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Abstract

One of the main complaints of hearing aid users is the difficulty of and need for frequent
adjustments they have to make to the device. Typically, volume control and other settings
prescribed during the hearing aid fitting process still need to be fine-tuned in real life to
meet the specific varying needs of the user in different environments. Recently, learning
algorithms have been introduced to minimize these problems. By taking a weighted average
of the past adjustments, the device is able to adapt to the preferred setting for each
environment presented. Typically, fixed learning algorithms are used for all users and
environments. In reality, users have different behaviors and the optimum learning time is

expected to vary over users and environments.

In this thesis, we study the potential for user-specific adaptive learning of the user settings.
Profiles of various types of user behaviors were generated and the optimum time constant
for learning user preferences was determined in each case using fixed exponential
smoothing. We show that the performance of the algorithm is clearly dependant on the user
profile and no single fixed time constant is optimum for all users or situations. Three
adaptive exponential smoothing methods were then evaluated. Four performance measures
are proposed to evaluate these methods based on the users’ preferred setting when they re-
enter the same environment. For some user profiles, adaptive methods were found to
perform as well as the optimum time constant when learning user preferences for volume
control without having prior knowledge of the users’ behavior. In particular it is shown that
the method by W.M Chow (Journal of Industrial Engineering, 16, pp. 314-317, 1965) can

be tuned to perform as well as the optimum time constant for a given user.
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Chapter 1 Introduction

1.1 Background

The number of people who have some kind of hearing loss and need the assistance of a
hearing aid is much larger than the number of people that actually consult audiologists to
complain, get fitted for a hearing aid and use the device [1, 2]. This is in part due to the
stigma associated with wearing such a device, which ranges from being labeled as “old” in
adults to not being considered “normal” amongst younger people [1]. There is also the issue
of the negative perception of hearing aid wearers termed the “hearing aid effect” [1], where
they are evaluated negatively on areas such as intelligence, overall achievement and
appearance by non-wearers because of the presence of a hearing device [1]. It has also been
widely reported that many users are not satisfied with their hearing aids and would rather put
them away. Some reasons given are the presence of background noise, no added benefit
perceived, discomfort as well as the difficulty and frequency in which the volume control of

the hearing aid has to be adjusted [3, 4].

In the hearing aid industry, a lot of research has gone into closing the gap between people
who suffer from hearing loss and those who seek treatment, as well as improving the
wearing experience for those who decide to use the device. Approaches used range from
better noise reduction methods to minimizing the size of the hearing aid in order to make it
less visible. The focus of this thesis is on learning the users’ hearing aid control preferences
so as to minimize the amount of adjustments the user makes to the device. This in turn

draws less attention to the fact that they are wearing an assistive device.

During hearing aid fitting, the required gains programmed into the device are a result of very
general prescriptive procedures [5] and still require fine-tuning after the user has worn the
hearing aid in their daily life. The fine-tuning is done by the audiologist at follow-up visits
and is based on comments/feedback from the hearing aid wearer. However, the comments
are sometimes hard to interpret making the process harder for the clinician and frustrating

for the patient.



The prescriptive procedures assume that the same gains and hearing parameters are suitable
in all acoustic environments. However, it has been found that this is not the case and that
different environments indeed need different settings [4]. This finding motivated the
implementation of customized listening programs for different environments. These
programs contain predetermined settings that are believed to optimize hearing in that
environment. The user has the option to manually load the program they feel corresponds to

the situation they are in.

Research in recent years has confirmed that users also have individual preferences in
different environments [6, 7]. Also a case study carried out at the National Health Service
(NHS) audiology clinic in the UK has established that most hearing aid wearers, both new
and experienced, would prefer to have their devices equipped with a manual volume control
[8]. Patients of the clinic where asked to wear their hearing aid with the manual volume
control activated then deactivated. By the end of this period, it was found that most (73%) of
the participants preferred to have the manual volume control activated. Also a higher
percentage of experienced users (88.9%) than new hearing aid wearers (60%) preferred this
feature [8]. A survey by MarkeTrak [47] found similar results except that in this study, users
where asked if they were satisfied with their current device and if they felt the need for a
manual volume control. Unlike in the first study, they did not have an opportunity to choose
between having a manual volume control or not, but never-the-less most participants felt

having one would be beneficial.

The concept of trainable hearing aids has also been proposed [7], they are devices which are
able to learn from changes the user makes to the control settings in each individual
environment that it identifies. This applies in particular to the volume control. When an
environment is presented to the hearing aid, the volume control is automatically set to a
weighted average of past volume settings for that specific environment. The learning rate is
predetermined as an average one for all users. It is hoped that this learning will minimize

user interventions over time.



1.2 Thesis Objective

Currently, when learning the user preferences, a fixed learning algorithm or smoothing
constant is typically used in the algorithm that is programmed into the hearing aid [9]. Since
the device is to be used by a wide range of users, the question is raised whether a fixed
learning time constant would be best for all users despite their varying behaviors. In this
thesis, we address this important question and investigate if users have the same “optimum”
time constant to learn their preferences quickly and accurately. If indeed the optimum time
constant is dependant on the user behavior, then it might be worthwhile to adapt the learning
parameter to the user behavior. Further, a given individual may have different behaviors in
different environments and their behavior may change over time. In this research, we
investigate several techniques to adapt the learning constant to the user behavior to identify

the potential improvement and suggest an approach to achieve it.

The objective of this thesis is to learn what control settings the user prefers in different
environments with the goal of being able to predict what the user would like when they
re-enter these environments, for all adjustable user controls and in particular the volume
control. Over the course of the day the user switches between different environments. The
device should be able to recommend the best initial setting when the user returns to a

specific environment (the settings can still be over ridden by the user at any time).

1.3 Contribution

This thesis contributes to the research done on hearing aids in the following ways:

e Showing that the optimum time constant for learning volume control preferences is
dependant on the behavior of the user and hence justifying the need for an adaptive
time constant.

¢ Confirming that the use of a fixed time constant within a margin of 10 — 20 hours in
some devices is reasonable if a fixed time constant is to be used in the learning

algorithm.

e Application of time-series forecasting techniques in learning hearing aid settings.



e Investigation of the performance of three adaptive exponential smoothing methods in

learning hearing aid settings.

e Investigation of the conditions in which adaptive techniques would result in superior

learning.

1.4 Thesis Layout

The rest of this document is laid out as follows:

Chapter 2: Hearing Aids Technology

This chapter explains briefly the basic principles of hearing aids, outlines the hearing aid
fitting process and some of the challenges experienced. Also a review of the state of the

industry in the area of learning user control preferences is provided.

Chapter 3 Learning Algorithms

This chapter first introduces Exponential Smoothing using a fixed time constant, then details
the adaptive methods considered in this thesis. Four algorithms in which the time constant

adapts based on the settings observed by the hearing aid are presented.

Chapter 4 Simulations and Performance Measures

This chapter presents the behavioral data that was generated for the purpose of testing the
learning algorithms. Assumptions made in the simulations are outlined. The measures used
to evaluate the algorithms are defined and described. Exponential Smoothing using a fixed

time is analyzed and the need for using an adaptive time constant is justified.

Chapter 5 Evaluation of Algorithms

In this chapter, three adaptive methods are modified to suite the requirements of this thesis
and then they are evaluated. The optimum parameter(s) for each method are determined and

used to learn the preferences for a wide range of behaviors. The results are presented and

discussed.



Chapter 6 Conclusions and Future Directions

This chapter summarizes the findings in this work and outlines recommendation on the next

steps to take based on these findings.



Chapter 2 Hearing Aid Technology

The ear is made up of three parts, the outer ear, middle ear and inner ear. A diagram of the
human auditory system is shown in figure 2.1 [10]. The outer ear is made up of the pinna
which is the visible part of the ear and the ear canal (or external auditory meatus). The
function of the outer ear is to amplify sound waves in the front of the ear and to aid in sound
localization which is the ability to detect the origin of a sound in space. The middle ear is an
air-filled cavity containing three tiny bones, the hammer, incus and stape. These bones are
referred to as the ossicles. The hammer is attached to the ear drum while the foot of the stape
is embedded in the inner ear at an aperture called the oval window. The ear drum (or
tympanic membrane) can be found between the outer and middle ear.

OUTER  MIDDLE INNER
EAR EAR EAR

: DWIHDOW 3
EUSTACRIANTUBE- NG © -
NASAL CAVITY

Diagram from http://cobweb.ecn purdue.edu/~ee649/notes/figures/ear.gif (March 2008)[10]
Figure 2.1: Human Auditory System

The main component of the inner ear is the cochlea, which is a fluid filled snail-shaped
organ. The oval window is attached to the cochlea. The function of the ossicles is to transfer
the sound energy by matching the impedance of the ear canal to the higher impedance of the
cochlea fluids thus reducing reflection of the sound energy [11]. Once in the cochlea the
sounds are compressed to fit the 120dB dynamic range of hearing. By analyzing the sound

frequencies, the cochlea is able to convert the signal into electrical pulses which are then



transmitted to the many nerve endings that are connected to the brain. It is in the brain that

the impulses are finally decoded and the sounds can be heard and identified [12].

2.1 Hearing Loss

Hearing loss is caused by partial or complete damage to parts of the human auditory system.

There are three main types of hearing loss: conductive, sensorineural and mixed hearing loss

[13].

Conductive hearing loss is related to damage in the outer or middle ear. It can be caused by
inflammation of the skin of the outer ear due to bacterial infection since this part of the ear is
the most exposed to external conditions [12]. Another cause is the rupturing of the ear drum
from exposure to excessive noise or perforation by obstructive objects. This perforation also
opens the middle ear to external conditions which could cause damage. The above
mentioned conditions cause certain frequencies of sounds to be attenuated. Conductive
hearing loss can also result from a condition known as otosclerosis which is an abnormal
growth of the middle ear bones. The ossicular bones become hardened and are not able to
perform their impedance matching function. People with this type of hearing loss will tend
to speak lower and softer as their voices appear to sound louder to them [13]. They are also
able to tolerate loud sounds [12]. Some of the damage caused by conductive hearing loss can
be corrected through surgery. The perforation in the ear drum can be patched with muscle
tissue while the ossicular bones can be replaced through a transplant or artificial replacement
[12]. Hearing aids are also able to correct this hearing loss by amplifying the signal such that
it gets through the middle ear as if no damage occurred [11]. The device does this by
applying gains at the affected frequencies.

Sensorineural hearing loss which is the most common kind of hearing loss is caused by
damage to the hair cells of the cochlea or the auditory nerves. This can usually be due to old
age or excessive exposure to noise [11]. It can also occur in children due to diseases like
rubella or measles [12]. One of the symptoms of this type of hearing loss is that affected

individuals will often speak louder as they cannot hear their own voice [12]. People with this



type of hearing loss suffer a lot of interference from the presence of noise. This is
particularly a problem if the noise is at a frequency that is close to that of the desired signal
[5]. They are also not able to hear sounds that are quickly followed by a loud noise due to
temporal masking. Finally, the dynamic range of the individual is reduced, that is the range
of levels that can be heard is decreased. Weak sounds cannot be heard and intense sounds
are too loud and cause discomfort [5]. There is no medication to cure sensorineural hearing
loss and surgery does very little to help. Currently the most effective solution is the use of
hearing aids to compensate for the hearing loss [14]. The hearing aid must process the signal
to restore it to what would have been received if there was no damage [11]. Typically, the
device gives more amplification to soft signals to raise them to the residual dynamic range

and applies less gain to louder signals to reduce discomfort.

Sometimes a mixture of both conductive and sensorineural hearing losses occur and the
affected individual will suffer from both kinds of symptoms. This individual is said to be

suffering from a mixed hearing loss.

2.2 Hearing Aid Overview

Hearing aids are made up of some basic components such as microphones, amplifiers, filters
and receivers. The microphone collects the sound energy from the environment and converts
it to electrical signals. Filters are used to amplify the input at different frequencies or to split
up the signal into different bands. An amplifier is then used to increase the amplitude of the
signal. After all the processing is finished, the signal is transmitted to the receiver which
converts it into an acoustic signal which can be heard. The hearing aid is equipped with a
battery to supply power for all the required processing. When the signal passes through the

entire chain of components, one after the other, the hearing aid is said to be a single band



device or to have a serial structure [5]. An example is shown in figure 2.2 below.

High-pass
filter Low-pass filter
Microphone / Receiver

O—
/ /

Figure 2.2: Single band hearing aid example

In the case where the signal is split into various frequency bands and amplified separately it
is called a multi-channel hearing aid. Figure 2.3 shows an example of a 7 channel hearing
device. The amplified signals in each band are summed up and transmitted to the hearing aid

receiver.

In the past, these components have been made from analog parts like resistors, transistors
etc. Fully digital hearing aids are presently the norm and are able to carry out complex signal

processing.
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Hearing aids can also be classified according to their style or physical configuration. The
largest is the Behind-The-Ear (BTE) hearing aid; its components are kept in a plastic casing
that fits behind the pinna. A tube connects the casing to a mould that is placed at the entry of
the air canal. The tube carries the amplified sound from the receiver into the ear. Next, in
descending size are In-The-Ear (ITE) hearing aids which fit in the concha followed by In-
The-Canal (ITC) hearing aids which fit mostly in the ear canal and the smallest devices are

the Completely-In-the-Canal (CIC) which fit directly in the ear canal [5].

2.3 Hearing Aid Fitting Process

The initial stage of the hearing aid fitting process is the administration of diagnostic tests to
identify if the individual has some form of hearing loss and is a candidate for hearing aid
fitting. The most basic test is the Pure Tone Test which measures the minimum sound level
or absolute threshold that a person can barely detect in quiet at various frequencies [13]. The
results are plotted as an audiogram [48] (see figure 2.4) which provides a visual

representation for the audiologist.
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Diagram from: hitp://'www.sfu.ca/sonic-studio/handbook/Graphics/Audiogram.gif (March 2008)[48]

Figure 2.4: Audiogram used to plot hearing thresholds

The tone frequencies (Hertz) sent through headphones to the patient during the
administration of the Pure Tone test are plotted on the x-axis. The vertical axis is the

corresponding threshold of hearing for each frequency in dB HL. Test data from the left ear
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is recorded with an x and a circle denotes recordings from the right ear. Hearing thresholds
are usually measured at 250Hz, 500Hz, 1000Hz, 2000Hz, 4000Hz and 8000Hz. In figure
2.4, the plots in solid lines are the test results from a person with normal hearing. For an
average normal hearing person, hearing thresholds of 0 dB HL are expected at every test
frequency. However, thresholds in the range of 0-25dB HL can still be considered normal
[13]. The plots in dashed lines are for an individual who is losing hearing at higher
frequencies due to prolonged exposure to noise. Once the individual has been identified as a
candidate for a hearing aid, the next step is to prescribe the amount of gain and other

configurations the device would need in order to compensate for their hearing loss.

The amount of amplification required to compensate for the type of hearing loss can then be
computed from the thresholds and other measures in already established formulas (or
prescriptive procedures) to determine the required insertion gain at each frequency and level.
The gains calculated are usually referred to as insertion gains. Many hearing aid
manufacturers often have their own proprietary fitting algorithms for their devices.

There are two main types of gain prescription procedures, linear and non-linear.

Linear amplification procedures are calculated based on the hearing thresholds and provide
the same gains for all input sound levels up to a maximum amplification level. The gains are
different from frequency to frequency depending on the hearing loss profile. Two popular

methods of this kind are:

Prescription of Gain and Output (POGO): This procedure inserts a gain that is half the

hearing loss at the tested frequency plus a constant £, that depends on frequency.

National Acoustic Laboratories — Revised (NAL-R): This procedure calculates the

insertion gains so that speech frequencies appear to sound at the same level [15], with the
aim to maximize speech intelligibility. The steps involved are outlined below:

1) Calculate the average of the hearing thresholds at 500, 1000 and 2000 Hz.

2) The value calculated above is multiplied by 0.15.

3) The insertion gain is calculated as the sum of the values in 1), 2) and a constant
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k, that depends on frequency.

Both the above methods have been revised over time to accommodate individuals with

severe hearing loss i.e. thresholds greater than 60dB.
Non-Linear amplification procedures unlike the linear ones have a different gain-frequency
response for different sound levels. Two examples of this type of procedure are discussed

below:

National Acoustic Laboratories — Non-Linear 1 (NAL-NL1): Like the linear method

created by this group, the objective is still to maximize speech intelligibility but maintains
the overall loudness at a level that would be comfortable for a person with normal hearing.
The creators of this procedure found the optimum insertion gains by analyzing 51 different
hearing loss profiles and taking into consideration metrics such as Articulation Indexes and
loudness algorithms [16]. The computations are very complex and are proprietary
information. Usually it is provided in a software format to the audiologist along with

instructions on how to use it.

FIG6: This non-linear prescriptive method was created by Killion & Fikret-Pasa [5] and is
named after figure 6 of the paper they authored outlining their procedure. The method
factors in the sound level of the input signal in particular sounds at 40, 65 and 95dB SPL.
The primary objective of this method is to normalize loudness. Table 2.1 summarizes the
calculations for this method. The insertions gains for input levels outside the three targets

are obtained by linear interpolation [5].
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Input Level (dB SPL) 40 65 95

Hearing Threshold at

frequency I (dB HL)

H. <20 IG;=0 IG; =0

20< H <60 IG,=H, - 20 IG, = 0.6(H; - 20)

H; <40 IG;=0

H; > 40 1G; = 0.1 (H; — 40)"*
H > 60 IG;=0.5*H,+ 10 | IG,=0.8H,~23

Table 2.1: Summary of FIG6 Non-Linear Prescriptive Procedure

Irrespective of the fitting method, the patient usually wears the hearing aid for a trial period
and comes back into the clinic for a follow-up visit where they give feedback on the sound
quality of their device. The audiologist in turn tunes the prescribed gains based on feedback
from the patient. This fine-tuning is an on-going process of hearing aid fitting [5, 7, and 14].
Some fine-tuning strategies employed by clinicians are discussed later in this thesis as well

as some inadequacies in the fitting process. Recent improvements to the process are also

outlined.

In the next section, some of the complaints of hearing aid users are highlighted and how the

industry has attempted to address these issues is discussed.
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2.4 Advances in Hearing Aids

A lot of innovation has gone into the development of hearing aids to improve the users’
listening experience and hearing aid prescription. Some areas that have been addressed are

discussed next.

2.4.1 Acoustic Feedback Cancellation

The presence of a “howling” or “whistling” sound is one of the top complaints of hearing
aid wearers [3]. Acoustic feedback is responsible for this effect and is caused when the
hearing aid output signal leaks out of the ear canal, is picked up by the microphone and re-
amplified by the hearing aid in a positive feedback loop. This occurs at high gains and
reduces the dynamic range of the device [17], figure 2.5 [18] below illustrates this problem.

Acoustic
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Diagram from: http://'www.ee.ucla.edw/~spapl/rod/aeptf.him (March 2008)[18]
Figure 2.5: Acoustic Feedback Path in Hearing Aids

Acoustic feedback is more prevalent at higher volumes and typically the user will feel the
need to adjust the volume control. To reduce the number of interventions from the user, it is
therefore necessary to minimize this howling effect. It has been shown that acoustic
feedback can be suppressed through the use of adaptive filters [19-21]. This is done by
modeling the feedback signal through the use of adaptive filters and subtracting it before it is
amplified. One way is through non-continuous adaptation where a training sequence of the
noise is presented to the hearing aid periodically. A howling detector is also needed to
recognize the occurrence of the howl and is used in the cancellation which takes place
during periods that are quiet. If the detector is not very good then the acoustic feedback will

not be cancelled properly. This method interferes with the users’ listening and reduces the
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overall SNR [21]. The preferred method for eliminating acoustic feedback is the continuous
one. Here adaptation is done all the time and is not limited to periods of silence. Adaptation
is also solely based on the input signal and does not require an interfering training sequence
[21]. Figure 2.6 below shows how the acoustic feedback can be modeled in hearing aids.
The adaptive filter estimates the feedback loop which is in turn subtracted from the input to

the hearing aid.

Input signal: x(n) y(n) Output Signal: s(n)
Feedback Path >

A

>

Input to hearing aid: d(n) ~
Estimate of feedback path: y(n)
v

-

| Adaptive Filter

____________

Estimate of input signal: e(n)

Forward Path

Figure 2.6: Model of Acoustic Feedback Cancellation in Hearing Aids

However, the issue with this approach is that the input signal and the output signal are
correlated and results in misconvergence of the adaptive filter coefficients [17] and a poor
feedback cancellation. The two signals are usually decorrelated by including a delay in the

model usually in the forward path [20] or in the cancellation path [21].

2.4.2 Directional Microphones

One of the complaints of hearing aid users is a reduced ability to understand speech in
situations with a lot of noise [22]. Directional microphones can be used to help improve
hearing in some cases. The underlying assumption with the use of directional microphones
in hearing aids is that the target/desired signal is often in the frontal position i.e. a person

will usually face the source while noise may be distributed around the user. Directional
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microphones focusing on the frontal direction will improve signal-to-noise ratio. Hence they

may help to improve speech intelligibility in noisy environments.

The performance of these microphones is evaluated by a Directivity Index (DI). The DI is a
measure of the signal-to-noise ratio (SNR) for a signal coming from the front direction and
noise coming from all other directions (diffuse signals). To measure how well the
directional microphone improves speech intelligibility an Articulation Index (AI) measure is
often used along with the DI. The AI-DI is a weighted average of the DI across frequencies
that affect speech intelligibility.

Behind-the-ear (BTE) hearing aids are usually equipped with two omni-directional
microphones separated by a set distance (there is a distance restriction due to the small size
of the hearing aid, so it is usually around 1cm). The output signals of the two microphones
are differentially processed in a first order differential array [22]. By introducing a delay to
the output of the rear microphone and subtracting it from the signal picked up by the front
microphone, a directivity pattern can be achieved. The pattern achieved is dependant on the
ratio of the internal delay and the external one created by the physical distance between the

two microphones.

An improvement of the above method is the differential processing of signals from three
microphones in a combination of first and second order directional processing. This was

found to improve the AI-DI by 2dB in many listening conditions [22].

The next development in this area is the design of algorithms that can handle the desired
source being in any direction i.e. no longer restricts the use of the directional microphones to
cases where the source is in the front. Also, in reverberant environments, the desired sound
and noise reflections coming in different directions reduces the benefits of directional
microphones in this type of environment. Therefore since there are some situations where
the use of directional microphones is not desirable, the user should have the ability to

control this feature and switch it on or off as needed.
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2.4.3 Noise Reduction

While directional microphone arrays are very helpful in removing noise from directions
other than that of the speaker, it is difficult to use multiple microphone arrays or directional
microphones [22] in ITC hearing aids due to size restrictions and reduction of the free sound
field since the device is placed in the ear canal. It is therefore necessary to develop robust

signal processing techniques to perform noise reduction with one microphone.

Background noise makes speech less intelligible and causes discomfort for hearing aid
wearers. Hearing aids have mostly tried to tackle the latter issue. The noise consists mostly
of low frequencies which contribute mainly to its loudness [5]. To reduce this discomfort,
one approach is to minimize the gain at low frequencies especially in environments with
increased noise levels [5]. The gain is based on the signal-to-noise ratio at each frequency,
giving smaller gain if the SNR is poor. This technique thus reduces discomfort only when

the signal and noise are in different frequency segments.

In cases where the speech is in the same frequency band as the noise, a Wiener filter based
technique [22] can be used to reduce the noise. The gain at each frequency of the filter is the
desired signal power spectral densities divided by the sum of the signal and noise power
spectral densities [22]. The challenge however is that the known spectrum is a combination
of both the desired signal and noise but what is required is the spectrum of only the noise or
only the desired signal. For a desired signal which is just speech, its presence can be
detected because of its distinct temporal envelope [5]. A non-speech detector can be used to
measure the average spectrum when there are pauses in the input signal where speech’s
temporal envelope is not present. Once the noise spectrum is measured, it can be subtracted
from the input signal power spectral density to get that of the desired signal alone. These
values are then used in the gain calculation. Spectral Subtraction which is similar to the
Wiener filter approach, is another noise reduction method used in hearing aids. The
magnitude of the noise spectrum is subtracted from the magnitude of the noise plus speech
spectrum [5]. Again, a non-speech detector can be used to detect periods where there is no

speech and the magnitude of just the noise can be measured.
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The issue with the Wiener filter and Spectral Subtraction methods is that the estimates of
power spectral densities or spectrum magnitude measured are just for a short period of time
and do not capture the full characteristics of the noise which may vary over time. Therefore,
they perform best when the background noise is stationary in nature. Also the audio quality
of the signal produced by noise reduction methods is not very high due to the inaccurate
estimation of the noise. Even though these techniques do not always improve speech

intelligibility they have been shown to reduce discomfort [5].

Since these methods are not always desirable, i.e. when the noise is non-stationary such as
traffic, it would be beneficial for the user to be able to switch it on and off as preferred.
Alternatively, the frequency response of the gain could be adjusted automatically by the
device depending on the environment. For example, the full frequency spectrum can be
amplified in quiet but if a noisy environment is detected, the hearing aid reduces the gains at

low frequencies [23].

2.4.4 Environment Classification

It has been established that different environments (e.g. restaurants, concerts, lecture halls,
quiet/nature) need different hearing aid parameters [4]. To address this, hearing aid
manufacturers create different listening programs with parameters specific to a given

environment.

The listening programs contain different signal processing strategies to optimize hearing in
specific environments. For example, the noise reduction algorithms and directional
microphones maybe be switched on and off accordingly. The programs are then downloaded
on to the device. The user has the choice to manually switch to the program that they think
best suites the environment they are in. Having to identify the environment and then switch
to the appropriate program can be considered annoying and cumbersome for them [7]. There
are also some users that might not be able to perform this task e.g. older people and children.
If this switching could be done automatically, the hearing experience of individuals would

be improved greatly.
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The hearing aid has to be able to extract certain features from the environment in order to
identify and load the correct listening program. The main challenge in environment
classification is identifying a robust set of features that will be able to identify the acoustic
characteristics of several environments. In [4] the author used simple features such as
fluctuations in the signal envelop, slopes of the high and low frequency components and
finally the average frequency [4]. These features were used to classify everyday background
noises like traffic, typing and washing dishes. Other approaches have used neural networks

and Hidden Markov Models as part of their classification strategy [6].

Modern hearing aids are now equipped with classification systems that are able to detect
which acoustic environment the user is in and automatically load appropriate hearing aid
parameters or programs that will give the best listening experience for that environment. For
example, current hearing devices from Siemens are able to successfully classify four
acoustic environments speech in quiet, speech in noise, noise and music [22], while Phonak

hearing aids can classify speech in broadband noise from other signals [24].

Another challenge is to decide which processing parameters are relevant in each
environment. Also, after classification has been completed successfully, what should be the
initial values of these parameters? Whether these parameters are to remain fixed or
continuously adjustable by the user is another issue. These problems will be analyzed in a

later section when learning the user’s preferences within an environment is discussed.
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2.4.5 Hearing Aid Fitting

The amplification prescribed by clinicians is a good starting point for the gain required to
compensate for an individual’s hearing loss. The prescribed gains however still need to be
adjusted after the patient has worn the hearing aid in real life situations. This fine-tuning is
done on subsequent visits to the clinic where the patient gives feedback to the audiologist on

the quality of sound produced by their device.

There are a few strategies audiologists use to aid the fine-tuning process. One is called
Paired Comparisons where two sounds from different gain-frequency responses are
presented to the user and they are asked to identify which one sounds better to them. Usually
the user is asked to pick their preference based on criteria like intelligibility, loudness and
comfort. If there is more than one frequency response to be investigated, they can be
presented to the users in pairs with each other or they may be paired with a base response
obtained from the prescribed procedure [5]. The audiologist keeps a tally of how many times
each response is identified as producing the preferred sound. The one picked the maximum
number of times is taken as the optimum for that individual and programmed into the device
[5]. The issue with this method is that it does not tell the clinician how good or bad the
quality of the sound is, just whether the user liked it better [5]. Also if this method is to be
implemented properly it could take a long like time to present all combinations of
comparisons to the patient. Another fine-tuning strategy is Absolute Ratings of Sound
Quality. Here the user is given a chart with a rating scale from 0 (being the worst
imaginable) to 100 (being the best imaginable). In between values could be 10, 20, 30 etc. or
“bad”, “average”, “good” etc. When the sound stimulus for a given response is presented to
the user through the hearing aid, they are asked to rate the sound quality on the scale.
Different sound quality criteria such as loudness, tone quality and comfort are ranked using
this scale. Each rating by the user corresponds to a specific increase or decrease in gain by
the audiologist. These methods can be effective but would require a lot of time to be
invested by the patient and clinician. Also it is sometimes frustrating for the patient to
describe what they are hearing and difficult for the audiologist to interpret what the problem

is. Therefore there is still room to improve this part of hearing aid fitting.
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The possibility of using neural networks in the fitting process has been investigated and seen
to be feasible [14, 26-27]. Audiologists usually keep a record of gains that have worked
well for their patients; these records can be used to develop a databank of audiometric data
and corresponding prescribed gains. This information can be used to train a neural network
since input (audiometric data) and output (gains that were used to compensate the hearing
loss) are available. This will provide a neural network which when given a patients pure
tone test results will output the gains that the patients needs. Therefore, for future patients
their test results could be fed to the network and the corresponding gains can be obtained
[14]. This method is advantageous because the audiologist can quickly select a hearing
device for their patient. However, it is not uncommon that two people with the same type
and degree of hearing loss end up ultimately having very different preferred gains. It is

therefore still necessary to customize the gains to each user.

Unfortunately, fitting is usually done in a clinical environment which is not realistic of any
of the noise and reverberation characteristics that are present in real-world settings [7, 14].
Also, in trying to simulate real environments it is impossible to simulate all combinations of
environments in life and narrow it down to those that the hearing aid user is exposed to.
While optimizing the gain needed in one environment, the clinician could undo adjustments

made for previous environments which would produce an overall poor fitting [7].

Going forward, there is a need to improve the fitting process and reduce the amount of time
required for tuning the hearing aid and getting to its optimum parameters. It has been
proposed that the user be directly involved in the process [28]. They are to be presented with
a set of controls with which they can adjust the gain parameters of their hearing aid. Since
they are already familiar with adjusting the controls for other common audio equipment, this
should not be a difficult task for the patient. While wearing the device in their day-to-day
activities, they are to adjust the response to optimize the quality of sound they hear. To
support this shift from prescribed fitting to a perceptual one [28], the authors of this proposal
carried out a study which confirmed that hearing aid users do want to be involved in the
fitting process and find the idea of having direct control appealing. This study also found

that the users can be trusted to eventually settle on the same optimum value after adjusting
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the controls for a while. Since the hearing aid will be updated instantly with the adjustments,
the time frame to optimal fitting will be greatly reduced. This is a more natural and practical
method to fine-tuning the prescribed gain than forcing the user to pick between stimulus
presented during the Paired Comparisons and Absolute Ratings of Sound Quality methods.
It is also deemed to have more benefit since real-life acoustic sounds are being used to tune

the device.

This paradigm can be extended further by having the user also decide the values of other
hearing aid parameters such as noise reduction, spectral balance or directional microphones

in each environment.

2.5 Self-Learning Hearing Aids

Personalization and recommendation of products and services is a growing trend to meet
consumer’s needs and demands [29]. This is of particular interest when making purchases
through the internet, based on what products the user selects to buy, the system can
recommend other items of interest and also predict what kind of products they would like in
the future [30]. For example in audio, text and image retrieval from shopping databases such
as Amazon, searches are made for movies, music, clothing e.t.c, only items relevant to the

user will be returned as the users preferences are learned [29].

The concept of self-learning hearing aids addresses the issues of fine-tuning and optimal
adjustment by learning what settings the user prefers in environments that are presented on a
daily basis. The device has memory and remembers previous settings. At specific points in
time, it adjusts the present settings to some combination of the previous ones. Some
research has already gone into this and a few devices with self-learning features are
currently on the market. The SAVIA® hearing aid from Phonak has a datalogging
component that analyzes and stores the volume changes made by the user as they go about
their day-to-day activities in each environment. Based on the analysis a volume setting is
suggested [31]. The clinician makes a decision on whether or not to include this suggestion

at next follow up visits as the device does not automatically update the volume. Another
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hearing aid manufacturer, GN Resound, approaches this issue in a slightly different way.
The gain function of the device is adjusted after each volume control change. Features are
extracted from the input signal and used in the Automatic Volume Control (AVC) module to
calculate a gain. The gain is applied to the input to produce the output that will be heard by
the user. The system absorbs changes in the volume control register into the AVC module
[25] every time. The parameters of the AVC are adjusted so that the gains applied will put

the input at a level preferred by the user.

The CENTRA® hearing aid by Siemens is able to learn user preferences for volume in
different listening environments. Each time the hearing aid is turned on it calculates the
weighted average of past volume preferences and sets the volume accordingly. The device
is typically able to learn the volume preferences for a specific environment on average by

the end of the first week using a fixed learning constant of 17 hours [9,46].
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From Siemens, “DataLearning & Learning VC : Learning Preferred Gain Settings in Everyday Life "[9]
Figure 2.7: Learning Volume Control Concept

Figure 2.7 shows an example of the learning process in the CENTRA® over a week for a
given user and listening program. When the user gets the hearing aid, it is set to the gains
from the prescriptive procedures and this corresponds to a volume control (VC) position of
0. From then on, the user may decide to override this volume setting and a learning process

is established. The horizontal axis is the time in days that the device has been worn. The
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numbers corresponds to the end of a day and the commencement of learning for the next day
(e.g. 1 is the end of learning for day 1 and beginning of learning for day 2). The thick curve
is the output of the volume control learning algorithm while the actual volume control
values set by the user are the light horizontal lines. The user reducing the volume is denoted
by a downward arrow while if the user increased the volume an upward facing arrow is

used.

In figure 2.7, the user does not change the volume during Day 1. On the second day, the user
reduces the volume by 10dB. At the start of the third day, when the device is turned on, the
hearing device computes a VC position of -6dB (see dot in figure 2.7) which is a
combination of the previous VC positions. On the third day however the user prefers to
leave the VC at -10dB instead of the position suggested by the learning algorithm so the
learned volume reduces slightly. On the fourth day, the learning algorithm suggests -8dB
and the user increased the position a little to -6dB. Over time the amount of change between
the learned volume control setting and the user manual setting decreases (smaller arrows). In
the CENTRA®, learning takes place independently in each listening program. The learned
value is an exponentially-weighted average of past volume settings in each listening
program and it only takes effect the first time each listening program is selected after the
device is turned on. Figure 2.8 shows an illustration of the learning process in three listening

programs of the Siemens’s CENTRA ©.
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From Siemens, “Datalearning & Learning VC : Learning Preferred Gain Settings in Everyday Life”[9]
Figure 2.8: Learning VC in multiple programs

Figure 2.8 shows the user’s choice for the volume control (thick lines) and the learning
algorithm behavior (thin lines) for one day independently in three listening programs.
Different listening programs are selected within a day as the users’ environment changes.
When a new listening program is selected, the volume is set to the last volume control value
set by the user in the previous occurrence of the listening program during that day. At the
end of the day the device calculates a learned VC position. The hearing aid will be
initialized to this VC setting the next time it is turned on. This is done independently in each
listening program. The learning is implemented with a non-adaptive learning algorithm

using an exponential averaging equation with a fixed time constant.
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2.6 Summary

In this chapter, some of the problems experienced by hearing aid users have been high-
lighted as well as some of the advances that have been made by the hearing aid community.
Hearing aids are still not widely accepted and there is a need for further improvements,
particularly in the area of self-learning or trainable hearing aids to customize the devices to
the particular needs and preferences of the users [7]. This customization is also needed
because as discussed previously there are situations where certain features of the hearing aid
should be turned off. More specifically, research is needed on the best strategies to learn
what the user prefers in each environment to anticipate hearing aid control adjustments when

required.

This thesis focuses on advancements in the learning of user control preferences in order to
minimize the amount of adjustments made to the hearing aids over time. Reducing the need
for frequent adjustments would create a better listening experience and draw less attention to

the fact that an assistive hearing device is being worn.
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Chapter 3 Learning Algorithms

During hearing aid fitting, the prescriptive procedures used by audiologists are very general
and still need to be fine-tuned after the patient has worn the device for a while. The user
gives feedback to the clinician on the quality of the sounds they can hear and then the gains
are adjusted to optimize hearing. It has been established that the optimum hearing aid
parameters vary in different environments [28, 32]. Even within a specific environment, the
range of acoustic and listening conditions is such that the hearing aid user may require on-
going adjustments of the control settings. Continuously adjusting the volume settings of the
hearing aid has been identified as one of the reasons why individuals are not satisfied with
their hearing aids, and as a result, may not wear them [3]. As described in Section 2.5, there
is a trend among manufacturers to design trainable hearing aids that learn the preferred
volume control settings in each environment to minimize user interventions and improve
customer satisfaction. There are many different methods in existence that are able to learn or
track a time series like the use of neural networks, linear predictive coding and kalman
filtering. However because of the real-time processing constraint in hearing aids, simple

algorithms are usually targeted.

In self-learning hearing aids, the user preferences need to be learned as efficiently as
possible and should require minimum intervention from the user. Tracking user behavior by
taking an exponentially-weighted average of past control settings in each environment, as is
done for the CENTRA® (figure 2.8), is a simple way that has been used to achieve this goal.
Exponential smoothing techniques are used in forecasting in many fields to make
predictions of the next value in a time series [33, 34]. Of the wide range of exponential
smoothing algorithms, the basic ones use fixed time constants. The issue however is in
deciding what values for these constants to use in the algorithm since they directly affect
how well it performs. Therefore, many schemes consider using adaptive parameters to
improve performance. To use exponential smoothing algorithms in hearing aids, there is a
need to explore whether using strategies with fixed or adaptive constants would be more

beneficial for this application of interest. The above methodology will be the focus of this
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research as it is a natural extension of the strategy employed in the CENTRA® which uses
fixed exponential smoothing for learning. The basic averaging method using a fixed time
constant is introduced and then methods in which the time constant is made adaptive are

discussed.

3.1 Fixed Exponential Smoothing

Exponential smoothing is a common technique used in making forecast or future predictions
based on historical data. Businesses use it to make strategic decisions such as operations
planning and inventory control [33, 34], it is used for predicting job run times on shared
processors [35] and channel behaviors on Wireless LANs [36]. The smoothing process tries
to forecast what will happen in the future i.e. at 7+ based on what has occurred up to this
point in time #. For example, the revenue from sales for an upcoming month can be predicted
based on the trend of revenues seen in previous months. In exponential smoothing, the
observed values of the time series are weighted unequally with more recent observations
having greater weight than previous values.

The basic equation used is defined as [33 - 35]:

V= +(1-a)y, (3.1a)

a is the smoothing constant (0 <a <1).

¥4 1s the forecast for the next time period ¢+1

y, is forecasted/prediction for the current period ¢
v, is what was actually observed at time ¢

The relationship between o and the time constant t is shown below in equation (3.1b),

details of its derivation are shown in Appendix I.
I
a=l-e— (3.1b)
where T is the time interval between samples and 7 is the time it takes for the weighted
average to reach 63% of its final value, i.e. at time t = 1 =T, the right hand side of equation

(3.1b) becomes 1-¢™" which is 0.63. Equation (3.1a) is typically initialized by setting

29



¥,(0) to the average of the first couple of values in the time series if they are known. The
forecasted estimate y,,,, depends on a fraction of the newly observed value y, and a fraction

of the previous estimate y,. The amount of dependence is controlled by the smoothing

constant. Ideally the difference between the forecast 3, and the actual observation y,

should be as close to zero as possible. The value of this difference is called the forecast error

e(t) and is defined in equation (3.2).

e(t)=y,—y, (3.2)
Figure 3.1 shows how the algorithm works for a sample time series (plotted in a solid line)

using a smoothing constant a of 0.2 and y, is initialized to zero. The exponentially

weighted average calculated at each time period t is plotted in dash lines.
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Figure 3.1: Simple exponential smoothing with a constant a of 0.2

The average over all the absolute forecast errors obtained from using an o of 0.2 was 3.6 for

the above plotted time series.
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The choice for a should depend on the nature of fluctuations expected in the time series. A
lower value of o (or longer time constant t) is better at smoothing out randomness because
only a small fraction of observed values is used in the forecast. Therefore, if the fluctuations
are merely random then using a lower a will help ignore these types of changes. However, if
the fluctuations are valid and are due to a level change or change in trend of the time series,
using a low a will be very slow in responding to this change. A higher a (or short time
constant 1) value will respond to changes faster. We do not always want the algorithm to
respond to noise in the data because it might not be able capture the underlying trend of the
time series. In practice, the degree to which the data will fluctuate is typically unknown and
knowing the optimum value of a to use in the calculation becomes quite a challenge. Next,
some methods in which the value of the smoothing constant is updated during the analysis

are introduced.

3.2 Adaptive Smoothing Constants

In the previous section, an overview of Fixed Exponential Smoothing was given. This
method assumes that a smoothing constant a is sufficiently accurate for long time
forecasting of the data. A challenge however is to find the best smoothing constant for the
data. Moreover, a fixed smoothing constant that is optimal in cases of a dynamically
changing time series such as predicting user behavior in setting hearing aid controls poses a
greater challenge. It would be more beneficial if o could be updated with changes in the data
observed. Different values of the smoothing constant would be used at different times in the
analysis to produce the forecast. Typically, one could use a large & in the beginning (small
1) when there are few observations and a smaller & value later on to give more weight to
the past observations (large ). Also, a large o can be used when the data is varying and a
small @ when its values are fairly stable [37]. Adaptive-control procedures can be used to
update the smoothing constant o depending on the changes in the values observed. Various

adaptive exponential smoothing methods have been researched and evaluated and a few are

discussed next.
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3.2.1 Adaptive Control of the Exponential Smoothing Constant

In this approach, based on the work of Chow [38], a primary time constant is used to make
the next forecast y,,, , along with two secondary smoothing constants that are used to detect
if changes in the primary constant are warranted. Based on previous observations, the
primary smoothing constant is continuously updated if one of the two secondary constants is
found to give a better forecast. The two extra constants used are «;,, an upper bound, and
a; , a lower bound on the primary a. They are used to detect fluctuations in the data and are
defined in equations (3.3) and (3.4) as,

ay =a+d 3.3)

o, =a—-d 34
where d is a small deviation in the smoothing constant which sets the speed of adaptation. Its
value is specified by the designer and it stays the same throughout the processing. Three

forecasts are made using each of the constants as shown in equations (3.5) to (3.7) but only

the one for a is actually used in the analysis.

V=, +(1-a)y, 3.5)

§t+1,U =ayy, +(1_0’U)371,U

(3.6)

Vg =0y, +(A=a)y, (3.7)

However, if ay or oy, is found to give a better forecast than the primary constant o a
posteriori, then in the next time period a is changed to this “best” value. The best constant is
defined as the one that gives the minimum forecast error e(?) and is defined for all three

constants in equations (3.8) to (3.10).

e(t+1) =3, = yin (3.8)
e(t+1)y =_)A/,+1)U_yt+1 (3.9)
e(t+ 1) =P~ Yin (3.10)
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whete 3,, »,., y,, are the forecasts made by «a, o, and a,, respectively for the observation

¥, . Ideally, the difference between these two values, i.e. e(?), is close to 0. Appendix I

provides the details of this algorithm.

Leaming Using the Chow Method | ——— gpservations
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Figure 3.2: Adaptive Exponential Smoothing using Chow

The top panel in figure 3.2 above shows how this method works for a sample time series

(same as the time series in figure 3.1) which is plotted in a solid line. The output of the
algorithm is plotted in dash lines. The initial estimate 3, (o) is set to zero, a. is initialized to

0.2 and the deviation d = 0.05. The middle panel shows the changes in o during the process.
For example, at t =2 we have a = 0.2; but it is observed that at t = 3, a increases to 0.25.
This is because that at t =2 a,, = 0.25 gave a smaller error than both a and oy, and therefore
constant a is updated to this value and the secondary constants are adjusted accordingly
using equations (3.3) and (3.4). Similarly, at time t = 14, o decreases from 0.45 to 0.4
because oy, gave a smaller error at time t =13. From t = 6 to 12, a is not changed because the
secondary constants did not perform any better. The average absolute forecast error obtained

for the given series using this method was 3.4, this is slightly lower than that obtained using
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a fixed time constant of 0.2 (as discussed in Section 3.1). The error value depends on the

choice of d.

The mean absolute deviation is another criterion that can be used for deciding which of the

three constants to use in the next period [38]. The equation is described in (3.11) below:

N

2 @)
1=l
D(a,N)——N (3.11)
where N is the number of observed values and e(t) is the single-period-ahead forecast

error. D(e;,N), D(ey,N)and D(e ,N) are calculated for the corresponding smoothing
constants according to this equation. When D(« , N) is lowest, then smaller errors are
generated using this constant, therefore « is left unchanged. If D(«;, N) is lowest, & is
reduced to ;. New values are then calculated for &, and e, using equation (3.3) and (3.4).
If D(ay,N) is the lowest of the three, « is increased tocr, . The values for «; and o, are

recalculated using equations (3.3) and (3.4). After each update of a, D(«;, N), D(«,, N)and

D(a ,N) are initialized to zero.

The disadvantage of the method by Chow is that three forecasts and errors have to be
calculated at every point in time [38] using all three constants thus increasing the number of
computations to be carried out. There is also the issue of the appropriate selection of d in the
algorithm. Some added benefit of this method is that the rate of change of a can be
controlled by the designer and even though there is more computation, it is not very

complex.
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3.2.2 An adaptive extrapolative forecasting algorithm

This approach, based on the work of Pantazopoulos and Pappis [39], aims to find the
optimum smoothing constant for past observations and applying this knowledge to forecast
future values in the time series. The optimum value for a that would have given a forecast
error of zero as defined by equation (3.8) is calculated based on the previous observations

[39].

If one assumes that y,,, is known at time ¢, it can be substituted for 3,,, in the basic

exponential smoothing equation (3.1a) to give:

S

yt+1=yl+1:aty1+(l_al)yt (312)
Using equation (3.12), the value of a that would produce a forecast error of zero at time t+1

can be determined a posteriori as follows:

A

a =yt+l _Ay’

t

(3.13)

Y=Y,
In reality, this information is not available at time t and changes from one instant to the
other. However, equation (3.13) can be used to find the past optimum smoothing constant at

times ¢-1, 1-2, t-3 etc. [39]. For example at t-1, we have:

Y =V
a,_ = ! rAl

3.14)
Yia =V

The authors propose to use ;. determined as in equation (3.14) for the estimation at time t.
This is based on the assumption that the time series does not vary too fast and is fairly
stationary.

It is proposed that the absolute value is taken to prevent negative solutions for «, [39]. The
proposed form is therefore defined as follows,

A

o= F Vi) (3.15)

4

(yt—l - yl—l)
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A

To accommodate cases where the value for «,' is unstable (i.e. y,_, =y, is very close to

zero) and to keep it within the bounds of [0, 1] it is set to 1 if the value calculated in
equation (3.15) is greater than 1. The smoothing constant is not updated if it performed well
and gave a forecast error of zero. The final form of the method as proposed by the authors is
summarized in equation (3.16):
ar—ly’ if e4=0
a, =1 L if a >1 (3.16)
a,, otherwise
Once the smoothing constant calculated according to equation (3.16) is found it is then

substituted into equation (3.1a) to find the next forecast y,,,. One disadvantage with this

method is that the best a value tends to remain at the ceiling value of 1 and the forecast ends
up being the last observed value. This is because equation (3.13) is really the two-step
ahead forecast error divided by the one-step ahead forecast error (with the latter usually
larger) and the equation is often greater than one. Therefore, according to the rules of the
method stated in equation (3.16), a would be set to 1. The requirement that the time series
has to be fairly stationary is also another limitation of this method. Nonetheless, the method
is attractive because unlike other adaptive methods there are not any additional parameters
that need to be considered, in contrast to the previous method (Section 3.2.1) which requires
specifying the size of adaptation step d. The algorithm for this method is summarized in

Appendix 1.
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Figure 3.3: Adaptive Exponential Smoothing using the Method by Pantazopolous

The time series used in the learning example in figure 3.3 is the same as that used in
illustrating the Chow method in Section 3.2.1 with a initialized to 0.2. Of particular interest
is the plot of a versus time in the middle panel in figure 3.3. After time t = 3 o has a value of
1 for the rest of the analysis. The average absolute forecast error was 2.6 using this method

which is also lower than that obtained using a fixed time constant of 0.2 in the exponential

smoothing equation.
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3.2.3 Exponential Smoothing with an Adaptive Response Rate

In this approach, based on Trigg and Leach [40], the authors view the problem at hand as
one where noise has been added to the time series and the aim of the forecasting system is to
filter out this noise. During forecasting the system might go out of control if there is
suddenly a large value for the noise. This spike could be random or might be a real change
in the level of the time series. If the former is the case then o can be reduced to limit the
effect of the noise. However, if the series is indeed changing then a lower a will result in a
biased and one-sided estimate of the series and the forecast will take a long time to reach the
appropriate level. For level shifts, we would want a to increase to give more weight to
current values so the forecast can reach the new level quickly. To help in differentiating
between these two cases and prevent biased forecasts, the authors propose the use of a

tracking signal to monitor the noise.

The tracking signal is calculated in equation (3.19) as a ratio of the smoothed forecast error

A to the smoothed absolute forecast error M, defined in equation (3.17) and (3.18) [40]:
A =ge, +(1-9)A4, (3.17)

Mr =¢:et|+(l—¢)Mt—l (318)

o, = tracking _signal = A

(3.19)

1
where e, is the forecast error between the previous estimate and the current observation,
and¢ is the smoothing constant for the error. The authors recommend that ¢ be 0.1 or 0.2.
The purpose of the tracking signal is to detect any bias in the estimates, i.c. if the series is
being consistently under or over estimated. The tracking signal is always in the range [0 1].
It goes to the higher limit for larger negative or positive bias errors and fluctuates around
zero for small errors. The algorithm reacts to this error signal by setting the smoothing

constant ¢ to the absolute value of the tracking signal as shown in equation (3.19).
When e, is very small or A and M; are close in value, a will be close to 1. That way, for a

higher bias, a is increased to capture the current behavior faster and once this happens it is

reduced as the bias decreases. The algorithm is summarized in Appendix I.
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Figure 3.4: Adaptive Exponential Smoothing using the Method by Trigg and Leach

Figure 3.4 illustrates the Trigg and Leach method using the same time series as before. The
time series is plotted in solid lines while the forecast is plotted in dashed line. The bottom
panel shows the changes in a with time. In this example, a is set to 1 most of the time. This
is because of the level shifts; the algorithm was constantly underestimating the series,
therefore o was increased to try and capture the current nature of the data. The average of
the absolute forecast error obtained from using this method was 2.8, also lower than the total

error obtained using a fixed time constant of 0.2.

This method is very popular because of its ability to react rapidly to sudden changes and

various algorithms are based on it [36]. However, there is the issue of what the best value ¢

should be in equations (3.17) and (3.18). It also sometimes results in an unstable forecast

because of the possible division by zero.
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3.2.4 Smooth Transition Exponential Smoothing

In economic theory, it is hypothesized that the economy behaves differently depending on
the region that certain variables lie, e.g. high versus low interest rates or high vs low
employment rates [41]. The switching between regions or regimes is in reality gradual and
the economy reacts slowly to these changes [42]. This gradual switching is modeled as a
smooth transition in a class called Smooth Transition Regression models. In the approach
proposed by Taylor [43], one of the parameters is modeled as a function of a transition

variable [43]. The basic equation of one of these models is defined as follows in equation

(3.20):

Y, =a+byx, +e, (3.20)
where

b, = @
" lvexp(B+ 7))

and a, ®,  and y are constant parameters and V. is a transition variable [43]. If y <0 and ©

(3.21)

> 0 then b; becomes a monotonically increasing function of V; bounded between 0 and .
Taylor applies this method to adaptive exponential smoothing by adjusting the smoothing
constant based on a transition variable that is specified by the user. The model by Taylor
used is shown in equation (3.22) below:
1
o, =
1+exp(B+1,)

where B and y are constants and V;is a transition parameter that influences the value of o. If

(3.22)

y is negative then o, increases with an increase in V and the opposite is the case with a

positive . Figure 3.5 below shows how a will vary with positive and negative values of vy.
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Figure 3.5: Variation of a for positive and negative values of y

The value of Viis calculated as observations come in and o, is updated accordingly.

Suggestions for the value of the transition variable V. are the square (¢,*) or absolute value
le,| of the forecast error from the previous period e; as well as the mean or squared errors

over time. The value obtained from equation (3.22) is used in equation (3.1a) to compute the

weighted average. The algorithm is summarized in Appendix I

Taylor [43] carried out a large scale simulation study using time series generated from three
processes. One series contained only level shifts, another contained only outliers and the
third contained both level shifts and outliers. For the time series with only level changes, it
was found that the sign of v was irrelevant and the method performed well for both positive
and negative values of y. The proposed method was found to react quickly to level shifts and
converged to the series very quickly. Also the adaptation of o was found to be very stable
only adapting when an overall level change occurred. For the same data, the Trigg and
Leach behaved just as well in converging to the series quickly but the adaptation of o was

more erratic and seemed to adjust for all changes in the data.
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For a series with outliers, the method performed better when a positive constraint for y was
used [40]. The method did not react too much, instead the value of o was decreased to give
less weight to the outlier. This is desirable because we do not want the forecasts to be
affected greatly by random fluctuations in the time series. This method performs poorly
when the data is made up of both level shifts and outliers. Also there is the issue of choosing
the best values for § and y. The changes in o produced during the adaptation are however
very stable and the method performs well for time series with solely level shifts or outliers.
The authors suggest using the absolute value or square of the forecast error e(?) as the

transition variable.
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Figure 3.6: Adaptive Exponential Smoothing using the Method by Taylor

Figure 3.6 shows the output for a sample time series that was processed using the proposed
method with a = 0.2, B =0.2 and y = -0.1. The behavior of the adaptation of o will be
similar to that illustrated in the top left plot in figure 3.5(a), the constant will be 0.5 for low
errors increasing gradually to 1 as the error value increases. In the bottom plot in figure 3.6,
the error value is close to zero at time periods 3 to 9, causing « to stay close to 0.5 (see the
middle plot). At t =1, the error is fairly large (10) and so at time t = 2, o increases to 1 to try

and capture the time series characteristics faster. Similar behavior is observed at timest =10
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and 13, o is increased at t = 11 and 14 respectively for the same reason. The average
absolute forecast error obtained from using this method was 2.7, which is lower than that

obtained using a fixed time constant of 0.2.

3.3 Summary

In this chapter we discussed four adaptive methods for learning user profiles. All the
methods performed better than the simple fixed exponential smoothing method used in the
examples presented. They were also found to give better estimates and fewer errors in the
simulations carried out by the respective method authors. Next, they will have to be
modified to suit the purpose of this work which is to learn hearing aid volume control
settings. The chapters that follow discuss the simulations and tests that were carried out to

compare the different methods and the results that were obtained.
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Chapter 4 Simulations and Performance Measures

To test the different exponential smoothing algorithms discussed so far, user behavioral data
on volume control preferences is required. Unfortunately, hearing aids that have the data
logging feature do not necessarily store every single setting due to limited memory. Data
could be collected through the use of a laptop or PDA where the control settings are
transmitted wirelessly from the hearing aid. However, getting recordings for a wide range of
user behaviors would take years making it very difficult to get access to real life data. In this
work, simulated/modeled user behavior was used in testing. To evaluate the adaptive
methods, performance measures are needed for comparisons. This chapter discusses the
bank of data that was generated and the error measures identified for evaluating the
performance of the various algorithms. Next, the need for exploring the use of an adaptive
time constant instead of a fixed one in the learning algorithms is determined based on

analysis of the fixed exponential smoothing method.

4.1 User Behavioral Data

Since very little real life data is available for testing, test data had to be generated. Profiles
of some expected user behavior was created to simulate what volume control setting they
would prefer at a given point in time and the duration of time that the volume control is
maintained at that value. The user preferred settings are assumed to be Gaussian distributed
with a mean p which represents the average desired gain specified for the user and a
standard deviation ¢ which represents how much the user will vary in the desired gain. A
high o means the settings specified by the user fluctuate over a large range, and the converse
occurs for a small 6. Plot (a) in figure 4.1 shows an example of a user with an average
preferred volume setting of 5dB and standard deviation of 2. The range of possible preferred
average gain settings is from -10 to 10. The duration that the setting is maintained varies
and was modeled as having a uniform distribution. An added factor of the amount of time
the user spends in an environment is also considered and is assumed to also be uniformly
distributed. An example is illustrated in the plot (b) of figure 4.1, where the user is assumed

to be in a specific environment for a minimum of 3 hours and a maximum of 8 hours. For
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each setting generated from plot (a), its corresponding duration is obtained from the
distribution in plot (c) of figure 4.1. The minimum duration which the user can apply a

setting in this example is 1 hour and the maximum duration is 5 hours.
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Figure 4.1: Modeling volume control (dB), environment length (hr) and setting duration (hr) for user
behavior

The function normrnd(p,0,m,n) in MATLAB generates random numbers from the Gaussian

distribution specified by mean p and standard deviation 6, m and n are the dimensions of the

45
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m-by-n output matrix. This function was used to generate the actual volume control settings
of a user. By specifying the average setting u and amount of variance from this mean ¢ a
resultant m-by-n matrix with values reflecting this model is generated with this function.
The fuction unidrnd(N) returns an array of random numbers chosen uniformly from the set
{1,2,3,...N}. This function was used to determine the duration that a setting is maintained
and the amount of time a user spends in an environment. For each value generated by the
normrnd function a corresponding duration value is generated using the unidrnd function.

The choice of N will be discussed later on in this chapter.

The block diagram in figure 4.2 shows an overview of how the data was simulated. First, the
number of phases Q in a profile is generated randomly where a phase is defined as the
period of time a specific environment is presented to the hearing aid until the user exits and
moves onto another environment. Next the length of time N a person would spend in that
occurrence of the environment is generated from a uniform distribution. The length N is then
divided into S, smaller divisions where 1<a<n. The next step was to generate the volume

level for the n divisions created previously.
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Figure 4. 2: Block diagram of process to simulate user behavior

Three basic user profiles were generated using these functions and can be applied to any
environment. Other secondary profiles were generated as a mixture of the basic ones. While
the profiles studied could deviate from actual real profiles, the purpose here was to create a

database of profiles encompassing a wide range of behaviors to test the performance of
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different algorithms over widely varied conditions. These profiles have a limitation that the
preferences are purely overall volume changes and do not include overshoots and sporadic
changes however they are a good starting point for investigating learning hearing aid volume

control preferences.

4.1.1 Profile Description

Profiles from three basic models in which the user has a homogenous behavior were
generated. They are: fairly constant, fairly fluctuating and fluctuating behaviors. All other
profiles are a combination of these three basic ones as described next. For all types of
profiles (except short profiles) generated, the duration in an environment was chosen
randomly using the unidrnd(N) discussed in Section 4.1 with N = 10 which is the maximum
number of hours a user is assumed to spend in a specific environment in one day. For short

profiles the user is assumed to be in a specific environment for less than 5 hours every day.

Fairly constant user (FC)

This type of user would be the ideal case, the person does not change the setting too often
and is usually close to the desired mean by choosing a low o . For any given p, a standard
deviation ¢ = 2 was used. The duration for each setting for this user is also coded in the

simulations and is assumed to always be greater than or up to 1 hour

Fairly Fluctuating (FF)

For this user a standard deviation ¢ = 4 was used to model more fluctuation in the user
interventions from the desired mean. Also the fairly fluctuating user changes the setting
more often than the FC user therefore the duration of the setting was coded to be between

thirty minutes and 2 hours using a uniform distribution between these limits.

Fluctuating User (Fluc)

The fluctuating user changes the settings more often and is less precise than the other two

preceding behaviors. It is described by a o = 10 for a given desired mean. The duration
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modeling for this type of behavior was set to be uniformly distributed between fifteen

minutes and 1 hour.

Mixture of Behaviors

The profiles for this type of user is a combination of the different types of behaviors (e.g.
they could be of fairly constant behavior for a period of time and then fairly fluctuating
behavior for another period). This is to portray how the user duration preferences change
with time. When the hearing aid is used initially, the user’s behavior could be fluctuating
and would be changing the volume frequently since they are not quite used to the device.
With time, the user should adjust the volume less and settle down to a fairly constant

behavior.

Changing Preferences

These profiles are of a specific behavior but the desired mean changes two or three times
during the profile. This could occur in cases where the environment is not homogenous. For
an environment classified as speech in noise, the types of noise could vary and the class

might need to be split to accommodate for this variation.

Short Profiles

The profiles generated for this scenario models the users’ behavior in environments that are
presented for only a short amount of time (usually < 5hrs) as there are some environments
that are inherently short like being on the phone. Short profiles were generated for each of

the three basic behaviors.

Varied Mean

In this model, the desired mean volume is constantly increased or decreased until it settles at
a specific value. This can occur upon receiving a new hearing aid. Depending on how far off
the prescribed gains are, the user might find it very unsatisfactory and consistently increase

or decrease the volume as they get used to the device and settle at a satisfactory level.
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Table 4.1 summarizes the behaviors modeled and the abbreviations that denote them in this

thesis.
Behaviour Notation Description Standard
Deviation
Fairly Constant FC User makes only small 2

changes to the settings and
does not change settings
very often.

Fairly Fluctuating FF User makes medium 4
changes to the settings and
changes settings more
frequently than the above.

Fluctuating FL User makes large changes | 10
of the settings frequently

Mixture of M User has some combination

Behaviors of the three basic behaviors
above

Changing CP User has one of the basic

Preferences behaviors but changes their
desired mean a few times
in the profile.

Short Profiles Prefix - User has one of the basic

SH profiles, but the time spent

in an environment is < Shrs
daily.

Vary Mean VM User is consistently

increasing/decreasing the
volume until the desired
one is reached.

Table 4.1: User Behaviors Generated

User profiles were generated for the different behaviors above. Each sequence or phase
corresponds to a particular user’s behavior in an occurrence of an environment. Profiles
made up of just one of the basic behaviors contained 60 phases where a phase is defined as
the period of time a specific environment is presented to the hearing aid until the user exits
and moves onto another environment. The start and end of each phase corresponds to the
user entering and leaving the environment respectively (or switching on and off the device
respectively). Sixty phases were found to be enough to give stable outputs for the error
measures proposed to measure performance in this work. In figures 4.3 — 4.5, phases 1- 5 for

samples of three profiles exhibiting each of the three basic behaviors are shown. Each panel
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in the figures is a plot of the user’s preferred volume control setting versus time for a

defined period of an environment.

Figure 4.3 shows the profile for a fairly constant user. In this plot it can be observed that the
volume control settings are quite constant and changes in the values are very small. For
example in the top panel in that figure, the setting was increased slightly from -3 to -2 and
this was the only change made for the six hours the environment was initially presented. The
second panel shows the preferences when next that same environment is presented. The
mean of this user behavior is a setting of -2 and it is seen that the volume control settings do

not vary too much from this defined mean

Sample FC - mu = -2, sig = 2 Phases 1-5
Volume Setting vs Time

Volume Control Setting
)
T
1

time in hours

Figure 4.3: Phases 1-5 of a sample profile for a fairly constant user with p =-2 and ¢ =2

In figure 4.4 the profile for a fairly fluctuating user is shown. In the top panel of the plot, the
user changed the volume only once but they were only in the environment for 2 hours and
the amount of change is more than that of the user in figure 4.3. The defined mean for this
user is 6 but it can be observed that their preference varied from 10 to about -10 in the first

panel.
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Figure 4.4: Phases 1- 5 of a sample profile for a fairly fluctuating user with ap=6 and 6 =6

In figure 4.5, the user’s behavior is more erratic and contains many changes to the settings
both within a phase and over the whole profile. This is an example of a fluctuating user
behavior. The desired mean is modeled as 4 but the user’s preference varies as high as +16

(in the fourth panel) and as low as -12.
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Figure 4.5: Phases 1-5 of a sample profile for a fluctuating user withap =4 and ¢ =10
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After each phase the algorithm calculates a learned value which would be the suggested
volume control setting for the next time that environment is presented. The first phase is
used solely for learning the initial conditions. An example of how the learning is performed
over the different phases is shown below in figure 4.6. The circle is the final output from

learning for that phase and it is the same as the suggested setting (*) in the next phase.

Learning User Behavior, Profile B Phases 1-5 - FC mu =1 sig =2
(tau =100)
T

T T T T actual setting
weighted average
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Figure 4.6: Learning of sample profile for a given simulated user (u=10=2)

4.2 Measuring Performance

In this research, the goal of the learning algorithms is to minimize user intervention when
entering a new phase in a given environment. New phases are continuous occurrences of an
environment within a day. In this scenario, the initial recommended value of the volume
control setting at the beginning of a phase (which is the final learned value in the new phase)
is being compared to the actual user interventions in that phase. User interventions in this
case are instances when the volume setting is unsatisfactory and causes the hearing aid

wearer to adjust the volume controls.
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Based on the learning, the hearing aid gives a suggested value when a new environment is
presented. At this point, if the user is unhappy with this setting they will adjust the volume
control right away. The algorithms will be evaluated relative to this first initial setting by
the user. A good learning algorithm should reduce the likelihood that the user changes the
settings and minimize that change where applicable. It is with these considerations in mind

that the four performance measures discussed in this section were proposed.

4.2.1 Error Measure #1: Difference between the learned value and the first

initial setting

A good algorithm should be able to successfully predict what the user prefers for the next
phase, the absolute value of the difference between the learned and the first setting when the

user returns to the environment is the first logical measure (shown in figure 4.7). For a set of

observed control settings x, = [,x,,;...x, ] in a phase i, errorl; is defined as follows:

errorl; = |T,_ —x, [1] 4.1)

where i = current phase (i > 1), N is the number of times the user set a value during phase i,

x,[1]is the first initial setting by the user in the current phase and 7,_, is the value learned at

the end of the previous phase. The initial condition is 7, = 0, which would correspond to the

setting of the hearing aid upon delivery to the user from the manufacturer after the

prescribed gains have been programmed into the device.
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Figure 4.7: Error 1 measurement

4.2.2 Error Measure #2: Average Error

The second error is defined as the average error between the learned value and the actual

settings during the entire phase as defined in equation (4.2) and shown in figure 4.8.
1 N
error2, = W;(TH -x[jD 4.2)

Ti.1 is the learned value that the hearing aid is set to for phase i, where i >1, x,[j] is the i

value set by the user (during the same phase /) and N is the number of times the user set a
value during phase i. Error 2 reflects the bias in the estimate over one phase. We would like

the error to be as close to zero as possible.
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Figure 4.8: Error 2, average of the difference between learned (dashed line) and actual settings and
Error 3, root mean square of the difference between learned (dashed line) and actual settings

While this error measures the bias in the errors, it does not however indicate the magnitude

of the difference between the learned value and actual settings in a phase.

4.2.3 Error Measurement #3: RMS Error

The third error defined is the Root Mean Squared (RMS) error between the learned value
and the actual settings during that phase. It is an extension of the error discussed above (see

figure 4.8). It is defined in equation (4.3) below as,

1 u 2
error3; = |— T —x,[jD
N Z ‘ 4.3)

where Ti. is the learned value that the hearing aid is set to for phase i, where i >1, x[;] is
the jth value set by the user (during the same phase i) and N is the number of times the user
set a value during phase i. This error measures how much the learned value deviates from
the actual settings in the present phase. Unlike error 2 it gives an indication of the amount of

the total (not just bias) error because the square of the difference is taken.
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4.2.4 Error Measure #4: Percentage of time within error margin

In real conditions, the human ear is only able to detect an increase in sound level of typically
3dB or higher [44]. Therefore, if the algorithm is able to forecast estimates within this
minimum threshold with respect to the user preference it could be considered as doing a
good job. It is assumed that if the suggested estimate at the beginning of a phase is less than
3dB of what the user would have wanted, they are not likely to need to adjust the volume.
Error measure #4, measures the percentage of phases for which the magnitude of the
difference between the learned value 7}.; and the user’s initial setting in phase i is greater
than 3dB. In other words, it monitors how often the errorl measured value (as in figure 4.7)
is greater than 3. Therefore, error 4 focuses on larger errors that may require more

immediate user intervention, it is defined as follows:

count(errorl; 2 3)

errord =

sk
# phases —1 )*100 “4.4)

where i is the current phase of the environment and i > /.

4.3 Analysis of Fixed Exponential Smoothing

Preferences for volume settings will vary from user to user and the manner in which the
adjustments will be made will also differ. Due to this variation it is difficult to accept that
there exists a single time constant that will be able to adequately learn all these different
behaviors. If it can shown that the optimum time constant varies from one user to another
then that would justify investigating the use of an adaptive time constant in the learning
algorithm. Therefore, to establish if using an adaptive learning constant would be more
beneficial than using a fixed one, the t value that would perform best in equation (4.1a) was
found manually for different user profiles. Using the results obtained from the optimum time
constant based on the performance measures outlined in Section 4.2, baseline results with

which to compare the performance of the adaptive learning algorithm were established.
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4.3.1 Simulation Assumptions

First, a database of different profiles was generated based on the behaviors discussed in
table 4.1. Once again it is important to note that a wide range of behaviors was covered to

include extreme cases. The summary of profiles generated can be seen in table 4.2 below.

Type of Profile Number of profiles
generated
Fairly Constant (FC) |20

Fairly Fluctuating (FF) | 20

Fluctuating (FL) 20
Mixture (M) 50
Changing Preferences | 20
(CP)

Short (SH) 45

Varying Mean (VM) 13

Table 4.2: Summary of Profiles Generated

Every user profile is assigned an identifier composed of the type of behavior followed by a
unique index for example, a profile labeled as FCl1 is for user number 1 who has a fairly
constant behavior, FL.18 would be user number 18 who has a fluctuating behavior and a

label that starts with the letter SH indicates that it is a short profile.

The volume control settings are assumed to be sampled at an interval of 5 minutes. For each
profile, learning was performed using a fixed time constant in the basic exponential
smoothing exponential (equation (4.1a)). Values of the time constant were varied to cover a
wide range of learning rates from very fast to extremely slow. The time constant T was
changed in steps from 1 — 10° minutes. For each value of 1, error 1, error 2 , error 3 and error
4 were calculated for each phase according to equations (4.1), (4.2), (4.3) and (4.4) over all
phases of a user profile. To assess the quality of estimates provided for a user, the average of
the calculated errors for a given profile is computed. For example for a profile with 60

phases, errorsl- 4 is calculated for each phase then the average of each error over the 60
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phases is taken. The equations used for a profile with O phases are defined in equations

(4.5), (4.6) ,(4.7) and (4.8).This was repeated for each t for every profile in table 4.2.

errorl =2 (4.5)
where errorl, is given by equation (4.1) and Q is the number of phases in the profile,

Q
abs(z error2,)

error2 = =; 1 (4.6)

where error2, is given by equation (4.2) and

Y
Z error3
error3="2——— 4.7
= .7

where error 3, is given by equation (4.3) and

count(errorl; 23)
0-1

where errorl; is given by equation (4.1).

errord =

)*¥100 (4.8)

The absolute value is used in equation (4.6) so that we get a sense of a magnitude of the bias
error over the entire profile. These average errors were plotted against T so that the optimum
time constant value could be identified. The optimum time constant is defined as the one

with the least amount of error. A logarithmic scale is used for the t-axis. Some of the results

obtained are discussed next.
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4.3.2 Performance Assessment of Fixed Exponential Smoothing Algorithm

The underlying statistics of the profiles do not allow the Exponential Smoothing (ES)
algorithm to reach a value of zero for errorl and error3 since the standard deviation is set in
the behavioral profiles to a value greater than zero. Therefore it not expected that the
minimum value for errorl and error3 to be much less than 2dB for fairly constant, or much
less than 4dB for fairly fluctuating and much less than 10dB for fluctuating profiles. Error 4
is also expected to be higher for the fluctuating profiles since it is an extension of error 1
which is already expected to be greater than 3dB for these profiles. For the bias error error2,
it is expected that short time constants will give smaller values for this error because they
able to catch up to the time series faster due to the higher weight put on current
observations. Also since the learned value T, is initialized to zero, the exponential algorithm
is expected to initially overestimate phases with a high negative mean or underestimate
those with a high positive mean, especially for long time constants. From the analysis of the
simulated profiles, it was found that the optimum time constant varies across profiles
therefore, there is not an optimum range that would be best for learning different behaviors.
Also the use of a fixed time constant of 17 hours is confirmed as it appears to be a middle

point for learning fairly constant and the fluctuating profiles.

In the case of the fairly constant users (see figures 4.9 and 4.10), it was seen that the shorter
time constants gave errors that were very close in value (i.e. approximately the same) then a
gradual drop occurs as the optimum time constant is reached. At longer t values a large error
value is found. This is illustrated in the user with profile FC18 shown in figure 4.10. For
this user FC18, 1 from 1 — 100minutes gives an average errorl of 2.5 then drops to 2.1 at
about 460 minutes and then finally increases gradually to 5 dB for much longer time
constants. In some cases, a certain range of time constants gave similar error values then
after a certain point the error started to increase as seen for the user with profile FC16 shown
in figure 4.9. Here the minimum dip in the curve is very shallow. The maximum errors in
the two plots are different in that FC18’s is less since it has a smaller desired mean than

FC16. The detailed result per user profile is provided below.
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Figure 4.10: Errorl, Error2, Error3 plots for profile FC18 p=-5
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The use of longer time constant values is detrimental for fairly constant behaviors because
very little weight is being placed on the most recent user settings. Since the user’s

preference is not changing too quickly it is better to learn the control settings faster.

For FC profiles, there was usually a range of time constants that gave the minimum error4
measure. For example, the best performance for FC16 based on error4 was about 20% (see
figure 4.11) i.e. the percentage of time the algorithm’s learned value was greater than the
initial setting by 3dB in a new phase was 20%. This minimum value occurred at time
constant values in the range 200 — 1200 minutes. As observed in the other error measures for
this type of behavior, longer time constants also led to poorer performance for error 4

(greater than 50% of the time).
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Figure 4.11: Error 4 measured for FC16 p =8
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Figure 4.12: Error 4 measured for profile FC18 p =-5

Similar conclusions can be drawn from the plot of the average error 4 versus T shown in
figure 4.12 for FC18. The optimum range is between 100 - 1000 minutes and the error value

increased by about 30% above the optimum for much longer time constants.

In the case of the fairly fluctuating users, the error values for these behaviors are much
larger due to the introduction of more fluctuations into the user settings (larger ). This
caused short time constants to be unfavorable in minimizing error 1 and error 3. The weight
assigned to current user settings need to be reduced since the user’s preferences are
changing quicker and some drastic increases or decreases in the volume are noise and should
be ignored since they are far from the desired mean. This is illustrated in figure 4.13 for user
profile FF9, the desired mean assigned was -3. In this plot it is observed that quickly

learning this user’s behaviors gave much greater errors.
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Figure 4.13: Errorl, Error2, Error3 plots measured for user profile FF9 p=-3

However, using a long time constant in this case did not always give the best results for
error 1 for this type of behavior. The location of the range of optimum time constant
depended greatly on the value of the desired mean volume assumed for the user when their
profile was generated. If the mean is relative low say between -4 to 4 then the dip at the
optimum T was very small and time constants larger than this dip did not perform any better.
An example is found with the user with profile FF9 p = -3 shown in figure 4.13. For this
user, the optimum 1 range can be identified as being between 350 — 900 minutes giving an
error 1 value of 5.8. It should be noted that higher time constants still performed
approximately the same. This could be because the preferred mean is so low that even by
giving little weight to current settings; the estimates provided by the algorithm at the

beginning of a phase are not too different from what the user would have preferred.

For a higher desired mean, the drop in error 1 and the increase after the optimum time

constant is very clear. This is because the over/under shoot for the estimate of the user’s
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initial setting in a phase is much larger than in the previous case with a low desired mean.
This is illustrated in figure 4.14 where the performance for user profile FF8 is shown. The
mean for this user is 7 and from the plot it can be seen that using a time constant greater than

10* minutes does not give good results for error 1.
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Figure 4.14: Errorl, Error2, Error3 plots for user profile FF§, p=7

Error 2 for FF8 is zero for a time constant of 17 minutes and increases with the time
constant. As expected, short time constants resulted in lower bias since they learn the time

series faster by giving greater weight to current observations.

In general, error4 measured for the fluctuating profiles (FF and FL) is much greater
compared to that obtained for the fairly constant (FC) behavior as shown in figures 4.15 and
4.16. This is in part due to the higher values of o used in these profiles. It can be assumed
that for these types of profiles any fixed time constant value would cause the user to
frequently adjust the volume because the difference between the learned and actual setting is

often greater than 3 dB, usually greater than 55% of the time.
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Figure 4.16: Error4 measured for user profile FF2
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The observations for the fluctuating profiles (FL) were very similar to the fairly fluctuating
(FF) cases. Error 1 and error 3 performances for longer time constants were also found to
depend on the value of the assumed desired mean for a given profile. Figure 4.17 shows the
results for the user with profile FL4. The mean for this user is 1. It can be seen that the
longer t (> 10%) does not perform better or worse than the optimum time constant. For

profiles similar to this, what matters is not to pick a time constant that is too short.
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Figure 4.17: Error1, Error2, Error3 measured for user profile FL4 pn =1

A different result though was observed with higher desired mean values. For example, the
mean of -9 for the user with profile FL.10 shown in figure 4.18. Learning the volume settings
too quickly T < 50 minutes or too slowly T> 10* minutes gives worse results for error 1 and
error 3. The optimum range is between 200 to 2000 minutes. Extra care has to be taken in

selecting the time constant for these kind of profiles.
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Figure 4.18: Errorl, Error2, Error3 measured for user profile FL10 p =-9

Profile FL3: mu =1

Lo vl

i1 sl

vl

L

10

10°

10

10°

10°

14 T T T T T ™ 1
o 13} .
B 12f 4
1]
11k \A; -
100 ‘1 ”‘Iz — 3 I4 ‘5
10 10 10 10 10 10
1 (in minutes)
Figure 4.19: Errorl, Error2, Error3 measured for user profile FL3 u =1

68



The maximum bias error is also higher for longer time constants, about 2dB for low means
(see figure 4.19) and close to 10dB for higher means (see figure 4.18). This is because
longer time constants will systematically overshoot or undershoot the users initial preferred

settings since small weight is put on current observations.

With a fast time constant, the algorithm only remembers the last couple of values and this
does not adequately represent the overall behavior. There are generally greater errorl and
error3 values for shorter t which decreases afterwards to the optimum t. The bias error
(error2) is generally close to zero but starts to increase for much slower time constant

values.

For the non-homogenous profiles like the M (mixture of behaviors) and CP (changing
preferences), there were greater differences for the time constants that gave minimum error
values for the different generated profiles. The errors in this case are more sensitive to the
value of the time constant. Figures 4.20 and 4.21 show the plots of the errors measured for
two M profiles M17 and M25. Error] is minimum in the range of 10°- 10* minutes for
profile M17 and 10* minutes for profile M25. In the CP plot in figure 4.23 for profile CP5 it
is observed that this error is optimum in the range of 10*-10° minutes. Bias errors of zero are
obtained close to 100 minutes for M17 and M25 but this is not the case in CP5 which was
optimum at 5100 minutes and M52 (see figure 4.22) with an optimum time constant of 10

minutes for this error.
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Figure 4.20: Errorl, Error2, Error3 measured for user profile M17 (contains FF p=-1 and FL p=-2)
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Figure 4.21: Errorl, Error2, Error3 measured for user profile M25 (contains FL p=-1 and FF p = 6)
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Figure 4.22: Errorl, Error2, Error3 measured for user profile M52 (contains FC p =-3, FF p =-6 and

FC p=-9)

Figure 4.23: Errorl, Error2, Error3 measured for user profile CP5 (contains FF p=-9, FF pn=-10, FF p

= -4 and FF p=5)
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The short profiles also showed some variation in optimum time constant. In

figure 4.24, the error measured for profile SHFL16 is shown. The optimum t for error 1
is 500 minutes and error 2 is lowest at 100 minutes. However it was seen that for profile
SHFFO (see figure 4.25), longer time constants were found to give lower errors for errorl

and error3. The bias error 2 is still very high for long t values.

Profile SHFL16 -mu = -5

6 T T L A T T T T T
4l J
5 e
e

2 1ol L Lt “‘—b_"’-l/l/\ poaal RS 1
10° 10’ 10 10° 10* 10° 10°
6 T T T T o T Ty T LAY | T oot

//FMJ—F
4

Enor 2
N
1

10° 10’ 107 10° 10* 10° 10°
6 T T R T T AR} T

[e2]

: o :
2 e
10 10 10 10 10 10 10

1 (in minutes)

Figure 4.24: Errorl, Error2, Error3 measured for user profile SHFL16 p =-5

72



Profile SHFF9 - mu = 2
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Figure 4.25: Errorl, Error2, Error3 measured for profile SHFF9 p =2

Generally, errors measured for the varying mean (VM) profiles were smallest for short t
values (< 100 minutes). Examples are shown in figure 4.26 and figure 4.27 for profiles VM5
and VM8 respectively. Here short time constants are preferred because the desired mean is

constantly changing so the algorithm needs to put more weight on current values to capture

the behavior of the series.
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Figure 4.26: Errorl, Error2, Error3 measured for profile VM5
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Figure 4.27: Error1, Error2, Error3 measured for profile VM8
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To evaluate the performance of the adaptive algorithms when learning user preferences in
extreme cases, a subset of profiles was selected from all those generated to cover

collectively the whole t range. The description of the profiles selected is summarized in
table 4.3.
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No. Profile Type Number | Description Optimum
of Phases Time
Constant T
(in minutes)
for Errorl
1 CP5 Changing 40 Fairly Fluctuating p = -9;
Preference p=-10; u=-4; p=5 200 — 340
2 CP14 Changing 20 Fairly Fluctuating p = -10;
Preference n =0;J1 =-7, n =7 500
3 CP15 Changing 20 Fairly Fluctuating p = -8;
Preference n= 13; p=-5pn=7 1
4 CP18 Changing 20 Fairly Fluctuating p = -9;
Preference p=3;u=-10;u=0 1897
5 CP19 Changing 20 Fairly Fluctuating p=-11;
Preference p=3;u=11;u=0 61-104
6 FF9 Fairly Fluctuating 60 Fairly fluctuating user p=-3 10° - 10°
7 FF11 Fairly Fluctuating 60 Fairly fluctuating user p=-6 1000 - 3500
8 FF15 Fairly Fluctuating 60 Fairly fluctuating user u=-8 184 - 1145
9 FF18 Fairly Fluctuating 60 Fairly fluctuating user p=6 569
10 FL2 Fluctuating 60 Fluctuating user p=4 480 - 4200
11 FL15 Fluctuating 60 Fluctuating user p=-7 426 - 1863
12 FL17 Fluctuating 60 Fluctuating user p=10 1000
13 MI10 Mixture of 60 Fairly Fluctuating p =-10;
Behaviors Fluctuating u =0; 1658
14 M13 Mixture of 60 Fluctuating p =8;
Behaviors Fairly Fluctuating y =0; 400
15 M15 Mixture of 60 Fairly Constant p =-5;
Behaviors Fairly Fluctuating p=-10 246 - 1390
16 M25 Mixture of 60 Fluctuating p =-1;
Behaviors Fairly Fluctuating p =6; 1280
17 M26 Mixture of 60 Fluctuating p =8;
Behaviors Fairly Fluctuating p =-1 360 - 1000
18 M30 Mixture of 60 Fairly Fluctuating p =10;
‘ Behaviors Fluctuating p =2 390
19 M50 Mixture of 60 Fluctuating p =-9;
Behaviors Fairly Fluctuating u =-6 2900
20 MS51 Mixture of 60 Fluc p=4; FF p=-8
Behaviors 300 - 1000
21 VM8 Varying Mean 10 Decreasing values from 10 —
5 1-100
22 VM9 Varying Mean 10 Decreasing values from 12 —
6 1-100
23 SHFL4 Short — Fluctuating 60 =7, 400 - 3500
24 SHFL10 Short — Fluctuating 60 p=1; 300 - 10°
25 SHFCl1 Short — Fairly 60 n=-7;
Constant 260

Table 4.3: Subset of profiles with optimum 7T covering entire range of possible time constants
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The previous simulations and observations allow us to identify the best time constant 7 for

every user. Clearly the optimum 7 is different from one user to the other (see Table 4.3).

The adaptive algorithms need to start their learning with an initial time constant value. To
determine what the initial conditions should be, the optimum time constant for learning all
the profiles in table 4.3 was found. The optimum time constant was used in learning each
profile and the average errors across profiles was determined. The average errors over all the
profiles for a given time constant is plotted in figure 4.28. On average approximately 300
minutes would be optimum for minimizing errorl and error3, 30 — 400 minutes for error 2
and 469 minutes for error4. Also it could be observed that a time constant of 17 hours (1024
minutes) performs very close to the optimum and is a reasonable choice by some hearing aid
manufacturers (see Section 2.5) for a single fixed time constant to use in learning user
behaviors. The broad dip in figure 4.28 is expected because some users have fairly constant
behaviors while others have fluctuating behaviors, the time constant of 17 hours is a meeting

point for learning both these kinds of profiles.

Finding best time constant on average for 25 profiles
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Figure 4.28: Finding optimum time constant on average for the 25 chosen profiles
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4.4 Summary

Several error measures were devised to evaluate the performance of learning algorithms for
tracking user preferences. From the analysis, it can be concluded that the optimum time
constant depends on the user profile. While there is a “range” of optimum values, the range
varies from one profile to the other. This demonstrates the need for adaptation of the time

constant to match the user profile.

In assessing the errors proposed for measuring performance it was observed that error 1
(difference between the learned and first initial setting) and error 3 (RMS error) behave very
similarly and therefore it is only necessary to consider one or the other. Error 2 (average
error) is the most sensitive to the choice of a time constant over all the possible ranges for
the different profiles. Error 4 (percentage of time within error margin) was still very large
even at the optimum time constant. However, since error 4 it is a function of error 1 if the
algorithm is able to minimize the latter error then error 4 would in turn be reduced as well.
Therefore it was decided that error4 would not be investigated further. For the rest of this

thesis, the algorithms will be evaluated based on error 1 and error 2.

Averaging results over the 25 profiles showed that the optimum time constant  for error 1
was approximately 300 minutes and the range 30 — 400 minutes for error 2. The suitability
of using a fixed time constant of 17 hours by some hearing aid manufacturers (as discussed
in Section 2.5) is also confirmed. This choice seems higher than the optimum range found
over the 25 profiles by a factor of approximately 4. However, the difference in error value is
small enough that it is a reasonable choice for a fixed exponential smoothing algorithm and

would suffice in minimizing the errors proposed.
Next, we will assess the performance of adaptive methods in comparison to fixed methods.

Of particular interest is whether these adaptive methods can converge to the optimum time

constants found manually in this chapter.
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Chapter S Evaluation of Adaptive Algorithms

In the previous chapter, it was established that there is no single exponential time constant
that would optimally learn the various types of user behaviors possible. In this chapter, we
explore using the adaptive exponential smoothing algorithms discussed in Chapter 3 for
learning user behavior. The algorithms are compared to one another and to the fixed
adaptive algorithm based on the errorl and error2 measures discussed in Chapter 4. To suit
the intended application in this work, the adaptive algorithms were modified in the manner
that their time constant is updated. Also, in cases where the algorithm used other parameters,
they were fine-tuned manually to find the best values for this application. The performance
of these algorithms for an individual profile basis is first examined. Then the analysis is
extended to investigate how the algorithms perform on average over many profiles. The time
constant used in the adaptive methods was initialized to 17 hours (1024 minutes) as it was
concluded in the analysis in Chapter 4 that this was a reasonable value for a fixed T and

because it is used in some hearing aids as discussed in Section 2.5 of this thesis.

5.1 Modification to the Adaptive Methods

The adaptive methods described in Chapter 3 were modified to update the time constant at
the end of a phase instead of after every observed sample (i.e. at each time #) as was
proposed by the original authors. This is to simulate the hearing aid adjusting the optimum t
after the user leaves an environment. Updating the time constant after each volume setting
adjustment could also be too much processing for the hearing aid. Also, since the aim is to
reduce user intervention and suggest a good volume setting when an environment is
presented, the algorithms were updated to adjust T based on errorl, i.e. in a direction that
minimizes this error. The methods evaluated in this chapter are those proposed by Chow

[Section 3.2.1], Trigg [Section 3.2.3] and Taylor [Section 3.2.4]. The strategy proposed by

Pantazopoulos [Section 3.2.2] was not considered because it led to unstable estimates.

79



5.1.1 Modification and fine-tuning of Adaptive Control of the Exponential
Smoothing Constant

In this section three time constants 1, 1y and 1y, are introduced, where the later two are

defined in equations (5.1) and (5.2):

Ty =7+d (5.1)
T, =7—d (5.2)

d is the step size in minutes. The corresponding smoothing constants a, ay ,0r are derived
from t, Ty and 1L using equation (3.1b). As discussed in Section 3.2.1, learning takes place
with the three smoothing constants a, ay ,a.. Within a phase, fixed exponential smoothing
takes place using the three constants as in equations (3.5) to (3.7). The last value calculated
is taken as the learned/suggested value Ti.; for the next time the environment is presented

i.e. phase i (see figure 4.6). At the start of the next phase, errorl is calculated based on the

learned values obtained from the three constants as defined in equations (5.3a), (5.3b) and
(5.3¢):

errorl _a, =T, _, —5(1)‘ (5.3a)
errorl _ay; =|T, i —x(1) (5.3b)
errorl _oy; =T, iy —x(1) (53¢

The corresponding constant T that gives the minimum errorl value is then used for the main
learning in this current phase and the secondary constants are updated according to
equations (5.1) and (5.2) in Section 3.2.1. The learned value T, ;.; from the main constant is

also the one used in the calculation for error2; for phase i according to equation (5.4):

N
error2; = % Z Ty —x,17D (54)
=
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Fine-Tuning of parameter d

In this method, the parameter d is the step-size by which the time constant is decreased or
increased during adaptation as defined in equations (5.1) and (5.2). To find the best value of
d to use for an individual profile, it was varied from 0 — 550 minutes. The average error was
calculated according to equation (4.5) using each d in the range. The value that gave the
minimum errorl for that profile was deemed as the best one to use for learning the behavior
for that user profile. In figure 5.1 error]l measured for profiles CP19, M50 and FF15 using
various step-sizes is shown in the top panel and error2 measurements are shown in the
bottom panel. It can be observed that d = 300 is the optimum for profile CP19 giving an
error] of 7.2. It should however be noted that the other d values performed very close to this
optimum one, giving error]l between 7 and 8. For profile M50 the response was similar
giving a very flat response. Many d-values in this case gave similar results. The best d value
for profile FF15 is 410 minutes giving an errorl of 4.8. From these results it could be
concluded that picking the right choice of d is not as critical as the error is fairly insensitive
to d. In this work, wherever it was possible to pick an optimum d (e.g. for profile CP19 or
FF15) it was used in the analysis. Otherwise, when no clear optimum could be seen (e.g. for
profile M50) then an arbitrary value of d in the range was used. In the second panel of figure
5.1 where the results for error2 are shown, the best d value to minimize error2 when learning
profile M50 is 500, CP19 is 90, 410 or 510 and finally d = 500 is best for profile FF15. For
this method, the best value to use in the algorithm is dependent on the error we are
minimizing and on the profile behavior. Also, in some cases this method is able to give a

bias error of 0 (e.g. for profile CP19), something that is very desirable.
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Fine Tuning of dparameter to optimize emrors for profiles CP19, M50 and FF15
T

T T

Figure 5.1: Fine-tuning of parameter d for individual profiles

To determine the best step-size d to use for learning many profiles, a given d in the range 0 -
550 is used in the learning of each profile and the error according to equation (4.5) is
calculated for each profile and the average of all these errors was taken as the performance
measurement for the d-value. The value that gave the best average error over all the profiles
was taken as the best one. Figure 5.2 shows how various values for d performed when used
in learning the behavior averaged over profiles CP19, M50 and FF15. It is clear that d has
little impact on errorl and that d = 300 is a good choice over the three profiles. This is also

observed in error 2 measurements where all d values gave errors less than 1.
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error versus d over profiles CP19,M50 and FF15

7 _’—4’_’_—|7\/ B T T
6.5+ i
5 6 i
()
55/ )
5 1 1 ] 1 Il
0 100 200 300 400 500 600
d - parameter
1 T T T T T
0.8 i
A
o 0.6¢ A / \ J 7]
5
5 04 \f Vv\/ \ _
0.2} i
o 1 1 Il 1 L
0 100 200 300 400 500 600

d - parameter

Figure 5.2: Fine-tuning d parameter over 3 profiles

5.1.2 Modification to Smooth Transition Exponential Smoothing

Here learning takes place with one smoothing constant o according to equation (3.1a). At the
end of a phase, the last computed value is used as the learned value T in the next phase.
The errorl value is then calculated as the transition variable V(t) as shown in equation (5.5)

which is used in adapting the time constant as shown in equation (5.6):
Vi= ’T i1 —L-[l]l (5.5)

1
Cl+exp(B+ V)

a,

(5.6)

Fine-tuning of parameters 8 and y

The fine-tuning of the parameters for this method was more challenging because there are
two parameters. The process to find the optimum values was to keep one of the parameters
fixed while the other was varied. The fine-tuning was again done on both an individual

profile basis and over many profiles. For an individual profile, f was varied from -2 to 2 and
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y was varied from -1 to 1. For a given profile, B was fixed to a value in the range [-2 2] and
the error was computed based on equation (4.5) for all y values. The best combination of 3
and vy giving the minimum error is identified. Figure 5.3 shows the results from tuning the
parameters for profile M50. The plot shows the output for B fixed at 1.0 and 1.5 and vy varied
in each case. For each f, errorl values obtained for variable y is plotted. The results from
using a small B were very erratic. The best combination giving the lowest error was when 3

=1.5andy=2.7.

Fine-tuning beta and gamma parameters for profile M50
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Figure 5.3: Fine-tuning Taylor parameters for profile M50
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Fine-tuning beta and gamma parameters for profiles CP19, M50 and FF15
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Figure 5.4: Fine-tuning of parameters f§ and vy for individual profiles

Figure 5.4 shows the fine-tuning for two other profiles CP19 and FF15 in addition to M50.
In the top and bottom panels, errors versus y were plotted for 8 fixed at 1.5. The Taylor
method is seen to be more sensitive to the choice of its parameters compared to the Chow
method. Profile CP19 has a minimum errorl aty = 0.2 and error 2 is minimum at y = 0.3.
Profile FF15 has a minimum errorl aty = 1.9 and error2 at y = 0.8. Again this method was

able to give zero error2 for some profiles, e.g. CP19 and M50.

To determine the best values of B, ¥ to use for learning many profiles, we need to average
results over many profiles. Different combinations of f and y were used for learning many
profiles, error 1 and 2 were calculated for each profile and the average error over all the
chosen profiles was taken. Figure 5.5 shows the fine-tuning of the parameters for learning
three profiles CP19, M50 and FF15. The parameter § was fixed at -2. -1.5 and 1.5 with y
varying from -1 to 1. The result from the tuning is plotted in figure 5.5. The minimum error

was found when f=-1.5andy=19orpf=15andy=1.3.
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Fine-tuning beta and gamma parameters for profiles M50, CP19 and FF15
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Figure 5.5: Fine-tuning of f and y for profiles CP19, M50 and FF15

5.1.3 Modification to Exponential Smoothing with an Adaptive Response

Rate

Learning takes place with one time constant a which is updated at the end of a phase instead

of after every volume setting observed. Since the goal is to minimize errorl as defined in

equation (4.5), this value was used in the calculation of the smoothed variables A; and M; as

defined in equations (5.7) and (5.8). The corresponding tracking signal is defined in

equation (5.9).

A, =¢ errorl; +(1-9)4,, (5.7)
M, =¢ |err0r1i' +(1-9)M,_, (5.8)
tracking _signal = ‘—" (5.9

i

86



Fine-tuning parameter ¢

The parameter ¢ is the error smoothing constant and is used in the adaptation of the time
constant a. To find the optimum ¢ value for an individual profile, ¢ was varied from 0 — 1
and the average error according to equation (4.5) using each ¢ in the range was calculated.

The value that gave the minimum error for that profile was deemed as the best one to use for
learning the behavior for that user profile. In the top panel of figure 5.6 the error]l measured

for profiles M50, CP19 and FF15 using various ¢ values is shown. The best value for
minimizing this error for profile M50 is 0.45, 0.1 for profile FF15 and 0.25 for profile CP19.

In general higher values of ¢ only increased the error. For error2, ¢ = 0.05, 0.1 and 0.05
are best for minimizing this error in profiles FF15, CP19 and M50 respectively.

Fine tuning phi parameter for profiles M50, CP19 and FF15
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Figure 5.6: Error measures as a function of phi for individual profiles M50, CP19, FF15

To determine the best ¢ to use for learning many profile, a given ¢ in the range 0 -1 was

used in learning of each profile and the error according to equation (4.5) is calculated for
each profile and the average of all these errors is taken as the performance measurement for

that ¢ . The value that gave the minimum average error over all the profiles was seen as the
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best one. Figure 5.7 shows how various values of ¢ performed when used in averaging over

profiles CP19, M50 and FF15. It is seen that ¢ ~ 0.1, 0.15 gave the least error.

Fine tuning of theta ower profiles CP19, M50 and FF15

10 . , . ; . ‘ ‘ . .
gt ]
= N J—————
g pr”'w
Ll
7t 4
6 1 1 Il i Il 1 1 L i
0 01 02 03 04 05 06 07 08 09 1
2 T T T — 1 T T L =T T
15} g
N
g 1r ]
w \/\/\/\/
0.5} 4
0 I 1 1 1 l I L Il i
0 01 02 03 04 05 06 07 08 09 1
Theta

Figure 5.7: Fine-tuning theta parameter over 3 profiles

Using the processes outlined for finding the best parameter values to use in the adaptive
algorithms, the best parameters on average for minimizing error 1 and 2 for the 25 profiles

selected in table 4.3 of Chapter 4 are summarized in table 5.1.

Parameter value
minimizing Error 1

Parameter value
minimizing Error 2

Chow d= ]400 450

Trigg & Leach ¢ = | 0.05 0.05

Taylor B= 12.0 2.0
y= 102 0

Table 5.1: Summary of best parameters for learning the 25 chosen profiles given in table 4.3
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5.2 Comparison of Adaptive Algorithms over Individuals profiles

In Chapter 4, the optimum time constants and their corresponding error values have been
identified by direct search. In Section 5.1, the values of the control parameters in the
adaptive learning algorithms were fine-tuned. We are now ready to verify if the adaptive
methods would be able to perform as well as the optimum for individual profiles. The time
constant value for each method was initialized to 1024 minutes and the best parameters
identified in table 5.1 of Section 5.1 were used. The performance of the three adaptive was
evaluated when learning individual profiles. The outcome of the methods was also compared

against using fixed time constant values in the exponential smoothing equation.

The results from processing three profiles CP19, M50 and FF15 will be discussed first. The
“fine-tuned” parameters for these profiles are summarized in table 5.2. These three specific
profiles are used in this section because the results obtained from their analysis captures the
summary of how the adaptive algorithms learn different user behaviors. Also, in order to
compare to using a fixed time constant, the optimum time constant for the profile as
identified in Chapter 4 is also given in table 5.2 along with the corresponding minimum
value for errorl. In addition to the best time constant, other fixed time constant values

included for comparison are 1024 (17 hours), 10 and 10000 minutes to cover the full range

of t.
Profile | Chow: Trigg: Taylor: Optimum t | Minimum Error 1
Best d Best ¢ Best B,y for error 1
CP19 | 300 0.25 2.0,0.1 77 6.6
M50 180 0.45 1.52.7 3000 7.1
FF15 | 410 0.1 1.5,1.9 293 4.9

Table 5.2: Summary of tuned parameters
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Comparisons of Adaptive Methods fine-tuned for Profile CP19
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Figure 5.8: Comparison of adaptive methods for Profile CP19

For all adaptive algorithms, the initial value used for t is 1024 minutes. In figure 5.8 the
error]l was measured after learning the behavior of profile CP19 with fixed time constants of
10, 45, 77 (which is the optimum for this profile), 1024 and 10000 minutes as well as the
three adaptive methods. The horizontal line across is the minimum error produced by the
optimum fixed time constant 77 minutes. It can be observed that the method by Taylor
behaved slightly better than the optimum for errorl. However, for this profile the other two
methods did not perform as well as the optimum time constant. Also, the method by Taylor

was able to minimize error 2 the best followed by the fixed time constant of 1024 minutes.
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Comparisons of Adaptive Methods fine-tuned for Profile M50
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Figure 5.9: Comparison of adaptive methods (Error 1) for Profile M50

In figure 5.9, the learning of profile M50 is shown. The Chow and Taylor methods
performed closest to the optimum time constant of 3000 minutes for errorl. Like in the
previous profile, the method by Trigg and Leach did not do a good job in minimizing errorl.
It is also worthwhile to note that a fixed time constant of 1024 minutes behaves close to the

optimum. In the bottom panel it is shown that the three adaptive methods did better than the

optimum of 3000 minutes for minimizing error2.
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Comparisons of Adaptive Methods fine-tuned for Profile FF15
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Figure 5.10: Comparison of

The results from learning the FF15 profile i

the closest to the optimum.

All other profiles listed in table 4.3 where p

I I I I
1024 10000 Chow Taylor Trigg
(in minutes) and Adaptive Methods

adaptive methods for Profile FF15

s shown in figure 5.10. The Chow algorithm was

rocessed in the same manner. The Chow

algorithm was found to consistently perform best giving an error closest to that produced by

the optimum time constant for the specific profile. The outcome is summarized in table 5.3.

Method Number of profiles the method performed
closest to the optimum fixed constant

Chow 20 out of 25

Taylor 3 out of 25

Trigg & Leach | 2 out of 25

Table 5.3: Summary of performance by

adaptive methods over the 25 chosen profiles

The simulations show that of the three adaptive algorithms (with their parameters fine-tuned

for best performance), the Chow method performs the best and is able to learn hearing aid

volume control settings as well as the optimum time constant for a given individual.
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5.3 Comparison of Adaptive Algorithms over all profiles

In practice it would be time consuming and difficult to tune the parameters in the adaptive
algorithms. In practice, an average value over all profiles would probably be used. In
Chapter 4, an analysis over 25 varying profiles showed the average optimum time constant

to be 313 minutes. The results from that analysis are shown in figure 5.11 for errors 1 and 2.

Finding best time constant on average for 25 profiles
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Figure 5.11: Summary Plot over the 25 chosen profiles finding optimum fixed time constant

Using the average parameters in table 5.1 that were found to be best for learning the 25
profiles, the profiles chosen at the end of Chapter 4 were processed to see how robust the
parameters are. It is expected that the adaptive algorithms would perform at least as well as
the average optimum time constant. In this case the adaptive algorithms were initialized to
313 minutes in line with the results obtained in figure 5.11. The errors obtained from
learning the 25 profiles using the adaptive methods and fixed time constants of 313 and
1024 minutes are shown in figure 5.12. Overall the Chow method performed just as well as

the optimum average of 313 minutes followed by the Taylor method and then the method by
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Trigg and Leach. The performance when using a fixed time constant of 1024 minutes is also

quite reasonable, again validating its use by some manufacturers (Section 2.5).

Average error over all the 25 profile

for the adaptive methods comapred to using a fixed time constant of 313 and 1024 minutes
8 T T T

T

6+ 4
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Error 1

| | | L !
1024 mins 313 mins Chow Trigg Taylor
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Figure 5.12: Average Errors over all the 25 profiles

Table 5.4 shows the breakdown for the errorl value obtained using the adaptive methods for
each of the 25 profiles to see how the average parameters work for individual profiles. The
difference between the error from the adaptive method and using a fixed time constant of
313 minutes was calculated. At first glance it can be observed that the Chow method gave
the lowest error values based on the number of negative signs for the calculated difference
values e.g. CP5, CP18, FF11 etc.. Also Chow performed just as well as the optimum
(313minutes) giving identical results for example in CP19, VM8 andVM9. The Trigg and
Leach method appears to have larger differences e.g. as high as 4.01 for profile FL15. The
sums and standard deviations of these errors for each method are summarized in table 5.5. It
is observed that the method by Chow performs a little better than the optimum (sum of
errors is negative). Also from the standard deviation we can conclude that this method
performs fairly well over all profiles. The method by Trigg and Leach is the furthest from

the optimum with a total difference of 27.63. Compared to a using a fixed time constant of
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313 minutes, using 1024 minutes did not do better than the Chow method but it did have a
sum (in table 5.5) lower than the result from the method by Taylor. However, the standard
deviation of the difference obtained from using this fixed time constant over all profiles
suggests that there are some profiles where it does not perform well like VM8 and VM9

which need really short time constant because the behavior is changing fast.

The standard deviation of the difference also shows that the Taylor method behaves about
the same over all the profiles unlike the Trigg and Leach method whose performance was

quite variable over the profiles.

Difference between method and
fixed time constant of 313
Error1 minutes (delta)
Fixed | Fixed Fixed -
-1024 | - 313 1024
Profile mins mins | Chow | Tay [ Tri mins Chow Tay Trigg
CP5 6.00 5.56 5.49 | 6.00 6.64 044 | -0.07 044 | 1.08
CP14 8.13 7.77 7.80 | 8.70 | 10.29 0.37 0.04 0.93 | 2.52
CP15 7.89 7.11 711 | 7.74 6.67 0.77 0.00 0.63 | -0.44
CP18 5.89 | 6.33 598 | 6.25 | 6.30 -044 | -0.35 | -0.07 | -0.03
CP19 7.59 7.48 7.55 | 7.09 7.76 0.12 0.08 -0.39 | 0.29
FF9 5.84 5.81 5.82 | 6.54 7.71 0.03 0.01 0.73 | 1.90
FF11 547 5.65 5.52 | 6.20 6.15 -0.18 | -0.12 0.56 | 0.51
FF15 5.05 4.91 497 | 5.71 6.25 0.14 0.06 0.80 | 1.35
FF18 5.10 5.16 5.06 | 5.89 7.73 -0.06 | -0.10 073 | 257
FL2 9.16 9.30 9.08 | 9.65 | 10.62 -0.14 | -0.22 0.35 | 1.32
FL15 8.02 8.07 7.96 | 8.31 | 12.08 -0.04 | -0.11 024 | 4.01
FL17 7.53 7.75 7.70 | 8.33 8.66 -0.22 | -0.05 0.58 | 0.91
M10 6.37 6.58 6.58 | 6.82 7.90 -0.22 | -0.01 023 | 131
M13 7.63 7.37 7.34 | 7.80 9.15 0.27 | -0.02 043 | 1.78
M15 2.77 2.76 273 | 3.1 3.20 0.01 | -0.03 0.35 | 0.44
M25 7.07 7.27 7.25 | 7.43 7.76 -0.21 | -0.03 0.16 | 0.48
M26 6.12 6.10 6.15 | 7.10 8.37 0.02 0.05 1.00 | 2.27
M30 6.66 6.46 6.51 | 7.56 8.73 0.20 0.05 111 | 2.27
M50 7.31 7.77 7.67 | 8.03 9.15 -0.46 | -0.10 0.25 | 1.38
M51 646 | 6.36 | 645 |6.14 | 7.12 010 | 0.09 | -0.22 | 076
VM8 318 | 1.24 | 124|102 082 194 | 000! -0.21 | -0.41
VM9 4.80 2.00 2.00 | 2.12 1.11 2.80 0.00 0.12 | -0.89
SHFL4 574 | 5.85 586 | 5.88 | 6.70 -0.12 | 0.00 0.03 | 0.85
SHFL10 | 7.79 8.00 7.99 | 8.25 8.87 -0.21 | -0.01 0.25 | 0.87
SHFF1 2.58 2.32 232 | 2.64 2.86 0.25 0.00 0.32 | 0.54

Table 5.4: Error 1 for all three adaptive algorithms for each of the 25 chosen profiles in table 4.3
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Fixed -
1024
mins Chow Tay Trigg |
sum 5.17 -0.84 9.35 27.63
stdev 0.72 0.10 0.39 1.10

Table 5.5: Summary of average value of error 1 for the 25 chosen profiles in table 4.3

Table 5.6 shows the breakdown for the error 2 values obtained using the adaptive methods
for each of the 25 profiles. The difference between the error from the adaptive method and

using a fixed time constant of 313 minutes is also shown.

Difference between method
and fixed time constant of 313
Error2 minutes (delta)
Fixed Fixed
- Fixed -
1024 | - 313 1024

Profile mins | mins | Chow | Tay | Trigg | mins | Chow | Tay Trigg |
CP5 1.11 0.68 066 | 063 | 012 | 043 -0.02 | -0.05 | -0.56
CP14 1.21 0.86 055 ]| 161 | 072 | 034 | -0.31 0.75 | -0.14
CP15 1.91 1.60 160 | 199 | 047 | 031 0.00 0.39 | -1.13
CP18 048 [ 0.24 038 | 014 | 066 | 024 0.14 | -0.10 0.42
CP19 048 | 0.83 090 | 021 | 0.75] -0.35 0.08 | -0.62 | -0.07
FF9 0.14 | 0.24 017 | 032 | 0.01 ] -0.10 | -0.07 0.08 | -0.23
FF11 074 | 0.40 052 | 0.00 | 0.11 0.34 012 | 040 | -0.29
FF15 066 | 0.31 026 | 032 | 025| 0.35]| -0.05 0.01 | -0.05
FF18 0.82 | 051 054 | 032 | 054 | 0.31 0.03 | -0.19 0.03
FL2 0.81 0.51 047 | 062 | 026 | 0.30 | -0.04 011 | -0.25
FL15 044 | 0.23 010 | 091 | 092 020 | -0.14 0.67 0.69
FL17 065 0.08 026 | 0.11 ] 0.01 0.57 0.18 0.03 | -0.07
M10 0.06 | 0.03 008 | 055 | 054 ] 0.03 0.05 0.51 0.50
M13 0.14 | 0.3 008 | 0404 017 ] 0.01 | -0.05 0.27 0.04
M15 083 | 0.36 045 | 029 | 0.07 | 047 0.09 | -0.07 | -0.29
M25 1.00 | 0.65 068 | 014 | 0.78§ 0.35 0.03 | -0.51 0.13
M26 0.50 | 0.28 032 ] 034 028 | 0.24 0.07 0.08 0.02
M30 0.22 | 0.56 022 | 159 | 097 | -034 | -0.34 1.03 0.40
M50 056 | 017 035 | 079 | 1.13 ] 0.39 0.18 0.62 0.95
M51 093 [ 0.67 082 | 058 | 0.08| 025 0.14 | -0.10 | -0.60
VM8 263 | 0.20 020 | 075 | 061 243 0.00 0.56 0.41
VM9 388 | 1.05 105 | 1.75| 076 [ 2.84 0.00 0.70 | -0.29
SHFL4 013 ] 034 ]| 023 | 052 010 | -0.21 | -0.11 019 | -0.24
SHFL10 | 0.35 | 0.42 0.56 | 049 | 046 | -0.07 0.14 0.07 0.04
SHFF1 0.86 | 0.21 021 | 030 0.08]| 065 0.00 0.09 | -0.13

Table 5.6: Error 2 for all three adaptive algorithms for each of the 25 chosen profiles in table 4.3
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For minimizing this error, the method by Trigg performed best of all the adaptive methods
being able to lower this error better than the optimum 14 out of 25 profiles. This is expected
because this method aims to reduce biased estimates. The other 2 adaptive methods
performed similarly, being better than the optimum for 9 and 8 out of the 25 profiles for
Chow and Taylor respectively. In the results summarized in table 5.7, using a fixed time
constant of 1024 minutes performed poorly having the highest sum and standard deviation
because this time constant is too long to capture changes in the observed volume control

settings. Overall the results of the sum and standard deviation of the difference for Chow are

favorable.
Fixed -
1024
mins Chow Tay Trigg
Sum 9.99 0.11 414 -0.72
STD 0.72 0.13 0.41 0.44

Table 5.7: Summary of average value of error 2 for the 25 chosen profiles in table 4.3

5.4 Summary

In this chapter, we examined the performance of three learning algorithms with adaptive
time constants. We started by tuning the parameters for these algorithms. The adaptive
methods proposed by Chow and Trigg and Leach are easy to tune. Also the parameter d in
the Chow method is very robust and does not affect the outcome of the algorithm in this
application. When the parameters of the adaptive methods were tuned to each individual
profile, the method by Chow was able to perform as best as the optimum time constant for
most profiles. When average parameters are used in the algorithms, the Chow method
performed best of the three for minimizing errorl. The method by Trigg performed best for
minimizing the bias error 2 followed by the Chow method. The Taylor method is
somewhere in between these two methods. Because fine-tuning its parameters poses a
challenge and because its performance is surpassed by the other approaches, this method is

not recommended.
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The simulations carried out show that while a fixed time constant of 1024 minutes for all
users provides a reasonable choice for the time constant used to learn the user preferences, it
is not the optimum value. We also show that without having prior knowledge of a person’s
behavior, using an adaptive algorithm with good initialization, optimum hearing aid volume

control preferences can be learned.
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Chapter 6 Conclusions and Future Directions

Hearing aid users have often complained about the frequency at which they need to adjust
their hearing aid settings. This issue is due in part to the clinical environments in which
hearing aid gains are prescribed. It is difficult to simulate and optimize the prescribed gains
for all possible real-world acoustic environments that could be presented to the user as they
go about their daily activities. Research has also shown that different environments require
different hearing parameters [4]. Therefore, it would suffice to suggest that fine-tuning
should be specific to a given environment and be an on-going process in the real world

based on feedback from the hearing aid wearer.

Hence, the idea of self-learning hearing aids was proposed. Such hearing aids can be trained
by the user to automatically learn settings they prefer in different environments. Learning
invariably involves tracking user behavior for different hearing aid settings. Currently a

fixed time constant is often used for learning in hearing aids currently on the market.

6.1 Conclusions

One of the questions posed at the beginning of this work was whether a single fixed time
constant could be adequate in learning hearing aid user volume control preferences for all
users. Since users have different behaviors it was hypothesized that this might not be the
case. From the simulations performed in this work it has been shown that there is not a
single optimum time constant that would optimize learning for all users. The optimum
range of values for volume setting is a function of the user behavior. This finding prompted
the investigation of whether adapting the time constant to the user would give better

performances for individual users.
The analysis carried out in Section 4.3.2 validates that the use of a time constant of 17 hours

[Section 2.5] in the fixed exponential smoothing algorithm as used in some hearing aids in

the market is a reasonable choice.
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Three adaptive exponential smoothing methods were presented and evaluated using a bank
of generated user profiles. After tuning the parameters for these methods, it was shown that
the Chow method [38] performed the best over a wide range of individual profiles.
Compared to using a fixed time constant of 17 hours, the improvement for these methods is
not significant on average over all profiles. There are however some specific cases where the
adaptive methods performed significantly better than a fixed time constant. An example is in
the varying mean profiles. The method by Trigg and Leach does a good job of making sure
the estimates are not biased and are adapting to changes in the observations. In some cases
the adaptive methods are able to minimize the difference between the learned value and the
first initial setting, achieving performance as good as the optimum time constant. The Chow

method in particular was shown to work well for all types of behaviors.

Based on the results reported in this thesis we recommend the Chow method for learning
user volume control preferences in hearing aids as it is robust enough to learn different user

behaviors, its parameters are simple to tune and it is a fairly simple algorithm to implement.

6.2 Future Directions

This thesis focused on learning the user preferences with the assumption that environment
classification had been done accurately and learning is based solely on the user’s behavior in
the environment. An extension to this project would be to map the acoustic features of the
environment to the past behaviors and incorporate that into the learning process. This should
allow for improved learning because the system can now learn the correlation between the
actual input signal and a change in the setting. This will also allow the use of signal
processing methods like Kalman filtering and Bayesian learning since there is access to the

input signal.
This thesis focused only on “level changes” and not “spurious spikes” in the data. It would

be interesting to expand the simulation of user behavior to include spikes so as to capture

cases where the user is fiddling with the volume control. Some algorithms like the one by
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Trigg and Leach can be tuned to be insensitive to spikes and may prove to be useful in this

respect.

The data used in this work was modeled by assuming each user has a desired mean and
different standard deviations to depict different user behaviors. These behaviors were also
combined to give other secondary behaviors. The challenge would be to collect real volume
control settings from hearing aids in use. This is a big undertaking and would take a
substantial time investment to collect a significant amount of data. In the mean time, an
intermediate step in the development stage would be to use some already established
objective measures like the Speech Intelligibility Index to simulate the expected user
behavior under the assumption that the user will adjust the settings to enhance speech

intelligibility or some other objective measure.

In addition, this work is part of a larger intelligent hearing aid project where the device
should be able to identify what environment the user is in, load the appropriate signal
processing algorithms and learn the control preferences. The long term plan is to integrate
the work done in this thesis with that of another M.ASc student Luc Lamarche [45] who has
been working on dynamic environment classification. The environments classes can split

and merge according to what the user is exposed to during the course of their everyday life.
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Appendix I

Relationship between t and a
A 1*' order LTI system with a constant (leakey integrator) is characterized by the equation

Y vk
dt

Where A is the exponential decay constant, V = V(t) and

A=—

T

The general solution to the differential equation is:

Vi =v,1-e"")
For an input which is a step response, V(t)=V,,, (1-e™'7)

Whent=1 V({t)=V, (1—e") = V() =0.63V,,,

ax

In discrete time, the smoothing constant o =1-¢~/%

Algorithm 1.0: Adaptive Control of the Exponential Smoothing Constant

Input: Time seriesy = [y1, ¥2, ¥3 co v ... Vul

Data: Set value for d and Initialize values for o, y,

Output: Forecasting
Fort = 1 to length(y)

Step 1: Compute the secondary smoothing constants
a,=a+d
o, =a-d
Step 2: Compute forecasts at time t+1, using the three constants

Yu=,+(l-a)y,

YVp =0yy, +0-a,)y,,
Vo= y,+(-a,)y,,
Step 3: Compute forecast errors resulting from all three constants:

e(t+1)= Yis1™ Vil
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"

e+ Dy =y~ Yen

n

e(t+1), = Vi, L ™ Vst
Step 4: Find the minimum of e(t), e(t)y and e(t),,
If e(1) is the lowest then leave a unchanged
Elselfe(t)y is the lowest then
a =0y
o,=o+d
oy = 0 — d
Elselfe(t), is the lowest then
o = dady
o, =0 +d
ap = o — d
End.

Algorithm 2.0: A new adaptive method for extrapolative forecasting algorithms

Input: Time seriesy = [ Y1, V2, V3 ov ou. ... Vnl
Output: Forecasting
Fort> 1and t =1 to length(y)

~

Step 1: Calculate the forecast error from the previous period e, = y,— y,
Step 2. Calculate optimum smoothing constant for the previous period t

o= O, = Vi )
Y = Vi)

Step 3: If e, = 0 then
a,,, =a, (Do nothing)

Elself a,' > 1 then

Else «,, =a,

Step 4: Calculate y,,, =a,y,+(1-a,)y,
End

Algorithm 3.0: Exponential Smoothing with an Adaptive Response Rate
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Input: Time seriesy = [y, y2, V3 oo ... Yl
Data: Initialize a, ¢ and y,

Output: Forecasting
Fort=11tolength(y)

A

Step 1: Calculate estimate for next time period y,, =a,y, +(1-a,)y,

~

Step 2: Calculate the forecast error e, =y, —y,
Step 3: Calculate the smoothed forecast error A, = ge, +(1-@)A4,_,
Step 4: Calculate the smoothed absolute forecast error M, = ¢|e,| +(1-9)M, ,

1

Step 5: Calculate the update something constant o, =

t

End

Algorithm 4.0: Smooth Transition Exponential Smoothing

Input: Time seriesy = [V1, V2, V3 eee..... Ynl
Data: Initialize ff and y

Output: Forecasting

Fort = 1 to length(y)Step 1: Calculate forecast for the next period t+1
Y=y, + (1 —a,)y,

A n

Step 2: Calculate forecast error based on estimate made for y, by y, e, =y,—y,
Step 3: Calculate transition variable V, =e,’

1

Step 4: Calculate new value for smoothing constant o, =
I+exp(B+yV,)

End
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