=M(f.p._.pi:) (7.49)

The cost function J is calculated for each estimated parameter:

I, )=|TF-M.): (7.50)

Jp )=r(F-m_); (7.51)

Hence the local gradient of the error surface with respect to p; is estimated by:

@ ](pH_) J(pl_) (7.52)
Ap,

The estimated parameters are then updated. Each parameter has its own convergence

coefficient, ¢,

Pz (n+1)= Pis (n)—aiﬁi (7.53)

A practical implementation of the multiparametric algorithm can be made in a similar way to
that shown in Section 7.6. For each parameter p;, the coefficients of a pair of FIR filters are

given by the impulse responses of the modelled responses ;. and M.,.:

hi+ :FFT_I{M(f’pi-r’pl—i)} (7.54)

h,_=FFT™{M(f.p._.p..)} (7.55)

The filter output signals are given by:
T
v, (2)=h."x(n) (7.56)

¥ (n)=h,_"x(n) (7.57)
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The error signals are calculated using:

e.(n)=d(n)-y.@) (7.58)

e (n)=d(n)-y._@) (7.59)

The estimated gradient is given by the gradient of the instantaneous error surface with respect
top:

2 2
_ & (n)— € (n) (7.60)
V, =4

Ap,
Each parameter has a particular convergence coefficient, o The estimated parameter values

are then updated for all p according to:

pii(n+1): Dis (n)_aivi (7.61)

A block diagram of the multiparametric algorithm is shown in Figures 7.5 and 7.6. Figure 7.6
shows the structure of the PAA for two varying parameters, p; and p,, using the update
procedure shown in detail in Figure 7.5 for each parameter, and indicates that the algorithm

could be extended for additional parameters in the same way.

A A
e R P P R QU R Y A
! 1 1 |
i IFFT IFFT i
! y Y A !
| ! ! |
? M(f, piw, 1) M(f, p.. prs) I
! ) , {
i + é eH-(n) ez-(n) ;
i ! ) v v
g i’ P, (n+1)= P (n>_aivi }_—-‘\—: ——————————————— N 61 (I’l)"eiz_ (n) :
. 3 B ayvennl
: i .

L e ey P
| ! H I
: dela {
! Y i | delay ? i
I : : ;
Lo Co ! i
S OO OO SO i
! H
pir(n) pi(n)

Figure 7.5: Block diagram of the update procedure for each varying parameter, p, used in

the parametric adaptive algorithm shown in Figure 7.6
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Continues in the same way for additional varying parameters e

Figure 7.6: Block diagram of FIR filter implementation of the parametric adaptive algorithm

with multiple parameters, using the update procedure for each parameter shown in Figure

7.5
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7.8 Frequency domain PAA

Estimating the error surface gradient by FIR filtering as presented above is a crude method
that requires more than one FIR filter for each varying parameter. For a multiparametric
system, many filters will be required, resulting in a large computational load. It is preferable
to obtain the gradient analytically. This is easier to do in the frequency domain. In Chapter 4,
a set of expressions was derived for the analytic gradient with respect to each varying
parameter. These expressions could be used when implementing the PAA in the frequency

domain. The development of such an algorithm is outside the scope of this thesis, but a

suggested approach is described here.

Consider the system in Figure 7.3. The cost function to be minimised, J(f,p), depends on the
range of frequencies, f = [f, f1, f2, ...], and on all the varying parameters in the model, p = [L,,

71, lQ’ ra, L3s r, R7 Ama Ar: Bra ZT]

Each varying parameter p will require an update equation of the form:

pln+1)= p(n)_apzai(_&’;) (7.62)
f dp
where p(n + 1) is the new estimate of the parameter, p(n) is the old value of the parameter, o,

- aJ(f.
is the convergence coefficient for the parameter p and ___gf__P_) is the gradient of the cost
D

function with respect to p.

If the block mean square error, Zez(n), is chosen as the cost function J, and, using

n

Parseval’s relation (Oppenheim and Schafer, 1975):

N-1 5 1 N-1 5 1 N-1 . (763)
Dlele) == |EE) == E()E" (k)

n=0 Nio Ni%

then, in the frequency domain for each frequency, f:

a_JzaEE:EQE_+E*3_E=2Re E*Qg (7.64)
op dp op dp dp

The error signal £(f) is given by:

E=D-Y=D-MX (7.65)
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D(f) is independent of the modelled feedback path and so is independent of all p. Therefore:

aE*E:ZRe E 9L el - oRe E*——a(MX) (7.66)
dp op dp op

Assuming that the input signal X(f) is independent of all p, then at a single frequency,

_E.)_Ejgz_zRe E*xé‘}l{ (7.67)
dp op

Therefore, the update equation can be written as:

oM } (7.68)

pn+1)= p(n)+ 2, ZRe{E*X —
s op

oM
dp

differentiating the expression for the feedback path, A, With respect to each parameter in p.

X(f) and E(f) are known. is given by the set of analytic expressions found by

Recall that:
1 ,
M(f.p)=—r— (7.69)
) Iqwtal (f’p)

Using the chain rule (James, 1996),

oM _ oM 0,y 1 Ay (7.70)
ap a‘4x‘oz‘al ap AZOMI ap

o
—%’-”—’i’-l- is given by the set of analytic expressions for the gradient derived in Section 4.4.
D

The amount of filtering required for the frequency domain PAA would be of the order of N

logN for a filter of length N, the same as for the frequency domain LMS algorithm.
A practical implementation of this frequency domain algorithm is a topic for future work.

7.9 Misadjustment and block adaptatioﬂ

Both the NLMS and parametric adaptive algorithms use an instantaneous estimate of the true
gradient of the error surface. The filter weights for the NLMS algorithm, and the estimated
parameter values for the PAA, will converge towards the optimum values over time.

However, even when the algorithm is close to the optimum values, the error will not be zero,
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so that the filter weights or parameter values have a random variation causing an excess mean
square error. The magnitude of this excess m.s.e., Jexcess, 1S used to define the misadjustment
(Haykin. 1996):

é’ — Jexcess (7 7])

J

Jmin is the minimum m.s.e. produced by the optimum values of the filter coefficients or

physical parameter values.

The misadjustment ( is a measure of how close the algorithm gets to the optimum solution.
The smaller the value of , the more accurate the algorithm. The misadjustment can be

reduced by using a smaller convergence coefficient, o, at the expense of slowing down the

rate of convergence.

Another method for reducing misadjustment is block adaptation. The basic LMS algorithm

updates the filter coefficients after every iteration. Consider the update equation below:

w(n+L)=w(n)+ a(x(n)e(;z)-i— o+ x(n+L-1e(n+L-1)) (7.72)

(7.73)

win+L)= w(n)+agx(n+l)e(n+l)

Changing the sample index n to an index of a block of L samples, m, where n = mL, the
update equation can now be written as:

w(m+1):w(m)+0¢l:—é—§x(mL+l.)e(mL+l)} 774

=0

The instantaneous estimates of the gradient are collected over L iterations, summed and
averaged before being added to the previous estimate of the filter coefficients. This gives
smoother convergence than the basic LMS algorithm and reduces the misadjustment. For a

block of size L, the convergence coefficient becomes O.L.

Block adaptation can be implemented in a similar way for the PAA:

G ef(mL+l)~—e_2(mL+l)J (7.75)
A

plm+1)= plm)+ apz{_z

1
L= \p

Although convergence is smoother with block adaptation, this is at the expense of the speed

of convergence, since several iterations must elapse before a new estimate of the gradient is
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produced. Nevertheless, block adaptation is used in the stochastic gradient simulation

examples in Chapters 8 and 9 to overcome problems with misadjustment and noisy gradient

estimates.

7.10 Choosing a suitable convergence coefficient

The value of the convergence coefficient, o, must be chosen with care if fast convergence is
to be achieved without overshooting the minimum of the error surface. Currently, a method
has yet to be developed for selecting the parametric convergence coefficients, ., analytically.
The values of o, used in the simulations presented in Chapters 8 and 9 were chosen
empirically and adjusted after inspection of the estimated gradient for a preliminary
simulation. The maximum step size |&,V,| was limited to 1 mm for all parameters to limit the
amount of misadjustment, although it may have been preferable to use a smaller limit for
parameters with smaller values such as the vent radius; this could be applied in future
versions of the algorithm. As a rule of thumb, the values of o, were chosen to give |0,V,| = 1
mm for the largest value of V,. The gradient was usually large at the beginning of the

adaptation, reducing as the algorithm adapted towards the minimum of the error surface.

7.11 Computational complexity
The number of operations performed by the LMS algorithm is of the order of 2N, where N is

the filter length. The small computational load is one of the reasons for the widespread use of
the algorithm. The PAA, in contrast, has a large computational load, since it must calculate
the modelled feedback path response twice for each varying parameter (p = Ap/2) at each
iteration, as well as performing filtering and updating the estimates of the parameters. In its
current form, the real-time efficiency of the PAA is less important than demonstrating its
potential as a robust method of feedback cancellation capable of converging to a good

estimate of the actual feedback path in relatively few iterations.

All simulations in this thesis were performed using MATLAB version 6.1.0.450 with the
specifications given in Section 4.5. The MATLAB implementation of the PAA has not been
optimised for efficiency. This project investigates the feasibility of the algorithm and does not
yet cover a practical implementation that could be compared with the real time operation of

the NLMS algorithm. This is a topic for future work.
7.12 Effect of parameter variability on the modelled response

It is possible that changing a particular parameter may have a similar effect on the feedback

path to changing a different parameter so that the PAA may be unable to determine the cause
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of the change in the feedback path and may try to compensate with inappropriate changes in
the parameter values used in the model. Figures 7.7 to 7.13 show the effect of varying each
parameter in turn over the range considered in the model of the hearing aid system. It can be
seen that some parameters have a greater effect on the frequencies of the resonance peaks and
some have a greater effect on the overall amplitude of the response. As expected, some
parameters have similar effects on the feedback path to other parameters within certain
frequency ranges. Compare Figures 7.12 and 7.13 around the receiver resonance peaks
between 2 — 8 kHz, for example. Altering both the vent radius and external acoustic feedback

path length affects the amplitude of the frequency response in this range.

The estimated gradient between the two responses in each figure can be calculated using

steepest descent analysis. Recall that in the PAA with a white noise input signal, the cost
function is given by:

2
J =|F-M|, (7.76)
If it is assumed that both F and M are modelled responses at two estimates of the same

parameter, p and p; i.e. F= M(p) and M = M(p”), then

J=M@)-M@); (7.77)
The instantaneous gradient of the error surface between p and p” is then given by:
o _MG)»-mGY); 778

lp-p]

The gradients of the error surface with respect to each varying parameter are shown in Table
7.2. Tt is clear that changing the vent radius, 3, has the greatest effect on the feedback path
response (compared to the other changes in these examples) since the gradient is at least two

orders of magnitude greater than that due to other parameters.
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Varying parameter Symbol | Estimated Response shown
gradient in Figure:

Receiver tube length L 9.9175x 10" ecm™ | 7.7

Receiver tube radius 71 1.1921 x 10°cm™ | 7.8

Ear canal length L, 4.7906 x 10" cm™ | 7.9

Ear canal radius 7 5.6812x 10°cm™ | 7.10

Vent length Ls 3.5661 x 107 cm™ | 7.11

Vent radius r3 1.3658 x 10* em™ | 7.12

External acoustic feedback path length | R 2.5821x 10°cm™ | 7.13

Table 7.2: Estimated gradient of the error surface with respect 1o each varying parameter
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Figure 7.7: Effect on the feedback path response of varying only the receiver tube length, L;
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Figure 7.8: Effect on the feedback path response of varying only the receiver tube radius, r;
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Figure 7.9: Effect on the feedback path response of varying only the ear canal length, L,
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Figure 7.10: Effect on the feedback path response of varying only the ear canal radius, r»
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Figure 7.11: Effect on the feedback path response of varying only the vent length, L3
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Figure 7.12: Effect on the feedback path response of varying only the vent radius, r3
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Figure 7.13: Effect on the feedback path response of varying only the external acoustic

feedback path length, R

7.13 Conclusions

A novel approach to the feedback cancellation problem, the parametric adaptive algorithm
(PAA), has been presented through steepest descent analysis and in the form of an FIR filter-
based algorithm developed from the LMS algorithm. The performance of the PAA will be
compared with that of the NLMS algorithm in simulations using both steepest descent
analysis and FIR filter implementation in subsequent chapters. A frequency domain

implementation of the PAA has been suggested as a topic for future work.

The effect on the modelled feedback path response of changing a specific parameter has been

investigated. It was found that the effect of a particular parameter on the feedback path
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response might be similar to that of another so that the PAA may adapt unsuitable parameters
to compensate for changes in the feedback path. This must be taken into consideration in the

simulation studies.
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8 Simulation studies of the PAA using modelled feedback path data

8.1 Introduction

This chapter presents simulation results for the parametric and NLMS algorithms using a
modelled response to represent the actual hearing aid feedback path. The use of a known
model gives control of the varying parameters and hence of changes in the feedback path.
This allows assessment of the performance of the algorithms under fully controlled
conditions. Simulation studies with measured feedback path data are presented in Chapter 9.
In this chapter, the convergence behaviour of the parametric and LMS algorithms is
investigated. The first simulation example examines the steepest descent forms of both
algorithms using a feedback path with two varying parameters and a white noise input signal.
This investigates the basic operation of the PAA and compares it to that of the LMS
algorithm. The second simulation example investigates the effect on convergence of using a
speech-shaped noise input signal. The effect of increasing the number of varying parameters
is then investigated in a simulation with four varying parameters and a speech-shaped noise
input signal. The steepest descent forms of the algorithms can only be used in theoretical
simulations where the feedback path response is known. The use of the stochastic gradient
algorithms is a more realistic approach and this is investigated in a simulation with four

varying parameters and a speech-shaped noise input signal.

8.2 Implementation of the parametric and LMS algorithms for the simulation studies

In this and the following chapter the performance of the PAA described in Chapter 7 is
compared with that of the LMS algorithm in simulation studies performed in MATLAB. (The
specifications for MATLAB are given in Section 4.5.) Both the actual and estimated feedback
path responses are produced in this chapter using the model shown in Figure 2.8 and

described by Equation (4.22). The default parameter values are given in Table 8.1 overleaf.

Each simulation has the same form. Initially, the actual feedback path F(f, p) is defined by the
set of parameters p, consisting of the constant parameters, p.. and the initial values of the
~varying parameters, Ppi: Fgi = F (f, Peon» Pp1)- After a number of iterations, the actual
feedback path undergoes a step change so that the varying parameters now have the values
Pp2, 8iving Fpo = F (f, Peons Pp2)- A single step change is the simplest case to model: a series
of step changes could be used to approximate continuous changes in the feedback path. The
step change from initial to final values was made after 100 iterations in every simulation. This
delay was used in the steepest descent simulations to be consistent with the stochastic
gradient simulations (see Sections 8.6 and 9.3) in which the delay was necessary to allow

transient effects of the FIR filters to die away.
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Component Symbols | Fixed or varying | Value

Filter length N Fixed 128

Frequency f Varying 1 Hz - 10kHz

Sampling frequency fs Fixed 20 kHz

Receiver tube length Ly Fixed 1.2 cm

Receiver tube radius r Fixed 0.7 mm

Ear canal length L, Varying 1.5 cm or defined in
Sections 8.5 — 8.6

Ear canal radius r Fixed 3.3 mm

Vent length Ls Varying Defined in Sections 8.3

| -8.6

Vent radius T3 Varying Defined in Sections 8.3
-8.6

External acoustic feedback | R Varying 1.0 cm or defined in

path length Sections 8.5 - 8.6

Microphone two-port network | A, Fixed Modelled using

parameters Knowles EM-3046
microphone analogue

Receiver two-port network | A,, B, Fixed Modelled using

parameters Knowles ED-1913
receiver analogue

Middle ear impedance Zr Fixed Modelled by mean

measured data (Shaw,

1974)

Table 8.1: Definition of parameter values used throughout Chapter 8

In the LMS algorithm, the initial set of filter coefficients, w, is equal to the impulse response
FET'[F(f, Peon» Pp1)]. After the change in the

of the initial actual feedback path, fs;

feedback path, the coefficients are updated according to the steepest descent LMS (LMS;q)

algorithm presented in Section 7.4 (see Sections 8.3 — 8.5) or according to the NLMS

algorithm presented in Section 1.5 (see Section 8.6).

For the PAA, initially, the modelled feedback path M is in agreement with the actual path F.

For a general varying parameter p;, the initial estimated values are given by:
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_ +é& (8])
Pix P 5
Ap, (8.2)
Pi- =(pjbl "7}

where pg, is the actual initial value of p; and Ap; is a small, constant fraction of p; as defined
in Section 7.5. After the change in the feedback path, the estimated parameter values are
updated according to the steepest descent algorithm presented in Section 7.5 or the stochastic
gradient algorithm presented in Section 7.7. Block adaptation is used in the stochastic PAA to
reduce the amount of fluctuation caused by stochastic signals (see Sections 8.6 and 9.3). A

block size of 7 was chosen empir}cally to give a good balance between speed and smoothness

of convergence.

The simulation in Section 8.3 assumes a white noise input signal to the system. This is the
simplest example, in which the energy of the signal is distributed equally across all
frequencies. The simulations in Sections 8.4 — 8.6 and in Chapter 9 present a more realistic
situation, using speech-shaped noise, i.e. white noise filtered by an averaged long term RMS
speech spectrum. The coefficients of the speech-shaping IR filter were obtained by
interpolating from averaged combined spectra for male and female subjects (Byme and
Dillon, 1986; Shusina, 2003). The sampling frequency and filter length are given in Table 8.1.
The filter length N was chosen as the shortest length that avoided significant truncation of the
impulse response of the measured feedback path used in Chapter 9. The impulse response of

the speech-shaping filter is shown in Figure 8.1 and the frequency response in Figure 8.2.

200

150

50+

-100 L i L : L :
[+ 20 40 80 80 100 120 140
No. samples

Figure 8.1: Impulse response of the speech-shaping filter used in Sections 8.4 — 8.6 and
Chapter 9
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Figure 8.2: Frequency response of the speech-shaping filter used in Sections 8.4 — 8.6 and
Chapter 9

8.3 Performance of the steepest descent algorithms with two varying parameters and a

white noise input signal

The first simulation presented in this chapter is the simple case of two varying parameters and
a white noise input signal. A single parameter simulation has been omitted since this would
be too straightforward. A white noise input signal was used, requiring the form of the
steepsest descent LMS (LMS,,) algorithm given by Equation (7.20) and of the steepest
descent parametric adaptive algorithm (PAA,) given by Equations (7.22) — (7.31) with T =1

(see Figures 7.2 and 7.3).

The actual feedback path F' was modelled using the constant parameter values given in Table
8.1. The varying parameters in this simulation were the vent radius r; and the vent length L.

The initial and final values of these parameters are given in Table 8.2.

Parameter Symbol Initial value Final value
Vent radius 73 1.204 mm 4.176 mm
Vent length Ls 12cm 1.7 cm

Table 8.2: Initial and final values of the varying vent radius and vent length used in the actual

feedback path, F

The LMS,y algorithm was simulated for a total of 400 iterations using the arbitrary
convergence coefficient o = 0.5. For the first 100 iterations, the response of the algorithm was

in agreement with that of the initial actual feedback path. The actual feedback path then
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underwent a step change, as described in Section 8.2. After the final iteration, the LMSg

response was in very good agreement with that of the final actual feedback path (Figure 8.3).

- LMSM1 response, W
- initial actual response, F‘b . Vs ~
-40]. . final actual response, F, -

Amplitude / dB

Phase / degrees
o

-100

~200

10° 10° 10

Frequency / Hz

Figure 8.3: Comparison of the LMS,, response with the initial and final actual feedback path

responses

Examining the mean square error (Figure 8.4), it can be seen that the LMS,; algorithm has
converged rapidly to the correct solution after the change in the feedback path, taking about 5

iterations to reach zero m.s.e.. With o = 1, the algorithm converged in 2 iterations.
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Figure 8.4: Convergence behaviour of the LMS,; mean square error

The estimated gradient, (w(n) — f(n)), is an N x 1 vector (N is defined in Table 8.1) and cannot
be plotted. The normalised mean square error, |[(w — ) / f||,%, after the change in the feedback

path is shown in Figure 8.5. It can be seen that the LMS,, algorithm reached an extremely
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small m.s.e. about 55 iterations after the change in the feedback path. With o = 1, the

normalised m.s.e. was zero after 2 iterations; this cannot be plotted on a dB scale.
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Figure 8.5: Normalised mean square error for the LMS; algorithm

In the presence of a white noise input signal, the method of steepest descent behaves like
Newton’s method (Widrow and Stearns, 1985), taking steps directly towards the minimum of
the error surface. This gives the LMS,, algorithm an advantage over the steepest descent
parametric adaptive algorithm, which adapts in the direction of the negative gradient of the
error surface. This is only in the direction of the minimum when the origin of the surface lies
on one of its principle axes (Widrow and Stearns, 1985), so the PAAy, is likely to require
more iterations for convergence than the LMS;, under these conditions. Although the LMSg,
convergence is very fast, it should be noted that this simulation is theoretical. A practical
algorithm would not have the prior knowledge of the actual feedback path necessary to
estimate the gradient of the error surface in this way and so would need to perform filtering of

the input signal in order to estimate the feedback path.

The steepest descent PAA (PAA,;) was simulated for the same change in the feedback path
with a white noise input signal. The initial and final values of the varying parameters and their
respective convergence coefficients are shown in Table 8.3. The values of the coefficients
were chosen empirically to give fast convergence. As observed for the LMS,, algorithm, the
estimated response produced by the PAA; was in very good agreement with that of the final

actual feedback path after 400 iterations (Figure 8.6).
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Parameter Symbol | Convergence Initial value | Estimated final | Actual final
coefficient value value

Ventradius | 3 o, = 100 1.204 mm 4.189 mm 4,176 mm

Vent length | L o3 = 2250 1.2cm 1.7055 cm 1.7cm

Table 8.3: Convergence coefficients and values for the varying vent radius and vent length in

the steepest descent PAA with a white noise input signal

~ - parametric estimate, M
. initial actual feedback path, Fn; ) PaN

~40] . ... final actual feedback path, sz

Amplitude / dB
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o

-100£

-200
3

Frequency / Hz

Figure 8.6: Comparison of the parametric response with the initial and final actual feedback

path responses

The radius mean square errors, J»3, and J,5., are shown in Figure 8.7. The errors decreased
rapidly after the change in the actual feedback path before reaching a constant level. The
length error signals behaved in the same way. The overall m.s.e., defined by Equations (8.3) —
(8.5), is shown in Figure 8.8, allowing direct comparison with the steepest descent LMS

algorithm. It fell to zero about 60 iterations after the change in the actual feedback path.

=M ) =[P MG L ) 3
where

h = g_g_g_ (8.4)
and

L, = _L_3__"2*_'_£3__ (8.5)
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Figure 8.7: Convergence behaviour of the radius mean square errors, J.3. and J3.
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Figure 8.8: Convergence behaviour of the parametric mean square error, J

The estimated vent radius, 7.y, is shown in Figure 8.9. It can be seen that the estimated radius
adapted quickly and smoothly to the correct solution in about 80 iterations after the change in

the actual feedback path. The final estimated value of rs,, was 4.189 mm, which compared

well with the actual value, 7, = 4.176 mm.
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Figure 8.9: Convergence behaviour of the estimated vent radius, e

The estimated vent length, Ls,, is shown in Figure 8.10. Initially, the length adapted in the
wrong direction, i.e. towards a shorter length, before recovering to converge to the correct
solution about 100 iterations after the change in the actual feedback path. The final estimated
value of Ls., was 1.7055 cm, which compared well with the actual value, Ly, = 1.7 cm. The
initial adaptation in the wrong direction was a consequence of the irregular shape of the error
surface. This is explained by examining the gradient of the error surface with respect to both

parameters and by examining the progress of the algorithm over the error surface.

i . L " L L :
50 100 150 200 250 300 350 400
No. iterations

08
o

Figure 8.10: Convergence behaviour of the estimated vent length, L;,

The estimated gradient of the error surface with respect to the vent radius exhibited a large
step to a negative value, then returned rapidly towards zero, indicating that the steepest

descent PAA took a large step towards the minimum of the error surface, then ceased to adapt

once the minimum had been reached (Figure 8.11).

163



Gradient/ cm
&

4}

. L : . : ) ;
0 50 100 150 200 280 300 350 400
No. iterations

-6

Figure 8.11: Convergence behaviour of the gradient of the error surface with respect to the

vent radius, 13

The estimated gradient with respect to the vent length exhibited a large step to a positive
value, initially, causing the estimated vent length to move away from the correct solution.
This was followed by a large step back to negative gradient and subsequent return towards

zero gradient as the algorithm converged (Figure 8.12).
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Figure 8.12: Convergence behaviour of the gradient of the error surface with respect to the

-2

vent length, Ls.q

The contour plot in Figure 8.13 shows the adaptation of the steepest descent PAA over the
error surface shown in Figure 6.11. The parametric m.s.e., given by Equation (8.3), is plotted
as the thick line on the contour plot. The dot marks the starting point of the adaptation, rp; =

1.204 mm and Lg; = 1.2 cm. The cross marks the end point of the adaptation, rg, = 4.176 mm
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and Ly, = 1.7 cm. It can be seen that the algorithm adapted quickly in the direction of
increasing radius, at the same time moving towards shorter length, i.e. adapting the radius in
the right direction pulled the length estimate away from the minimum temporarily. This is
contrary to the behaviour of the LMS algorithm, which would adapt towards the minimum of
the error surface directly by the shortest route. Once the parametric algorithm had taken fast

steps towards the correct value of ryp, it adapted more slowly in the direction of the actual

length, Lsz.
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Figure 8.13: Contour plot showing adaptation of the parametric adaptive algorithm towards

the minimum of the error surface

The normalised m.s.e., defined by Equation (8.6), where p,; = (7305 Laess) in this example,
decreased rapidly after the change in the actual feedback path to reach a constant value
(Figure 8.14), although the level was not as low as that reached by the LMS,; algorithm.
However, a level of -50 dB is sufﬁcienﬂy small for the algorithm to be regarded as
converged. A slight dip in the m.s.e. occurred just before the constant estimated radius was
reached and was due to the gradients with respect to each parameter being small but non-zero
at this point, i.e. the gradients were only estimated and caused the algorithm to overshoot the
true minimum slightly. The error surface was shallow around the minimum, so the algorithm
did not return to the minimum after overshooting. The values of rs. and Ls,, were not in
exact agreement with the true values rp, and Lg,, so the final m.s.e. was slightly above its

minimum level. This effect is due to the irregular, non-convex shape of the error surface.

_|EE)-m (e p )N (8.6)

e e o |
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Figure 8.14: Convergence behaviour of the normalised mean square error with white noise,

comparing the steepest descent LMS and parametric adaptive algorithms

The convergence of the steepest descent PAA was slower than that of the LMS,, algorithm in

this example, but this is because the LMS,, algorithm behaves as Newton’s method when a
white noise input signal is used and so has an advantage over the PAA,.

8.4 Performance of the steepest descent algorithms with two varying parameters and a
speech-shaped noise input signal

The simulations presented in this section use the same initial and final actual feedback path
responses as in the previous section, defined by Tables 8.1 and 8.2. The input signal was

produced by filtering white noise with the speech-shaped filter described in Section 8.2.

The LMS,, algorithm was simulated for a total of 400 iterations as before. The increased
amplitude of the m.s.e. caused by the speech-shaping filter required the LMS,4 convergence
coefficient to be changed to 1 x 10, After the final iteration, the LMS,4 response was not in
agreement with the final actual feedback path response at frequencies below about 250 Hz

and above 6 kHz. Agreement was still not close at frequencies above 8 kHz after a total of
1000 iterations (Figure 8.15).
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Figure 8.15: Comparison of the LMS;4 response after 400 and 1000 iterations with the initial

and final actual feedback path responses

The m.s.e. converged close to zero about 150 iterations after the change in the feedback path

(Figure 8.16); this is 30 times slower than the example with white noise and o = 0.5.
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Figure 8.16: Convergence behaviour of the LMS,; mean square error with white noise and

speech-shaped noise

The normalised m.s.e. fell at a slower rate than with white noise, and did not reach as low a

level as before (Figure 8.17).
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Figure 8.17: Normalised mean square error for the LMS,; algorithm with white noise and

speech-shaped noise

Therefore it is clear that the convergence of the LMS, algorithm is slowed down significantly
in the presence of speech-shaped noise compared to its performance in the presence of white
noise. This is because, for the LMS algorithm, the error surface is circular for white noise and
the LMS,4 algorithm adapts quickly to the minimum in the same way as Newton’s method
(Widrow and Stearns, 1985). With speech-shaped noise, the error surface is non-circular. This

introduces slow modes of convergence and reduces the overall rate of convergence of the

LMS,, algorithm.

The steepest descent PAA was simulated for the speech-shaped noise condition using the
initial parameter values and convergence coefficients given in Table 8.4. The values of the
convergence coefficients were changed to compensate for the increase in the amplitude of the
error and hence in the estimated gradient due to the increased amplitude of the speech-shaped

noise signal compared to the white noise signal. These values were found empirically.

Parameter Symbol | Convergence Initial value | Estimated final | Actual final
coefficient value value

Vent radius | r3 o3 = 0.001 1.204 mm 4.189 mm 4.176 mm

Vent length | L; o3 =0.02 1.2 cm 1.7055 cm 1.7 cm

Table 8.4: Convergence coefficients and values for the varying vent radius and vent length in

the steepest descent PAA with a speech-shaped noise input signal

The estimated feedback path response was in very good agreement with the final actual

feedback path after a total of 400 iterations, i.e. 300 iterations after the change in the feedback
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path (Figure 8.18), and the final estimated parameters were the same as those obtained in

Section 8.3. This shows that the performance of the algorithm is the same as that observed

with white noise.
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Figure 8.18: Comparison of the parametric response with the initial and final actual feedback

path responses

The estimated vent radius, 3., is shown in Figure 8.19. It can be seen that the convergence
behaviour is identical to that in the previous example, i.e. the nature of the input signal has no

effect on the rate of convergence of the parametric adaptive algorithm. The same is observed

for the estimated vent length, Ls,,; (Figure 8.20).
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Figure 8.19: Convergence behaviour of the estimated vent radius, ¥ses
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Figure 8.20: Convergence behaviour of the estimated vent length, Lz,

The estimated gradient of the error surface with respect to the vent radius (Figure 8.21)
behaved in the same way as in the previous example (Figure 8.11), but the numerical value of

the gradient differed due to the change in the amplitude of the error signal caused by the

speech-shaping filter.
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Figure 8.21: Convergence behaviour of the gradient of the error surface with respect to the

vent radius, r3

The normalised m.s.e. obtained with speech-shaped noise behaved in the same way as with
white noise, though the dip before the constant level was reached was deeper (Figure 8.22).

The PAAy m.s.e. decreased more quickly initially that that of the LMS,4 algorithm before

reaching the constant level.
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Figure 8.22: Convergence behaviour of the normalised mean square error with speech-

shaped noise, comparing the steepest descent LMS and parametric adaptive algorithms

Therefore the convergence of the steepest descent PAA is independent of the nature of the
input signal, whereas the L.MS,; algorithm is slowed down significantly by speech-shaped

noise compared to its performance with white noise.

8.5 Performance of the steepest descent algorithms with four varying parameters and a
speech-shaped noise input signal

It is unlikely that only two parameters will vary in a real hearing aid system. A more realistic
model had four parameters varying simultaneously: the ear canal length, the vent radius and
length and the length of the external acoustic feedback path. This was a simplified

representation of the hearing aid moving in the ear canal, causing an increase in sound

leakage.

The initial and final values of the varying parameters in the actual feedback path are given in

Table 8.5. The constant parameter values are given in Table 8.1 as before.

Parameter Symbol Initial value | Final value
Ear canal length L, 1.2cm 1.5cm
Vent radius 3 1.204 mm 4.176 mom
Vent length Ly 1.2cm 1.7cm
External acoustic feedback path length | R 1.0cm 2.0cm

Table 8.5: Initial and final values of the varying ear canal length, vent radius, vent length and

external acoustic feedback path length used in the actual feedback path, F
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The LMS,, algorithm was simulated for a total of 1000 iterations as before with oy =1 X
10°%. The estimated feedback path response was not in very close agreement with the actual
final response below about 250 Hz and above 6 kHz after a total of 400 iterations, i.e. 300
iterations after the change in the feedback path, and above about 8 kHz after a total of 1000

iterations (Figure 8.23). This behaviour was the same as that obtained using an actual

feedback path with two varying parameters.
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Figure 8.23: Comparison of the LMS,,; response after 400 and 1000 iterations with the initial

and final actual feedback path responses

The m.s.e. converged at the same rate as with two varying parameters, although the amplitude

differed due to the change in amplitude of the feedback path caused by the change in the

physical parameter values (Figure 8.24).
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Figure 8.24: Convergence behaviour of the LMS,; mean square error with two and four

varying parameters

The normalised m.s.e. decreased in a similar way to that in the two-parameter simulation

(Figure 8.25).
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Figure 8.25: Normalised mean square error for the LMS;; algorithm, with two and four

varying parameters

" Therefore the convergence behaviour of the steepest descent LMS algorithm is unaffected by
the number of varied physical parameters. This is to be expected, since the LMS algorithm is
independent of the parameters within the hearing aid system and depends only on the

response of the actual feedback path.

173



The steepest descent PAA (PAA) was simulated with four varying parameters. The initial
values and convergence coefficients are given in Table 8.6. Again, these coefficients were
chosen empirically to give the best balance between convergence speed and misadjustment.
After a total of 1200 iterations, i.e. 1100 iterations after the change in the actual feedback
path, the estimated feedback path response was in very close agreement with the final actual
feedback path (Figure 8.26). The estimated parameter values after 1200 iterations are given in
Table 8.6. The increase in the number of iterations required for convergence was due to the
dependence of the algorithm on the physical parameters in the hearing aid system. The

number of modes of convergence increased as more parameters were varied, slowing down

the adaptation.

Parameter Symbol | Convergence | Initial value | Estimated | Actual

coefficient final value | final value
Ear canal length L Oy, = 0.02 1.2cm 1.5393cm | 1.5cm
Vent radius r3 o3 = 0.001 1.204 mm 4334 mm |4.176 mm
Vent length Ls a3 = 0.005 1.2 cm 1.7247cm | 1.7cm
External acoustic R oz =0.01 1.0cm 2.0329cm | 20cm
feedback path length

Table 8.6: Convergence coefficients and values for the varying ear canal length, vent radius,

vent length and external acoustic feedback path length in the steepest descent PAA with a

speech-shaped noise input signal
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Figure 8.26: Comparison of the parametric response with the initial and final actual feedback

path responses
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The mean square error, J, between the modelled and actual feedback path responses is defined
by Equation (8.3), with pey = (Laesss 73est> Laess Res), and is shown in Figure 8.27. The m.s.e.
decreased close to zero about 300 iterations after the change in the actual feedback path.
Initially, the m.s.e. was noisy as the algorithm suffered from fluctuation through estimating
four parameters simultaneously; it was shown in Chapter 7 that the effects of changing a
particular parameter may be similar to those produced by changing another parameter and this
may affect the ability of the PAA to track such changes. The irregular nature of the error
surface means that a step towards the minimum for one parameter may cause the other
parameters to move away from the minimum temporarily as shown in Section 8.3. In
consequence, the algorithm requires more iterations to recover from this action. It should be
noted that an alternative method updating one parameter at a time in blocks of 50 — 200
iterations prevented the PAA reaching good agreement with the actual feedback path response
and returned estimated parameter values that were not close to the true values. It is not known
why this method was unsuccessful. It may be that adapting only a single parameter at a time
prevented the algorithm compensating for the bias caused as the estimate moves away from
the minimum of the error surface in the direction of negative gradient for one parameter,

which may not be in the direction of negative gradient with respect to the other parameters.
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Figure 8.27: Convergence behaviour of the parametric mean square error, J

The estimated ear canal length, Ly, is shown in Figure 8.28. It can be seen that initially the
algorithm adapted in the wrong direction and L,,,, suffered from fluctuation for the first 125
iterations after the change in the actual feedback path. Subsequently, the length adapted

towards the correct values, with the convergence slowing down as the algorithm approached

the minimum.
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Figure 8.28: Convergence behaviour of the estimated ear canal length, Ly,

The estimated vent radius s, adapted in a similar way, with slight fluctuation for the first
125 iterations after the change in the actual feedback path, followed by smooth convergence
which slowed down as the correct value was approached (Figure 8.29). This behaviour was
also observed for the vent length Ls,, (Figure 8.30) and the external acoustic feedback path
length R, (Figure 8.371). The amount of fluctuation differed for each parameter, since the
contribution of each parameter to changes in the feedback path was not equal (see Section
7.12) and changing a particular parameter may cause more severe fluctuation in some

parameters than others as the algorithm moves over the error surface.
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Figure 8.29: Convergence behaviour of the estimated vent radius, ¥z,
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Figure 8.30: Convergence behaviour of the estimated vent length, Lz,
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Figure 8.31: Convergence behaviour of the estimated external acoustic feedback path length,

ReSI

The estimated gradient behaved in the same way for each estimated parameter: large
amplitude with severe fluctuation for the first 125 iterations after the change in the actual
feedback path, followed by a great reduction in amplitude. This is illustrated by the estimated
gradient with respect to the ear canal length (Figure 8.32). The convergence coefficients for
each parameter were chosen to give smooth convergence after the period of fluctuation. The

step size |oV| was limited to 1 mm for each parameter to prevent the fluctuation causing

extreme changes in the estimated parameters (see Section 7.10).
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Figure 8.32: Convergence behaviour of the gradient of the error surface with respect to the

ear canal length, L,

The normalised m.s.e. exhibited fluctuation effects for the first 125 iterations after the change
in the feedback path, as expected. The m.s.e. decreased smoothly, without the dip observed in
the simulation with two varying parameters (Figure 8.33). This indicated that the convergence
coefficients had been well chosen to give steady progress over the error surface with minimal
fluctuation. The normalised m.s.e. fell to an approximately constant level of — 58 dB about

900 iterations after the change in the feedback path.
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Figure 8.33: Convergence behaviour of the normalised mean square error with speech-

shaped noise for the steepest descent parametric adaptive algorithm

Comparing the normalised m.s.e. of the PAA; with that of the LMS, algorithm over the first

400 iterations (Figure 8.34), it can be seen that initially the parametric m.s.e decreases faster
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than that of the LMS,,, but fluctuates severely for 100 iterations after the change in the

feedback path. After this point, the normalised m.s.e. decreases at a similar rate for both

algorithms.
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Figure 8.34: Convergence behaviour the normalised mean square error for both algorithms

over the first 400 iterations

Therefore the convergence of the steepest descent parametric adaptive algorithm is slowed
down significantly as the number of simultaneously varied parameters increases. The mean
square error decreased close to zero about 300 iterations after the change in the actual
feedback path compared with 150 iterations for the steepest descent LMS algorithm. It is
likely that the number of iterations required for convergence will increase further as the
number of varying parameters increases. Care must be taken to obtain convergence
coefficients that give the optimum speed of convergence without increasing the fluctuation to

a level that degrades the estimates of the parameter values.

These results indicate that the convergence speed of both algorithms is of the same order

when the PAA, has four varying parameters.

8.6 Performance of the stochastic gradient algorithms with four varying parameters and
a speech-shaped noise input signal

A practical feedback cancellation system has no prior knowledge of the feedback path, so the
steepest descent methods cannot be used. In this section, the stochastic gradient algorithms
used FIR filters to represent the modelled and actual feedback path responses, M and F. The

filter length and sampling frequency are given in Table 8.1 along with the constant parameter
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values in the model. The initial and final parameter values in the actual feedback path are

given in Table 8.5 in the previous section.

The use of stochastic signals will greatly increase the number of iterations required for
convergence for both algorithms due to the random nature of the estimated gradient, and the
irregularity of the error surface will also slow down the PAA as described previously. The
parametric adaptive and NLMS algorithms were simulated for a total of 16 000 iterations. The
NLMS algorithm was implemented as given in Section 1.5, Equations (1.14) — (1.17), with ¢,
= 0.5. The convergence coefficients and initial and estimated final parameter values for the
PAA are given in Table 8.7. The responses obtained after 16 000 iterations are shown in
Figure 8.35. The NLMS response was in good agreement with the actual response between

200 Hz and 7 kHz, while the parametric estimate was in good agreement between 300 Hz and

about 5.5 kHz.

Parameter Symbol | Convergence Initial Estimated | Actual

coefficient value final value | final value
Ear canal length L, 0y, =0.02 1.2cm 1.6605cm | 1.5cm
Vent radius r3 0,3 =0.001 1204 mm | 4.831mm |4.176 mm
Vent length Ly a3 = 0.005 12cm 1.8037cm | 1.7cm
External acoustic R og = 0.01 1.0cm 2.1160cm | 2.0cm
feedback path length

Table 8.7: Convergence coefficients and values for the varying ear canal length, vent radius,
vent length and external acoustic feedback path length in the stochastic gradient PAA with a

speech-shaped noise input signal
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Figure 8.35: Comparison of the parametric and NLMS responses with those of the initial and

final actual feedback paths

The error signal, ¢ = d — y, converged for both algorithms, but the parametric error e
exhibited greater bursting, probably due to a combination of the stochastic nature of the input
signal and the misadjustment caused by varying four physical parameters simultaneously
(Figure 8.36). It could be seen that the parametric error reached a minimum amplitude about
6000 iterations after the change in the actual feedback path before increasing. This indicated
that the misadjustment was large enough to cause the algorithm to move away significantly
from the minimum of the error surface. The NLMS error ey.ys remained small after

convergence, indicating that the algorithm had reached the minimum of the error surface

successfully.
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Figure 8.36: Convergence behaviour of the parametric and NLMS error signals, e.. and

ENLMS

Examining the convergence behaviour of the estimated physical parameters in the PAA, it can
be seen that the overall behaviour was similar to that observed for the steepest descent PAA:
greater misadjustment initially, followed by a stage of fast convergence, then slower
convergence with less misadjustment (Figures 8.37 — 8.40). The effects of the stochastic input
signal combined with the irregular shape of the error surface caused an increase in
misadjustment which greatly reduced the ability of the parametric algorithm to converge
rapidly to the correct solution. The estimated parameter values after 16 000 iterations (Table

8.7) show that the PAA overshot the actual values slightly.
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Figure 8.37: Convergence behaviour of the estimated ear canal length, Ly
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Figure 8.39: Convergence behaviour of the estimated vent length, Lz,
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Figure 8.40: Convergence behaviour of the estimated external acoustic feedback path length,

RL’X!

183

16000



The large amount of fluctuation in the estimated gradient with respect to each parameter is
illustrated by the gradient With respect to the ear canal length (Figure 8.41). It is clear that
such a gradient will cause the algorithm to move over the error surface erratically. As before,
the step size |0,V,| was limited to 1 mm for each parameter p to limit the amount of

misadjustment transmitted to the estimated parameters (see Section 7.10).
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Figure 8.41: Convergence behaviour of the gradient of the error surface with respect to the

ear canal length, L,

The normalised m.s.e., defined by Equation (8.6) for the PAA and by [|(F — W) / F|); for the
NLMS algorithm, decreased smoothly for the NLMS algorithm, but exhibited severe

misadjustment effects for the PAA (Figure 8.42).
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Figure 8.42: Convergence behaviour of the normalised mean square error for the NLMS and

parametric algorithms

Examining the normalised m.s.e. over the first 2000 iterations (Figure 8.43), it can be seen
that the normalised m.s.e. of the PAA decreased by 20 dB faster than that of the NLMS
algorithm, taking about 300 iterations (averaging the fluctuations approximately) while the
NLMS algorithm required about 1000 iterations to reach this level. The normalised m.s.e. of

the PAA fluctuated considerably throughout the simulation.

0 r K . : ; T .  p—yyy
~ ~ = NLMS

!

~10f Q‘u E
2 )
§ -201r N
3
:
: it
g I
o
E
c -30 E
8 {9 -
£ wo i
3
2
E

-40
£ ]
=z

50k 4

- , . . , . x . ‘

200 400 600 800 1000 1200 1400 16800 1800 2000

No. iterations

Figure 8.43: Convergence behaviour of the normalised mean square error for the NLMS and

parametric algorithms over the first 2000 iterations
However, examining the modelled responses generated by the PAA after 2000, 6000 and 12

000 iterations, it can be seen that although the estimated parameter values continued to adapt,

the modelled response remained approximately constant between 300 Hz and 6 kHz (Figure
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8.44). The closest agreement with the actual feedback path occurred around the 6000™

iteration, as indicated by the parametric error signal (Figure 8.36).
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Figure 8.44: Variation over time of the feedback path response estimated by the PAA

Comparing the parametric estimate of the actual feedback path résponse with that given by
the NLMS algorithm after 2000 iterations, it can be seen that the PAA was in closer
agreement with the actual response than the NLMS algorithm (Figure 8.45), and so it can be
concluded that, with a modelled actual feedback path, the PAA is capable of reaching good

agreement with the actual feedback path faster than the NLMS algorithm.
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Figure 8.45: Comparison of the parametric and NLMS responses after 2000 iterations with

the actual final feedback path
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Summarising, the convergence of both algorithms is slowed down considerably when FIR
filtering is performed compared to the theoretical steepest descent analysis, as expected. The
parametric adaptive algorithm suffers from severe fluctuation as a result of varying several
parameters simultaneously. However, the PAA is able to produce a good estimated response
in comparatively few iterations that remains approximately constant over much of the
frequency range of interest. It is especially important that the estimated response remains very
close to the actual response around the high amplitude receiver resonance peaks (near 3 kHz
and 5 kHz in this example); instability is most likely to occur at these frequencies and an
effective feedback cancellation algorithm must be able to model these peaks accurately in

order to cancel them and maintain stability.

8.7 Conclusions
Steepest descent analysis of the LMS and parametric adaptive algorithms found that, although

the convergence of the LMS algorithm was unaffected by the number of parameters varied in
the modelled actual feedback path, it was slowed down considerably by the presence of a
speech-shaped noise signal compared to its performance in the presence of white noise. The
performance of the parametric adaptive algorithm was unaffected by the nature of the input
signal, but as the number of varying parameters increased, the corresponding increase in
fluctuation slowed down convergence significantly. A simulation study using the more
realistic stochastic gradient implementation of the algorithms demonstrated that
misadjustment became a severe problem for the PAA as the stochastic gradient caused the
algorithm to move erratically over the irregular error surface. However, the PAA was capable
of reaching its best fit to the actual feedback path response rapidly and was able to maintain
this estimated response in the frequency range in which instability was most likely to occur,
despite continuing changes in the values of the estimated parameters. With a modelled actual
feedback path, the PAA converged to a close estimate of the actual feedback path more

quickly than the NLMS algorithm.
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9 Simulation studies of the PAA using measured feedback path daia

9.1 Introduction

This chapter presents simulation results for the parametric and LMS algorithms, starting from
a modelled actual feedback path and changing to a measured feedback path response. Both
the steepest descent and stochastic gradient methods are used. It has been shown in Chapter 5
that the analytic model cannot fit measured responses exactly due to limitations in the current
form of the model arising from lack of knowledge of the transducers and middle ear
impedance and approximations used for the dimensions of the ear canal and the external
acoustic feedback path. It is likely that more than four physical parameters must be varied for
the parametric adaptive algorithm to track changes in measured feedback paths. Extending the
PAA to include more parameters is a topic for future work. The simulation studies presented
in this chapter are intended to show whether the present form of the PAA is capable of
converging to a solution that approximates the actual measured feedback path response. Both
algorithms are initially in agreement with a modelled feedback path response rather than a
measured response so that the PAA does not have the disadvantage of not being in exact

agreement with the initial actual feedback path.

9.2 Performance of the steepest descent algorithms with a speech-shaped noise input
signal

The simulations in this chapter were implemented as described in Section 8.2. Initially, the
responses of the steepest descent and LMS algorithms matched that of a modelled feedback
path, Fj, generated with the parameter values in Table 9.1. After 100 iterations, the actual
feedback path underwent a step change to the measured feedback path for the right ear of
subject BO with the earmould fitted normally, Fp, (Rafaely et al., 2000). The measured
response used a Knowles ED-1975 receiver, which was represented in the model with the
electrical analogue for the ED-1913 receiver (see Section 3.5). The speech-shaped noise

signal was produced as described in Section 8.2.
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Component Symbols | Fixed or varying | Value

Filter length N Fixed 128

Frequency f Varying 1 Hz-10kHz

Sampling frequency f Fixed 20 kHz

Receiver tube length L Fixed 1.0050 cm

Receiver tube radius 11 Fixed 0.7 mm

Ear canal length L, Varying 1.5029 cm or defined in
Sections 9.2 - 9.3

Ear canal radius ¥ Fixed 1.968 mm

Vent length Ly Varying 1.9740 cm or defined in
Sections 9.2-9.3

Vent radius T3 Varying 0.8 mm or defined in
Sections 9.2 - 9.3

External acoustic feedback | R Varying 2.3618 cm or defined in

path length Sections 9.2-9.3

Microphone two-port network | A, Fixed Modelled using Knowles

parameters EM-3046 microphone
analogue

Receiver two-port mnetwork | A,, B, Fixed Modelled using Knowles

parameters ED-1913 receiver analogue

Middle ear impedance Zr Fixed Modelled by mean measured

data (Shaw, 1974)

Table 9.1: Definition of parameter values used in modelled responses Fg; and M throughout

Chapter 9

The steepest descent LMS (LMS,,) algorithm was simulated for a total of 1000 iterations with

os = 1 x 10, The estimated feedback path response was not in close agreement with the

actual final response below about 150 Hz and above 7 kHz after a total of 400 iterations, i.e.

300 iterations after the change in the feedback path, and above about 8 kHz after a total of

1000 iterations (Figure 9.1). This behaviour was similar to that obtained using a modelled

actual feedback path with two and four varying parameters (Sections 8.4 — 8.6).
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Figure 9.1: Comparison of the LMS; response after 400 and 1000 iterations with the initial

and final actual feedback path responses

The mean square error, |w — f]j,%, converged slightly more slowly than with the modelled final
actual feedback path, taking about 300 iterations after the change in the feedback path (Figure
9.2). Since the performance of the LMS,, algorithm was independent of the way in which the
feedback path responses were produced, it is likely that this difference was due to using

different initial and final feedback path responses in this simulation to those used in the

previous chapter.
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Figure 9.2: Convergence behaviour of the LMS,,; mean square error

The normalised m.s.e. of the LMS,q algorithm, calculated as ||[(w ~ ) / f“zz, is shown in Figure

9.3. It decreased more slowly than with the modelled actual feedback path, as for the mean

square error.
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Figure 9.3: Normalised mean square error for the LMS,; algorithm

Therefore the convergence of the steepest descent LMS algorithm with a measured final

actual feedback path was slightly slower than that with a modelled feedback path.

The steepest descent PAA was simulated for the same change in the actual feedback path with
a speech-shaped noise signal. The initial and final values of the varying parameters and the

corresponding convergence coefficients are given in Table 9.2. The constant values are given

in Table 9.1.

Parameter Symbol | Convergence Initial value | Estimated

coefficient final value
Ear canal length L, oy =0.02 1.5029 cm 1.3045 cm
Vent radius 3 o3 = 0.001 0.8 mm 1.177 mm
Vent length Ly oy = 0.005 1.9740 cm 22122 cm
External acoustic feedback | R or=0.01 2.3618 cm 1.8945 cm
path length

Table 9.2: Convergence coefficients and values for the varying ear canal length, vent radius,
vent length and external acoustic feedback path length in the steepest descent PAA with a

speech-shaped noise input signal

After a total of 1200 iterations, i.e. 1100 iterations after the change in the actual feedback
path, the estimated feedback path response was in close agreement with the final actual
feedback path (Figure 9.4). The estimated parameter values after 1200 iterations (Table 9.2)

were not expected to relate to the true physical dimensions. (Recall that numerical
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optimisation fitting the model to measured data resulted in unrealistic parameter values due to
the limitations introduced by varying only a few parameters; see Chapter 5.) The parametric
response was in close agreement to the actual final response around the receiver resonance
peaks between 3 kHz and 6 kHz. The amplitude of the response was greatest in this region:
the PAA had been most successful at adapting to match the actual response in the frequency

range at which most energy was present and therefore at which the hearing aid system was

most at risk of becoming unstable.
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Figure 9.4: Comparison of the parametric response with the initial and final actual feedback

path responses

The mean square error, J, between the modelled and actual feedback path responses, defined
by Equation (8.3), is shown in Figure 9.5. Although it did not fall to zero, the m.s.e. fell
sharply from a high level immediately after the change in the feedback path to a lower level in

about 100 iterations. The m.s.e. continued to decrease at a much slower rate from then on.

The m.s.e. exhibited no fluctuations.
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Figure 9.5: Convergence behaviour of the parametric mean square error, J

The estimated ear canal length, L, is shown in Figure 9.6. The length decreased rapidly
over the first 100 iterations after the change in the actual feedback path before increasing
again at a slower rate. This indicates that the estimated ear canal length overshot the
minimum of the error surface initially. This behaviour was observed for the two-parameter

algorithm in the previous chapter and was due to the misadjustment caused by updating

several physical parameters simultaneously.
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Figure 9.6: Convergence behaviour of the estimated ear canal length, Lj.s

The vent radius rs,, increased rapidly to a larger value as the feedback path changed before
decreasing more slowly for the duration of the simulation (Figure 9.7). It is likely that this
large change in rs,q, (relative to the scale of r3) caused the tubing length parameters to adapt

in the wrong direction temporarily. The estimated vent length L;,., decreased by a small

193



amount for the first 100 iterations after the change in the actual feedback path before
increasing (Figure 9.8). The external acoustic feedback path length R, decreased rapidly over
the first 100 iterations after the change in the feedback path before continuing to decrease
more slowly (Figure 9.9). Both the external acoustic feedback path length and vent radius
affect the amplitude of the feedback path (see Section 7.12), so changes in one of these

parameters will affect the estimate of the other.
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Figure 9.7: Convergence behaviour of the estimated vent radius, r3.s
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Figure 9.8: Convergence behaviour of the estimated vent length, Lses
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Figure 9.9: Convergence behaviour of the estimated external acoustic feedback path length,

Rey

The estimated gradient behaved in the same way for each estimated parameter: large
amplitude immediately after the change in the actual feedback path, followed by a decrease in
amplitude that was fast initially before reaching a constant level near zero. This is illustrated
by the estimated gradient with respect to the ear canal length, L, (Figure 9.10), which
decreased over about 200 iterations, and with respect to the ear canal radius, r; (Figure 9.11),
which decreased over about 20 iterations. As before, the step size |0, V,| was limited to 1 mm

for each parameter to prevent misadjustment causing extreme changes in the estimated

parameters.
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Figure 9.10: Convergence behaviour of the gradient of the error surface with respect to the

ear canal length, L,
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Figure 9.11: Convergence behaviour of the gradient of the error surface with respect to the

vent radius, r3

The normalised m.s.e., given by Equation (8.6), exhibited no fluctuation and decreased
rapidly for the first 100 iterations after the change in the feedback path before decreasing
more slowly (Figure 9.12). The level reached by the normalised m.s.e. (-20 dB after 1100
iterations) indicated that agreement between the parametric estimate and the actual feedback

path response was not as close as with a modelled actual feedback path.
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Figure 9.12: Convergence behaviour of the normalised mean square error, Juom
Comparing the normalised m.s.e. for both algorithms over the first 400 iterations, it can be

seen that, initially, for about 100 iterations after the change in the actual feedback path, the

PAA,; converged faster than the LMS,4 but did not reach as low a level overall (Figure 9.13).
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Figure 9.13: Convergence behaviour of the normalised mean square error for both

algorithms over the first 400 iterations

Although the m.s.e. did not fall to zero (Figure 9.5), it did reach an approximately constant
level soon after the change in the actual feedback path response. Examining the modelled
response after 200 iterations, 500 iterations and 1200 iterations, i.e. 100, 400 and 1100
iterations after the chahge in the actual feedback path, it can be seen that there is very little
change in the estimated response, with no more than 5 dB difference in amplitude above 6

kHz and very close agreement between the estimated responses below 6 kHz (Figure 9.14).
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Figure 9.14: Variation over time of the feedback path response estimated by the PAA
Therefore although the PAA was not able to achieve an exact match with the measured

feedback path response, it reached its closest possible match 100 iterations after the change in

the feedback path and maintained this response even though the estimated parameter values
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continued to adjust. If the analytic model could fit measured data exactly, it should be
possible to develop the PAA further to achieve very close agreement with the actual feedback
path. This could make the performance of the steepest descent PAA comparable with that of

the steepest descent LMS algorithm in the presence of speech-shaped noise.

9.3 Performance of the stochastic gradient algorithms with a speech-shaped noise input
signal

As before, a more realistic test of the algorithms used the stochastic gradient approach,
described in Section 1.5 for the NLMS algorithm and Section 7.7 for the PAA, with the filter
length N and sampling frequency f; given in Table 9.1. The initial and final actual feedback

paths were defined in the previous section.

The responses obtained after 16 000 iterations are shown in Figure 9.15. The NLMS response
was in good agreement with the actual response between 200 Hz and 8 kHz. The parametric
estimate was in close agreement around the high amplitude receiver resonance peaks, as
observed in the steepest descent simulation. Again, the final parameter values reached by the
PAA (Table 9.3) were not expected to be realistic since the model is not able to reach very

close agreement with measured responses when varying only four parameters.

Parameter Symbol | Convergence Initial value | Estimated

coefficient final value

- Ear canal length L o =0.02 1.5029 cm 1.3878 cm

Vent radius r3 o, = 0.001 0.8 mm 1.163 mm

Vent length Ls o5 = 0.005 1.9740 cm 2.1581 cm

External acoustic feedback | R g =0.01 23618 cm 1.9713 cm
path length

Table 9.3: Convergence coefficients and values for the varying ear canal length, vent radius,
vent length and external acoustic feedback path length in the stochastic gradient PAA with a

speech-shaped noise input signal
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Figure 9.15: Comparison of the parametric and NLMS responses with those of the initial and

final actual feedback paths

The behaviour of the NLMS error signal, eys = d - Ynvius, Was similar to that with the
modelled actual feedback path, converging to a small value after about 8000 iterations.
However, the parametric error signal, e, = d — y.;, showed no sign of convergence over the
entire simulation (Figure 9.16). This was due to the inability of the model to represent the
measured feedback path response exactly combined with the problems observed previously
with the stochastic input signal and the misadjustment caused by varying four physical
parameters simultaneously. The parametric error signal suggested that the PAA was unable to

reach a solution.
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Figure 9.16: Convergence behaviour of the parametric and NLMS error signals, e., and

ENLMS
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The overall convergence behaviour of the estimated physical parameters in the PAA was

similar to that observed for the steepest descent PAA, but, as with the modelled actual

feedback path simulations, considerably slower (Figures 9.17 — 9.20).
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Figure 9.17: Convergence behaviour of the estimated ear canal length, Ly,

0.15 T T T T u T T

0.131

0.12

Jom

Bas!

011

0.09

0.08 i L i 5 L 1
[ 2000 4000 6000 8000 10000 12000 14000 16000

No. iterations

Figure 9.18: Convergence behaviour of the estimated vent radius, 73
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F igure 9.20: Convergence behaviour of the estimated external acoustic feedback path length,

Res:

The severe fluctuation of the estimated gradient with respect to each parameter is illustrated
by the gradient with respect to the ear canal length, L, (Figure 9.21). The full effect of this
fluctuation was not transmitted to the estimated parameters themselves because of the 1 mm
limit placed on the maximum possible step size |0, V,| (see Section 7.10). The algorithm
managed to overcome this fluctuation and adapt towards the minimum, albeit at a much

slower rate than the steepest descent algorithm.
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Figure 9.21: Convergence behaviour of the gradient of the error surface with respect to the

ear canal length, L,

The normalised m.s.e. decreased smoothly for the NLMS algorithm (Figure 9.22), as
observed for the modelled actual feedback path simulation. The normalised m.s.e. of the PAA
(given by Equation (8.6)) exhibited severe misadjustment effects and was unable to decrease
to a low level compared with the reduction of the NLMS m.s.e.; the parametric m.s.e. was

about 45 dB above the level reached by the NLMS algorithm after 16 000 iterations.

Normalised mean square error / dB
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Figure 9.22: Convergence behaviour of the normalised mean square error for the NLMS and

parametric algorithms

However, examining the normalised m.s.e. for both algorithms over the first 2000 iterations
(Figure 9.23), it can be seen that the parametric m.s.e. decreased more rapidly than that of the

NLMS algorithm, reaching an average level of approximately — 15 dB after about 500
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iterations. The m.s.e. of the PAA continued to fluctuate about this level. This indicated that
the convergence of the PAA was initially faster than that of the NLMS algorithm, although

exact agreement with the measured response could not be reached.
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Figure 9.23: Convergence behaviour of the normalised mean square error for the NLMS and

parametric algorithms over the first 2000 iterations

Examining the modelled responses generated by the PAA after 500, 1000 and 12 000
iterations, it can be seen that despite the severe misadjustment and the continued adaptation of
the estimated parameter values, the modelled response remained approximately constant over

the entire frequency range (Figure 9.24).
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Figure 9.24: Variation over time of the feedback path response estimated by the PAA

Comparing the parametric estimate of the actual feedback path response with that given by

NLMS algorithm after 500 iterations, the PAA had reached its best estimate of the actual
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response while the NLMS algorithm had yet to converge (Figure 9.25), and so it can be
concluded that, with a measured actual feedback path, the PAA is capable of reaching its best

estimate of the actual feedback path faster than the NLMS algorithm.
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Figure 9.25: Comparison of the parametric and NLMS responses after 500 iterations with the

actual final feedback path

The overall performance of both algorithms with a final actual feedback path represented by
measured data is similar to that with a modelled final actual feedback path. The convergence
is considerably slower when FIR filtering is performed compared to the theoretical steepest
descent analysis and the parametric adaptive algorithm appears to compare poorly with the
NLMS algorithm in this respect. However, the PAA is able to produce its closest
approximation of the measured response rapidly (400 iterations after the change in the actual
feedback path) and the response remains approximately constant although the estimated
parameter values continue to vary. The closest agreement between the parametric model and
the actual response is around the receiver resonance peaks where instability is most likely to
occur. This indicates that the PAA would be able to approximately cancel the measured
feedback path sufficiently to prevent oscillation occurring in this frequency range and allow
the use of higher stable gain. The fit of the parametric model to the measured response could
be improved by further development of the parametric adaptive algorithm to allow variation

of more physical parameters, although this would increase the misadjustment and slow down

the rate of convergence.

9.4 Conclusions
The performance of the NLMS and parametric adaptive algorithms has been evaluated in

simulation studies with measured feedback path data. The performance of the NLMS
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algorithm was unaffected by the nature of the actual feedback path, but the limited agreement
attainable between the analyti'c model and the measured feedback path response increased the
level of misadjustment for the parametric algorithm. However, it was found that the
parametric algorithm was able to reach its closest possible estimate of the actual response in
relatively few iterations and maintain this response although the estimated parameter values
continued to adapt. The stochastic gradient PAA reached its best approximation 400 iterations
after the change in the feedback path, compared with the several thousand iterations required
for the NLMS algorithm to reach close agreement with the actual response. If the parametric
model could be improved to achieve an exact fit to measured data, it may be possible to
develop the PAA further to vary more parameters simultaneously and take advantage of this

rapid attainment of the best possible fit to give fast cancellation of measured feedback signals.
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10 Conclusions and discussion of the future development of the PAA

10.1 Introduction

The work presented in this thesis describes the development of an entirely new approach to

feedback cancellation, using adaptation of physical parameter values in a model of the

feedback path to cancel the feedback signal. This chapter presents the conclusions of the

feasibility study of this parametric adaptive algorithm (PAA), followed by a discussion of

proposed future work on the development and extension of the algorithm and its practical

implementation in real hearing aids.

10.2 Conclusions

The conclusions drawn from this work are presented below:

1.

The two-port network model of an in situ hearing aid system can be implemented
using a combination of the MATLAB and PSpice software packages.

The two-port network model could be simplified to give an analytic expression for
the feedback path from the receiver input to the microphone output.

The analytic model was verified experimentally and numerical optimisation was used
to demonstrate that it could be fitted to a range of measured feedback path responses
for different human subjects and feedback conditions.

Good agreement with measured data was achieved but closer agreement is required
for the model to be used in a practical feedback cancellation algorithm. Further
development of the model is necessary, especially an accurate representation of the
effects of an obstruction in the external acoustic feedback path.

The error surfaces obtained with both modelled and measured actual feedback paths
were highly irregular and non-convex. Local minima could occur if the values of the
constant parameters in the model were chosen poorly. The irregular nature of the
surface, combined with the stochastic properties of some input signals, may result in
severe fluctuation and poor convergence of a steepest descent-based feedback
cancellation algorithm.

The verified simplified analytic model of the feedback path was used to develop the
parametric adaptive algorithm (PAA). Its modes of convergence were investigated
through steepest descent analysis and compared with a steepest descent
implementation of the Least Mean Square algorithm. The performance of the PAA
was found to be independent of the nature of the input signal, unlike the LMS
algorithm, which was slowed down considerably in the presence of speech-shaped

noise compared to its performance with white noise.
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7. The performance of the LMS algorithm was unaffected by the number of varying
parameters in the actual feedback path or by the nature of the actual path (modelled or
measured).

8. The PAA required more iterations to converge as the number of varying parameters
increased and was unable to reach close agreement with measured responses over the
entire frequency range of interest due to limnitations in the analytic model.

9. A more realistic simulation study used stochastic gradient estimates, increasing the
number of iterations required for convergence for both the parametric and normalised
LMS algorithms. The random nature of the signal, combined with the irregularity of
the error surface, produced severe misadjustment in the PAA.

10. Although the PAA could not model measured responses exactly, it achieved its
closest possible fit more rapidly than the NLMS algorithm.

11. The fit was closest around the receiver resonance peaks where instability was most
likely to occur.

12. If a better fit over all frequencies can be achieved with more varying parameters, the

PAA has the potential to be a fast method of adaptive feedback cancellation.

10.3 Future development of the PAA

A model capable of a very close fit to the measured feedback path might require detailed
knowledge of a specific hearing aid system for a wide range of conditions (slit leakage,
obstructions near the ear, etc.). Measurements must be made of all parts of the physical
system (transducers, tubes, middle ear impedance, the external acoustic feedback path and the
effects of the pinnae and maybe also of the upper body) and accurate analytic expressions
must be obtained for the various components. To date, an accurate model of the effects of an
obstruction in the external acoustic feedback path has not been developed. This will be
required for the study of a specific system and is also needed in a more general form since
this is one of the important causes of oscillation. The present form of the model has simplified
the system to a series of narrow cylindrical tubes and acoustic loads. A comprehensive model
must be more rigorous. This in depth study of a single system should give greater knowledge
of changes in the feedback path and their causes, and the conclusions drawn from such a

study will be true for all similar systems.

The current form of the parametric adaptive algorithm estimates the gradient of the error
surface with respect to each varying parameter. Section 4.4 presents a set of expressions for
the analytic gradient with respect to each parameter. It may be that the expressions increase
the computational load without producing a significant improvement in accurate tracking of

changes in the feedback path, in which case the estimated gradient method would be
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preferable. A frequency domain implementation of the PAA using these analytic gradient

expressions has been proposed (Section 7.8) and should be investigated.

The simulations presented in this thesis featured a single step change in the actual feedback
path. A more realistic test of the parametric adaptive algorithm would change the actual
feedback response several times during the simulation and evaluate the ability of the
algorithm to follow these changes. Many step changes over a suitable time frame would

represent a continuous change in the actual feedback path.

In this study, the PAA operated in open-loop. The algorithm should be extended to closed-
loop operation, since this is a more desirable approach to feedback cancellation. Preferably,
the algorithm should operate without probe noise (Kates, 1999) and should be
computationally efficient so that the modelled path is recalculated rapidly. Ideally, the
algorithm should be capable of fast, stable convergence, simultaneously updating the model
and tracking changes in the feedback path in real time without introducing a delay or artefacts
or compromising the desired audio signal in any way. The effect of the PAA on sound quality
must be investigated. To be considered preferable to conventional methods of feedback
cancellation, such as those based on the LMS algorithm, the PAA needs to converge to the
correct solution significantly faster or more accurately or to be more robust to changes in the
feedback path, or a combination of these, while being cost effective in terms of both

processing and the hardware and software required for operation.

The algorithm needs to be implemented on a DSP chip small enough to fit into the limited
space available in an ITE or ITC aid, and cannot have a high power consumption. The small
size of hearing aid batteries limits their lifetime and the available voltage (Agnew, 1994) and
hence the drain on the power source due to the feedback cancellation processing must be
small for the method to be useful. An effective algorithm would be inappropriate if it caused
the battery to become exhausted rapidly. Before developing a DSP chip, the algorithm can be
tested in real time using a PC connected to an in situ hearing aid on a human subject to

measure changes in the feedback path in a controlled acoustic environment, e.g. an

audiometric booth.

In its current form, the parametric algorithm is unsuitable for real time implementation, but
further development may lead to a greater understanding of the hearing aid system and this in

turn may lead to a fast, robust alternative method of feedback cancellation.
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