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Chapter 1

Introduction
1.1

Problem Analysis

Users of audio systems with multiple loudspeakers typically place them according
to the interior of their listening environment. In most cases those positions will not
be optimal to achieve to best sound quality possible for a given listening position,
the so called sweet spot. Furthermore, users will probably not consider how room
specifics affect the sound perception.
Algorithms can compensate for imperfect loudspeaker positions and room acoustics. Information which has to be provided is distances from the loudspeakers to
the listener or the room impulse response (RIR) at the listening position or both.
To obtain this information, the audio system needs to be calibrated. State of the
art systems typically use an external microphone which has to be placed at certain
positions while a calibration sound is played back. The BeoLab 90 sound guide [3]
from Bang & Olufsen for example requires that the external microphone has to be
placed at three microphone positions per zone (the area where one is listening).
RIRs are measured at each position. The Sonos Trueplay speaker comes with an
app installed on an iPad which uses the build in microphone to record short sine
sweep bursts emitted by the Sonos speaker. In both cases the calibration takes
quite some time and seems to be tedious. The assumption therefore is that people
will not do the calibration too often.
Ideally though, the calibration should be remade every time when something
changes. That could be:
• changing the position of loudspeakers
• changing the listener position
• temperature changes
1

2

Chapter 1. Introduction

• furniture changes
• or open/close window/door.
One improvement compared to state of the art systems would be to ensure the best
sound quality for every audio system setup in every environment any time. One
idea to achieve this is to introduce automated audio system calibration. Automated
audio system calibration can be triggered with turning on the system. The contribution then is that the user would not have to perform the calibration any more,
but still enjoy the best sound quality possible for every listening situation. This
would be especially useful for people who use portable loudspeakers and move
them to different listening environments.
Automated audio system calibration could be performed using smart speakers.
Smart speakers, like the Amazon’s Alexa or Google Home, are loudspeakers with
additional microphones which give a lot more opportunities than just playing back
signals, hence the name smart speaker. Smart speakers usually have a compact size
so that they can be moved around. The smart speaker could function on its own
or be part of another audio system. In [17] a method is proposed to create a map
of loudspeakers, the listener(s) and microphone subarrays. If a subarray would be
integrated in a loudspeaker, one would call that a smart speaker. The resulting
map can be used for moving the sweet spot to the listener’s position, ensuring an
optimal sound quality. Furthermore, it could be used for object based rendering
specified in the MPEG-H standard [11] which enables immersive 3D-sound. Additionally, when creating sound zones, the impulse response from the loudspeaker
to the zone is required. When the loudspeaker position, room characteristics and
geometry and air characteristics are know, such an impulse response could be simulated.
Another way to improve the sound quality is to compute the transfer function
(TF) from measuring the RIR and make adjustments based on that. For example,
one could attenuate the low frequency response of a smart speaker when its near
a wall or corner. Ideally, every technique which can improve the sound quality
should be used.
For creating the map over loudspeakers and the listener in [17] every loudspeaker
played back a pseudo-random noise. For measuring RIRs, well proven calibration
signals are sine sweeps, maximum length sequences, pink or white noise. All of the
above signals have a good performance in terms of loudspeaker localisation/RIR
measurement but probably do not sound pleasant to most people. When an audio
system calibration is performed every time the system is switched on and one of
the above signals is used, though, it is heard frequently and therefore must sound
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pleasant or at least not annoying. There is a trade-off between performance and
pleasantness. “Nice” signals like speech or music are pleasant but perform insufficiently, traditional signals, e.g. the pseudo-random noise or a sine sweep, perform
well but sound less pleasant. This was found in the work done previous to this
thesis [1] were the time of arrival (TOA) estimation performance was tested for
various signals.

1.2

Problem Formulation

The purpose of this master thesis is to design a calibration signal which fulfils the
requirements on audio system calibration and at the same time sounds pleasant.
With such a calibration signal automated audio system calibration could be done
unobtrusively which would be different from state of the art systems.

1.2.1

Research Questions

The following use case is assumed: A map of N loudspeakers shall be created
which all play back a desired calibration signal (instead of a traditional one). Based
on that, the following research questions are asked:
1. What is a desired calibration signal for the aforementioned use case?
2. How well does the desired signal found in 1) and the traditional signals perform for source localisation and how robust are they to noise, reverberation,
non-ideal loudspeakers and microphones, etc.?
3. How can one modify the desired calibration signals found in 1) so that they
give
a) the best possible localisation accuracy for a given amount of perceptual
distortion, or
b) the lowest perceptual distortion for a given localisation accuracy.
The problem is simplified to the case were the TOA is estimated from one source
to one receiver in different conditions. With the TOA the distance between source
and receiver can be calculated which is the first step towards creating a map. Furthermore, the TOA is an approximated version of the RIR which can be used to
regulate the frequency response of loudspeakers. The above mentioned research
questions can answered for the TOA estimation case.
The following chapter 2 starts by addressing the problem of finding desired calibration signals.

Chapter 2

Finding Desired Calibration Signals
This chapter deals with the problem of finding a desired calibration signal which
can be used for automated audio system calibration, i.e. loudspeaker localisation.
It regards the research question one in chapter 1. To simplify the case it is assumed
that any sound would be possible to be used for calibration. Because the desired
calibration signal is played back often, the following characteristics are deemed
important:
• pleasantness
• annoyance
• simplicity
• duration
The calibration signal could also be designed in such a way that it is a signature
and has a “wow-effect”.
To receive input from experts on that field a meeting took place at Bang & Olufsen
headquarters in Struer, Denmark and the CEO of the company Audiowise was
interviewed.

2.1

Meeting at Bang & Olufsen

The meeting took place with two experts in the fields of user experience and user
interactions from Bang & Olusfsen (B&O). B&O is a company which produces high
end audio products, televisions and telephones. After explaining the idea of the
project, the experts were asked: “What would be the perfect calibration signal for
automated loudspeaker localisation in your opinion?” A first conclusion that was
drawn quite quickly was that using speech is not a possible scenario. Possible
5
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use of speech could be that the loudspeaker would count from one to the number of loudspeakers N or say “I am speaker N”. But letting the speakers saying
that would provide unnecessary information for the user. The user expects that
the system has the information and uses it without the user to interact, so stating
it would not have additional benefit. After ruling out speech, the choice was in
favour of a musical signal. It became clear that there is no easy answer for how
the musical signal should be characterised. The first question one has to answer
is for which target group the calibration signal should be made. B&O for example
tailors its products to a generally younger (B&O play) and generally older (B&O
home) audiences. Products for the B&O play audience are cheaper, smaller and
mobile, whereas products for the B&O home audience are high-end audio products which are bigger in general. For the B&O home audience a classical or a jazz
musical sound would suit whereas for the B&O play audience it would need to be
something more abstract or futuristic.
A main requirement according to the experts is that the sound needs to be short. It
was considered that a user would switch on the audio system possibly five times
a day, maybe even more. That means that the calibration needs to be done as fast
as possible, which requires a short signal. Five seconds for example would already
be too much. Furthermore, the sound cannot be annoying. The user should not
be bothered by it after having it heard 5,000 times for example. The time when
the audio system is switched on is a happy moment. The user wants to listen to
music, so ideally the calibration sound needs to increase the desire for listening
to it. Another thought from the B&O experts was that the calibration sound cannot compete with the music already playing. First play back the calibration sound
then the music was the advise. Moreover, the sound should be something people
should want to use to show off to their friends or family.
In addition to that, some attributes were mentioned which the sound should have.
Note that B&O produces high-end audio products. Therefore, the attributes mentioned are intended to convey that feeling:
• well crafted
• associating beauty
• associating luxury
• rich
• beautiful
• everything is taken care of

2.2. Call Audiowise
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Call Audiowise

Audiowise is a company which makes their living out of consulting companies
regarding their audio representation. That means that the company helps increase
sales and brand values. The CEO of Audiowise was asked what he would think
would be a perfect sound for automated audio system calibration. As expected no
definite answer can be given. There is no universal sound. Instead, it was pointed
out that several considerations need to be made before starting to design or choose
a sound.
As in the meeting with B&O the CEO of Audiowise underlined three steps to
do before looking for a sound or designing one:
• Defining a target group. Which users do you want to address?
• What experience do you want users to have?
• And, what functionality should your sound have? What do you want to
achieve with it?
Based on those criteria, the sound design process can begin. Additionally, it was
pointed out that the market where the sound should be used has its own specifications. The Asian market for example has a different approach to sound than the
European market. The interview ended with the advise that less is more. Rather
take away something than adding more and more features to your sound.

2.3

Preceding Considerations for Sound Design

Based on the previous described interviews, it is indispensable for sound design
to define a target group, know what experience a listener should have and clarify
the functionality.
Functionality The sound is intended for the use of calibrating an audio system.
Therefore, it needs to be simple and short. That is because the calibration cannot
take long. Ideally, the audio system is started and after a couple of seconds ready
for use. Designing the calibration signal is based on the case where the audio
system consists only of a few or even just one loudspeaker(s). In this setup, it
can be afforded when each loudspeaker plays back the calibration signal in turn
or if the only loudspeaker plays back the signal. For now it is also assumed that
all sounds would be suitable for audio system calibration. Modifying a designed
sound that fulfils the calibration requirements is left as a future task.

8
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Experience When hearing the calibration signal, the listener should associate
high-quality with it. He or she needs to feel that all is taken care of. The user’s
wish to listen to music or other signals should be supported.
Target group The target group are customers who have a need for compact,
portable audio equipment. They live in relatively small apartments. They move
their audio equipment around. For instance would they bring it to a friend at his
or her place and watch a movie together or listen to music. Depending on the
listening environment, the smart speaker which is transported could be part of
another audio system or just function alone. When the audio equipment is moved
a lot, calibration makes most sense because the situation where the system is used,
changes a lot. The target group does not buy the most expensive audio products
but still is willing to pay above average to experience very good audio quality. The
target group can be seen similar to the B&O play audience.

2.4

Summary

This chapter has started the process of sound design and being able to select appropriate sounds by obtaining knowledge from experts. Preceding considerations for
designing a calibration signal were made. In the next chapter, literature regarding
sound design is reviewed and used to design a calibration signal, which fulfils the
expectations in terms of functionality, experience and target group. Subsequently,
this signal together with other chosen sounds is used in a listening experiment to
check if the expectations are indeed fulfilled.

Chapter 3

Sound Design
The goal of this chapter is to summarise the existing literature regarding sound
design. The process of sound design shall be approached in a rather scientific
way, identifying acoustic features which lead to desired attributes of the resulting
sound. The most important desired attributes are that the sound is pleasant, not
annoying and has musical aspects.

3.1
3.1.1

Literature review
Product-Sound Design

When looking into the field of sound design, much literature is found which deals
which product sound design and how it can best represent the brand of the product. In [6] the distinction is made between consequential sound and intentional
sounds. Consequential sounds are emitted when the product, one is interacting
with, is used. For example, when one turns on a vacuum cleaner it produces a
sound. Or if the button of a coffee machine is pressed, the machine emits a sound
due to the milling of the coffee beans. Intentional sounds on the other hand are
digitally added to the product to support its function. For instance, microwaves
often beep when buttons are pressed.
The sound which shall be designed here would be an intentional sound, i.e. when
switching on the audio system a sound is emitted which gives the user the information that the system is ready to go. The authors in [6] state that communication
is a difficult task for both the sound designer and his or her clients. Those difficulties occur when sound shall be described verbally, as there is a lack of sound
vocabulary. Therefore sounds are described using metaphors, emotions or onomatopoeia (“An onomatopoeia [...] is a word that phonetically imitates, resembles
or suggests the sound that it describes”

9
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(Wikipedia: https://en.wikipedia.org/wiki/Onomatopoeia)). Often the client
does not know which sound he or she desires or cannot formulate his or her ideas.
It is then difficult for the sound designer to create an appropriate sound. To ease
this situation, a framework was proposed which supports communication between
clients and sound designer using cards with descriptive attributes. The authors
from [15] also endeavour to make the conceptualising phase for sound design easier. They, on the contrary, propose a sound sketching tool with physical objects
which can be used to simulate every-day sounds. The tool is intended for inexperienced sound designers, supporting verbal communication with sound examples
using a tangible user interface. Furthermore, the tool is rather concentrating on the
design of consequential product sounds.

3.1.2

Semiotics in the Context of Product-Sound Design

In the scope of this thesis, though the idea and the requirements behind the desired sound are already clear. Deducting from the literature of product design it
seems to be worthwhile to look into the semiotics in the context of product sound
design. The book chapter [16] was studied to this end and the relevant information
summarised as follows.
Sound design seems to be an artistic task where intuition plays a more important role than approaching the issue in a rational and systematic way. But sound
designers make decisions based on the listener’s perception. They want to communicate something. In that regard semiotics can help. It investigates cultural
processes as communicative processes. In the context of sound, it investigates how
the perception is affected by product sounds [16].
Semiotics is the theory of signs. Signs are physical objects which are given a specific meaning by convention. Signs could for example be traffic lights, number
codes or speech. Signs have the purpose of communicating something. A traffic
light for instance shows a certain colour, let us say red. This is perceived by the
driver, interpreted and meaning is assigned to the object of perception. The driver
understands that he or she has to stop the vehicle. The perception of a product
sound is in principal similar, although more complex. A sound can also be seen as
a sign carrier which carries information. Communication will fail if the code is not
understood by the receiver. When one has never encountered traffic rules, a red
light will not be understood. Consequently, there is the perception of an object of
prior experience and meaning which evolves based on that [16].
Semiotics examine the processes of how objects are perceived and meaning is
evolved from that. Humans generally have an expectation of objects they perceive. The more the perception is in line with the expectation the easier an object
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of experience can be identified. The object of perception becomes a signifier for an
object of experience, in other words, semiotics takes place. This happens highly
dependent on individuals but there are also inter-individual relationships [16].
If the perception is not in line with what is expected, the data of perception is
modified until its compatible with what is learned already, with the expectation.
An example is synthetic speech: Ordinary speech is expected but synthetic speech
is perceived. There is a new offer, a disequilibrium so that the data of perception
has to be modified [16].
How can this be used for product-sound design? Ideally, the perception of the
product-sound should lead to a positive meaning. The customer should think of
high performance or good aesthetic characteristics. The user’s expectations should
be satisfied. The goal therefore is to meet the user’s expectations with a productsound which leads to the corresponding perception. The task of the sound designer
is to create an image which supports product quality. The sound design is also a
communication design. Specific information is conveyed for a specific purpose,
using specific codes and media for a specific user group. Ultimately, the quality of
the product results from judging the comparison of data of perception with data
of expectation. The sound of a product is a sign carrier for that matter [16].
The challenge now is to design the sound so that the above is achieved. Listeners
may concentrate on different aspects when they associate meaning with a specific
product sound. Because this is different for every individual product-sound engineering is often seen as a black box. The author of the book section therefore
tries to approach the topic in a scientific way. The sound designer must create an
auditory event to associate meaning. He or she must create a mental image in the
listener’s mind. An example for this could be a hammer banging into wood. Due
to the object of experience the listener will associate the sound with wooden material. A sound might also carry signs for cultural values, like tradition, luxury or
originality. The meaning of all this is perceived in the so called Semiosphere which
is a comprehensive context where product-sound is perceived and cognitively processed [16].
In the following, the takeaways for designing a sound which later can be used
for calibration are summarised: The aim of sound design is that an acoustic event
is created which is both novel and already known. Already known because it
should enable the listener to quickly understand the meaning of the sound and its
function. At the same time it should be novel because the sound designer wants
to stimulate the listener’s imagination and invite him or her to use the product,
evoke curiosity. Presenting something novel also means that the sound cannot be
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processed with available data of experience but needs to be modified first. This
must be kept simple to a certain degree to ensure that basic relations and pattern
of experience are not violated. Listeners should be able to treat the auditory event
as a token of specific known type. This is specifically important when artificial
signals are used. One way to do it would be to use artificial sounds in combination
with natural sounds. This is then something novel and well known [16].
After talking about the semiotics of product sound design, the topic psychoacoustics in relation to sound quality is reviewed. The following section is based on [8].

3.1.3

Psychoacoustics and Sound Quality

Studies on psychoacoustics can help to find an optimum target sound for a specific
product. With this goal in mind the following psychoacoustic quantities are worth
mentioning:
Loudness The loudness of a product sound strongly affects the perceived sound
quality of a product. Loudness is perceived based on spectral and temporal characteristics. A longer tone for example is perceived louder than a shorter tone, both
having the same sound pressure level [8].
Sharpness Sharpness plays a dominant role in sound quality, too. It can be regarded as a measure of tone colour. Adding the right amount of sharpness to a
sound can give it powerfulness, but adding too much yields the perception of aggressiveness. Sharpness can be reduced when low frequencies are added, but this
must be done carefully because it causes the loudness to increase [8].
Roughness Roughness is caused by temporal variations of a sound. It reaches its
maximum at frequencies around 70 Hz. Roughness can be a feature pointing to
the sportiness of a car [8].
Fluctuation Strength Fluctuation strength is quite similar to roughness with the
difference that it references the envelope fluctuation of fluent human speech, which
fluctuates at 4 Hz. Consequently, this is where it has its maximum. 4 Hz corresponds to the number of syllables pronounced per second. The human hearing is
very sensitive to that. The above mentioned quantities can be combined to calculate the overall annoyance of a sound [8].
Psychoacoustics can also be considered for sound design of musical sound effects. If roughness, sharpness and tonalness are chosen well, they lead to sensory
consonance. Together with musical acoustics such as tonal affinity, compatibility
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and root relationship which, put together in a right way to produce harmony, psychoacoustic quantities can produce musical consonance [9]. The following diagram
taken from [9] visualises this relationship.
Tonal Affinity

Compatibility

Root Relationship

Roughness

Harmony

Sharpness

Tonalness

Sensory Consonance

Musical Consonance

Tonal affinity is the relationship between tones. For example, the octave equivalence or fifth/fourth similarity. Compatibility describes a tonal piece of music or
or tones which can be replaced by other compatible tones without seriously interfering with harmony. It sometimes is also called reversibility of chords, tolerability
or interchangeability. Root relationship of tones are key notes which are assigned
to musical chords. The perception of a root can be ambiguous, sometimes resulting in the perception of a virtual pitch. Tonalness is the amount of audible tonal
components compared to noisy components [9].
In order to achieve sensory consonance roughness should be avoided and sharpness kept small. Tonalness should be high, meaning that noisy components are as
small as possible. Contradicting to consequential product-sound design, loudness
is not that important for sound design of musical effects. [9]

3.2

Sound Design Process

Based on the knowledge reviewed above the sound design process was started.
The sound was supposed to be an abstract musical related piece with known and
unknown elements. It should be an intentional sound. Care needs to be taken
with adding unknown elements as the designed sound should be easy to understand and interpret. It shall be pleasant, not annoying and short. Sharpness and
roughness shall be kept to a minimum. Low frequency content can be added to
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reduce sharpness and because it is believed that this will increase sound quality in
general. Additionally, noisy components should be minimised, too. Overall, the
aim is to achieve sensory consonance. On the other hand all aspects which lead
to harmony should be accomplished, too. In order to add associations to physical
objects physically modelled sounds could be added.
The sound was designed using the digital audio workstation (DAW) Reason 9.5.
With the DAW the built in polyphonic synthesiser Thor was used, specifically the
Cosmo Pad 3.thor sound effect. The three notes B2, D#3 and F#3 were played in
subsequent order and lasted exactly three seconds. Every note was played together
with two of its same note two octaves higher so that three notes reaching over two
octaves were played simultaneously three times.
Additionally to the notes, it was considered to add a logarithmic sine sweep or
sawtooth sweep as a novel component. However the overall perceptually quality
would have been reduced in the author’s opinion so that this idea was dropped.
An excerpt was cut and added from a BeoLab 90 promotion video https://
www.youtube.com/watch?v=U5gufdPM8iY&feature=youtu.be. The excerpt featured
a low frequency rumble.
The notes were sounds which were well known. The unknown elements in the
designed sound are rather subtle: The underlying low frequency rumble. Maybe
the synthetic sound of the notes will be perceived as novel, too. But overall the
known components are more dominant. The notes fitted together harmonically
and it was taken care of that roughness and sharpness were kept low. Finally, the
created sound had more tonal than noisy components. No physically modelled
sounds were added, though.

3.3

Complementary Sounds

Besides the designed sound, other sounds were chosen which had characteristics
crucial for a perceptually pleasant calibration sound. The sounds were chosen
based on the reviewed literature and subjective opinion.
Apple HomePod start up sound The Apple HomePod pairing sound is played
back when the system is switched on. It is a deep harmonic sound with some high
frequency bell ringing sound which makes it interesting. The sound has a length
of 4.6 seconds.

3.4. Summary
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B&O bluetooth speaker start up sound This sound is used for B&O play’s P2
bluetooth speaker when it is switched on. There are two subsequent tones, the
latter higher than the former. The sound is very simple and familiar. It is also
short: 0.6 seconds.
THX intro sound The well known THX intro sound was chosen for its massive
sound which was thought to be associated with high quality. The author believes
that people usually know this sound from cinemas which is in general an environment of good experience. The characteristic which makes it less suitable for
calibration signal is its duration: 14.1 seconds.

3.4

Summary

This chapter has reviewed the literature on sound design. While the topic is rather
an artistic and intuitive field, some rules from the field of semiotics and psychoacoustics could be found. The knowledge was applied in designing a sound.
In the next chapter the designed sound and other sounds will be compared against
each other in a rating experiment.

Chapter 4

Rating Experiment
4.1

Experimental Design

In order to investigate the perception of possible calibration sounds and the perception of the related product (the audio system) by people a ratings experiment
was designed. The designed test interface can be seen in figure 4.1. Attributes
were chosen to describe both the sound perception and product perception, following the guidelines to construct a semantic differential scale [18, 12]. The rating
scales itself were designed inspired by the MUSHRA standard to measure audio
quality [14]. One scale was initialised for each presented sound ranging from 0 to
100. The attributes were positioned above and below the scales and are listed as
follows:
• Unpleasant–Pleasant (Sound perception)
• Annoying–Not annoying (Sound perception)
• Long–Short (Sound perception)
• Boring–Exciting (Sound perception)
• Low quality–High quality (Product perception)
• Cheap–Expensive (Product perception)
The attributes were written in the following form: negative Attribute – positive Attribute. The underlying presumption was that when the sound perception would
match all positive attributes, the user would have a good experience with the audio system. All attributes which were considered to be positive for the calibration
sound were positioned above the scales, all negative attributes below in order to
be consistent and avoid confusion. The positive attributes are equal to 100 on the
scales, negative attributes equal to 0. The scales ranged on vertical lines and were
17
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Figure 4.1: Testing interface rating experiment

positioned next to each other on a horizontal line. The scales were chosen according to the well proven MUSHRA standard [14] and to attempt the production of
interval data to be able to use parametric statistical tests for post test analysis. The
following rateable sounds were included:
• Apple HomePod pairing sound
• Bang & Olufsen bluetooth speaker start up sound
• THX intro sound
• and the designed sound described in chapter 3
Additionally, a reference sound was provided which referenced to the rating 0. All
other ratings could only be equal or higher rated. The reference sound should be
representative for the worst possible calibration sound in terms of a good sound
and product perception, thus a bad user experience. Buttons enabled participants
to play each sound. The test was done without a hidden reference and anchors.
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The reasoning was that it would be too easy to detect those, thus not having any
additional value.
The testing interface was designed with the appdesigner in Matlab Version: 9.4.0.813654
(R2018a). The testing interface picked randomly attributes until all attributes were
rated for the sounds, which were available for listening all the time. When ratings
were made the participant could submit this and new attributes were presented.
With each new attribute the order of the sounds was randomly changed so that
participants would listen to each sound at least once per attribute pair. When
the experiment was finished, the results were plotted which is exemplified in figure 4.2. The plotted results were intended to be used for a subsequent discussion
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Figure 4.2: Plotted test results after finishing the rating experiment

with each participant of the experiment to understand their choices and give the
opportunity for comments.

4.2

Experimental Procedure

The experiment was conducted in the sound lab in the CREATE building of Aalborg University. The test interface run on a laptop which was connected to two
bioacoustics dynamics loudspeakers via a Roland Quad Capture sound card. Figure 4.3 shows a photograph of the testing environment. 14 participants took the
experiment. After greeting, the experiment was explained with small varieties as
follows:
Imagine the following situation: You are at home and switch on your audio system because you want to listen to music. Before you can do that, you will hear a start up sound.
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Figure 4.3: Testing environment in the sound lab

After the start-up sound has ended, your audio system is ready to use.
Your are going to listen to four examples of such a start up sound and rate these based on
different attributes making use of four different scales. The attribute which is above the
scales is equal to the rating 100 on the scales, the attribute below equal to zero. You are
supposed to rate the sounds in comparison to each other and based on a reference sound.
The reference sound is scoring the minimum rating for each attribute, that is zero. In most
cases the attributes are related to the sound perception of the start up sound itself. In two
cases, though, they are related to the product perception. With ’product’, I mean your audio
system in your home. One thing which is very important to consider is that you would
listen to the start up sound very often. Let us say that you want to listen to music five
times a day, then you would also have to listen to the start up sound five times a day.
We start with a training interface. It looks exactly like the real one with the same attributes
but has different sounds, which are simple sinusoids. You can use the training interface to
explore the handling and get comfortable. When you are ready, we proceed with the real
test. [Participants trains until he or she is ready.]
Here is the actual test interface. It looks the same as the training interface with the same
attributes but now you are going to listen to different sounds. Please remember the situ-

4.3. Feedback from the Participants
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ation you are in: you are at home. It is the best time of the day because you are about to
listen to your favourite song, but before you can do that, you will hear the start up sound
of your audio system.
After the participants finished the experiment, they were shown their ratings and
asked if they had any comments about the sounds. This usually evolved in a little
discussion.

4.3

Feedback from the Participants

For many participants a short duration of the start up sound was very important.
Some even said that they would prefer no start up sound at all. Comments about
each sound are described in detail as follows:
B&O bluetooth speaker sound Many participants said the sound is very simple
and therefore not annoying. That also means, on the other hand, that it does not
convey a high quality perception. It is not special. Some even said that it is boring.
Participants liked the duration of the sound. Because it is so short, they would not
mind hearing it often. Another comment was that it does not interrupt the routine
of switching on the audio system. It does not grab attention.
Apple HomePod start up sound It was noticeable from the discussion after the
experiment that most people preferred this sound. It was described as short but
still with good quality. It has a good balance in terms of acoustic features. Something of everything was a comment. Also, it has a good bandwidth. Participants
could imagine listening to it five times a day.
THX intro sound Almost every participant knew this sound. Either they really
liked it or they did not. Many participants said that it was too long for the situation
where it should be used in. But also many participants said that they associate it
with high quality. Some said the sound is too dramatic for a living room environment. It triggers action which is counter productive when one wants to relax and
listen to music. Although the sound was linked to the situation where you watch
a movie in the cinema, which is generally a good experience, the THX sound was
found inappropriate for casual occasions. Furthermore, almost everyone said that
it is too long for the intended purpose.
Designed sound Despite applying knowledge from research on sound design,
the created sound was not perceived as good as intended. The majority of participants associated it with low quality and not interesting to listen to. They would
not want to listen to it often. Very few participants liked it in the given context.
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4.4

Data Analysis and Results

Each of the 14 participants produced six ratings for six pairs of attributes for four
sounds. Consequently, 84 ratings were available. The means for all attributes and
sounds over the 14 observations are depicted in figure 4.4. It can be seen that
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Figure 4.4: Averaged ratings for 14 observations

the ratings are scattered close together for the Apple HomePod and self-designed
sound. For the Band & Olufsen sound, though, the attributes “annoying–not
annoying”, “too long/short–acceptable duration” and “unpleasant–pleasant” are
located in the upper figure range, whereas “low quality–high quality”, “cheap–
expensive” and “boring–exciting” are located in the lower part of the figure. Same
goes for the attributes “annoying–not annoying” and “too long/short–acceptable
duration” for the THX sound which are positioned lower than the rest of the attributes. That means for example that an exciting sound not necessarily has to be
pleasant.
A principal component (PC) analysis was executed to examine the underlying
structure of the data. The result was that 58.95 % of the variance can be explained
with one PC, 96.73 % with two PCs. From that, it can be concluded that participants
used mostly two underlying factors to rate the sounds. Indeed, the attributes “too
long/short–acceptable duration” and “annoying–not annoying” can be grouped
together as well as “low quality–high quality”, “cheap–expensive” and “boring–
exciting” which can be seen in figure 4.5. The attribute “unpleasant–pleasant”
stands alone. Based on the PC analysis one could argue that the data could be combined into two dependent variables with the assumption that they both influence
the perception of the sounds. But because all attributes were deemed important
for a possible calibration signal and described either a positive or negative user
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Figure 4.5: Bi-plot principal component analysis

experience, they were averaged for each participant and sound so that each participant contributed four ratings. Those ratings were concatenated for all participants.
It was checked if ratings for each sound were normally distributed (Chi-square
goodness-of-fit test) and if they had equal variances (Bartlett test). This was the
case. A box-plot of the data is depicted in figure 4.6. It can be noted that the
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Figure 4.6: Box-plot for combined ratings

median of the Apple HomePod sound is the highest whereas all other medians are
lower and not very different from each other.
A parametric one-way ANOVA was run to check if means from the different
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sounds were different from each other. The results were df = 3, MS = 1688.78,
F = 5.74 and p-value = 0.0018. That means that at least one mean of sound rating is different from other means. Consequently, a multi comparison test was
conducted using the Bonferroni method to examine possible differences between
single means. The conclusion is that the Apple HomePod sound is significantly
higher rated than the rest of the sounds. No significant differences are between
their means.

4.5

Summary

In this chapter, a test interface was designed to let 14 participants rate and compare
four different kinds of calibration sounds using six pairs of attributes to describe
the sound. It was elaborated how the experiment was conducted. Subsequently, the
data was combined and analysed and results were presented. The Apple HomePod sound was significantly higher (better experience) rated than all other sounds.
The outcome of the conducted experiment was one possible calibration sound
which was perceived as perceptually more pleasant than other possible calibration sounds. In the next chapter this sound, the Apple HomePod sound, will be
tested against a traditional signal regarding its TOA estimation performance. With
the end of this chapter, research question one in chapter 1 is answered.

Chapter 5

Signal Comparison
In the last chapter, the Apple HomePod start up sound was defined as a perceptually pleasant sound compared to others, which can be possibly used as a calibration signal for automated audio system calibration. Besides the pleasantness of
a signal, it also needs to fulfil certain requirements in order to produce accurate
enough results during the calibration process. Here, the requirements for audio
system calibration are defined as TOA estimation from one source to one receiver
in some kind of noise and possible reverberation. That means that the source
(loudspeaker/smartspeaker) plays back the calibration signal which is recorded by
the receiver. That could be the smart speaker itself, recording its own signal after
it has been reflected off a wall or recording a signal from another loudspeaker. The
TOA from source to receiver is then estimated. This chapter addresses research
question two defined in chapter 1.

5.1

Testing Framework

TOA estimation in white Gaussian noise was already implemented in the testing
framework in [1]. The maximum likelihood estimator was used. One could run a
Monte-Carlo simulation where the noise was randomly added for every iteration.
It was also possible to compare different signals for different SNRs.
The framework was extended in the following way: an interface was implemented
which enabled the user to select the signals Apple HomePod start up sound,
pseudo-random noise and sine sweep. The interface can be seen in figure 5.1.
One, two or all of them could be selected so that they would be compared against
each other.
Furthermore, one could add different noise types: traffic noise (recorded from
the inside of an apartment), babble noise, impulse noise (from a restaurant) and
25
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Figure 5.1: Testing framework interface TOA estimation performance

white noise. The noise samples were downloaded from https://www.soundjay.
com/index.html and https://freesound.org/. Again, one could select one noise
type, several or all of them which would result in a noise-mix.
It was also possible to define start and end SNRs and the number of Monte-Carlo
simulations. The user could specify if reverberation should be applied to the tested
signal-noise mix. This was possible in three different levels: low, moderate and
high. Low reverberation corresponded to T60 times of 0.5 to 0.2 seconds in figure 5.2. It can be imagined as a damped living room with lots of carpet on the
floor, curtains on the walls and furniture.
Moderate reverberation corresponded to T60 times of 1.1 to 0.7 seconds in figure 5.3. This can be imagined modern design living room with lots of glass all
around and solid walls and furniture.
High reverberation corresponded to T60 times of 1.5 to 1.2 seconds in figure 5.4.
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Figure 5.2: Reverberation times for a low-level reverberation room

This is a rather extreme case which could be an empty living room or a room with
very few objects in it.
One could also select a custom reverberation of a specific room. When a reverberation level was selected RIRs were loaded and convolved with the signal and
noise type. The RIRs were generated using MCRoomSim [22]. The room itself with
source and receiver positions can be seen in appendix A.
After everything was selected, the user could start the calculations. The following pseudo code shows what was happening afterwards. All calculations were
done in Matlab R2018a version: 9.4.0.813654.
1. Read noise type(s) and create combination of noise types, if more than one
noise type
2. Normalise noise mix
3. Convolve with RIR if selected
4. For all signals to be compared
a) Read signals and normalise
b) Delay signals or convolve (convolution already delays the signal)
c) Calculate signal power
d) For all SNRs
i. Calculate resulting noise power
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Figure 5.3: Reverberation times for a moderate-level reverberation room

ii. For number of Monte-Carlo simulations
j. Randomly delay noise mix
jj. Create signal/noise mix
jjj. Estimate TOA
e) Calculate root mean square error (RMSE) between true delay and TOA
estimations
5. Plot results

5.1.1

Testing Results

The perceptually most pleasant sound from chapter 4, the Apple HomePod start
up sound, was tested against the pseudo-random noise as a representative for a
traditional signal for RIR measurement and loudspeaker localisation. The tests
were performed for SNRs -10 to 15 dB and 1000 Monte-Carlo simulations. The
noise types traffic noise, babble noise, impulse noise and a combination of those
noise types were tested. White noise was not tested because it was deemed as an
unlikely scenario. For each variation of noise type none, low, moderate and high
reverberation was added.
All test results can be seen in appendix B. In the following, the most important
findings are discussed and corresponding figures are shown. The RMSE from
the TOA estimation was transformed into meters using the sampling frequency of
44,100 Hz and a speed of sound of 343.21 m/s.
First of all, it became clear that the performance of the pseudo-random noise in
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Figure 5.4: Reverberation times for a high-level reverberation room

terms of TOA estimation is better (lower RMSE) than for the Apple HomePod start
up sound for all tested situations. This was to be expected. It can be seen in figure 5.5. For example, the circled curve for the Apple sound is above (higher RMSE)
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Figure 5.5: TOA estimation babble noise for no, low, moderate and high reverberation

the blue crossed curve for the pseudo-random noise (both no reverberation). Especially large is the difference between the pointed purple curve (Apple) and the
star yellow curve (noise) for low reverberation. But also the curves for moderate
and high reverberation for the pseudo-random noise are below the ones from the
apple sound. Furthermore, it can be seen that only Apple no reverberation and
pseudo-random noise no and low reverberation have an acceptable RMSE (below
1 cm for the Apple sound and below 0.1 mm for the pseudo-random noise). All

30

Chapter 5. Signal Comparison

other curves lie above 1 meter which was defined as a failed TOA estimation.

Root Mean Square Error in meters

It can also seen from figure 5.5 that the RMSE from both Apple sound and pseudorandom noise increases with reverberation. A large increase in RMSE can be noted
for the pseudo-random noise from low reverberation to higher reverberation. There
is not much difference any more from moderate to higher reverberation. Also the
Apple sound is worsening from no reverberation at all to reverberation. What is
weird here, is that the RMSE is only lower for the Apple sound with low reverberation from 5 dB on and higher. Below that, the RMSE is higher for low reverberation
than for moderate and high reverberation. To investigate this further, another calculation was run were only the Apple sound was tested for 5 to 30 dB and again
1000 Monte-Carlo simulations. In figure 5.6 the situation is depicted were the noise
was a combination of all noise types for low, moderate and high reverberation. It
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Figure 5.6: TOA estimation for a combination of all noise types and low, moderate and high reverberation (higher SNRs)

becomes clear that after a threshold SNR the RMSE is increasing in order with low,
moderate and high reverberation. This is also true for every other noise type with
the difference that the threshold SNR varies.
Another observation is that the curves converge when reverberation is present.
With no reverberation the Apple sound and pseudo-random noise RMSEs decrease
continuously.
In the next figure 5.7, no reverberation and RMSEs of Apple sound and pseudorandom noise for different noise types is depicted. It can be seen that the noise
type has some influence on the RMSEs but does not change the overall structure.
It changes the SNR of the Apple sound, though, from that on the RMSE is accept-
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Figure 5.7: TOA estimation for all noise types and no reverberation

able. For example, with babble and impulse noise, the RMSE of the Apple sound is
below 1 cm at -5 dB and higher and therefore acceptable whereas with with traffic
noise, it is acceptable at 5 dB and higher. The RMSE of the pseudo-random noise
is always acceptable.
The overall structure also does not change with the noise type when reverberation is present seen in figure 5.8 for moderate reverberation. But again because
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Figure 5.8: TOA estimation for all noise types and moderate reverberation

of the reverberation the performance of all signals breaks down and lies above 1
meter which is too much. This is actually explainable because the maximum likelihood TOA estimator assumes a free-field.
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An observation which is against the expectation is that the RMSE increases with
an increase of the SNR for pseudo-random noise with moderate and high reverberation regardless of the noise type. At some point it converges, though. This can
be best seen in figure 5.9 for moderate reverberation. This behaviour of increasing
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Figure 5.9: TOA estimation of pseudo-random noise for all noise types and moderate reverberation

RMSE can only slightly be observed for the Apple sound depicted in figure 5.10
for high low reverberation. However, if one looks at higher SNRs like in figure 5.11
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Figure 5.10: TOA estimation of Apple HomePod start-up sound for all noise types and high reverberation

the same behaviour as for the pseudo-random noise is visible. Also, the SNR of the
signals converge does not change with the noise types after a high enough SNR,
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probably because the noise loses its influence. Moreover, it became once more clear
that an RMSE of around 48 meters can not be used as the simulated room is not
even that big. Again, all results for the investigation for the Apple start-up sound
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Figure 5.11: TOA estimation of Apple HomePod start-up sound for all noise types and high reverberation (higher SNRs)

for higher SNRs can be found in appendix B.

5.2

Conclusion

One take-away is that the performance of the Apple sound in terms of TOA estimation is worse than the one from the pseudo-random noise. (The performance
of the sine sweep was not measured but will probably be similar.) This was expected. On the other hand, the Apple sound is perceptually pleasant whereas the
pseudo-random noise is not. The difference in performance between the signals
increases when reverberation is added but is not so much dependent on the corrupting background noise type.
Another take-away is that the TOA estimation is only useful in situations where no
or low reverberation is present as those were the situations where the performance
of the pseudo-random noise was acceptable. (For no reverberation the Apple sound
also had an acceptable performance, depending on the SNR.) The noise type was
not crucial. Assuming that the Apple sound can be modified so that its performance is similar to the one from the pseudo-random noise, those are the situations
were it has to be tested. Another way to increase the performance of the Apple
sound would be to adapt the TOA estimator but it was decided to concentrate on
modifying the signal at this point. Doing so, the TOA estimator assumption can
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be violated in two ways: a different noise than white noise is present or instead
of a free-field, reverberation is added. In figures 5.12 and 5.13 the RMSEs of the
Apple HomePod start up sound and pseudo-random noise are depicted for the
two estimator violations: either having white noise and no, low reverberation (figure 5.12) or white noise and a combination of traffic, babble and impulse noise and
no reverberation (figure 5.13). Basically, the conditions are as expected. Rever-
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Figure 5.12: TOA estimation with white noise and no, low reverberation
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Figure 5.13: TOA estimation with white noise and a combination of noise types and no reverberation

beration increases the RMSE both for the pseudo-random noise and Apple sound,
resulting in the Apple sound not being appropriate enough for TOA estimation.
The combination of noise types increases the RMSE contradicting to white noise
for the Apple sound but not for the pseudo-random noise. Here, the RMSE for the
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noise type combination is lower. This was unexpected but in both cases the TOA
estimation is accurate enough.
In figure 5.14 the estimator assumptions are violated in both ways: a combination of traffic, babble and impulse noise and low reverberation. Here, the pseudorandom noise is suitable for TOA estimation whereas the Apple HomePod start up
sound is not. Those upper mentioned three situations will be the situations where
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Figure 5.14: TOA estimation for a combination of traffic, babble and impulse noise and low reverberation

a modification of the Apple sound will be tested against the pseudo-random noise.

5.3

Summary

In this chapter, a testing framework was described and used for comparing Apple
HomePod start up sound from the last chapter with the pseudo-random noise
for different testing situations. The performance of the pseudo-random noise is
always better than of the Apple sound. Three situations were defined where testing
modifications of the Apple sound, to increase its performance, makes sense:
• white noise present and no, low reverberation
• no reverberation present and whit noise and a combination of traffic, babble
and impulse noise
• a combination of traffic, babble and impulse noise and low reverberation
present
The next task is now to modify the Apple sound so that its performance converges
to the one from the pseudo-random noise in the situations explained above. Before
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doing that, though, real-life measurements are made to check if their results will
be similar to the ones from a simulation in a similar situation within the testing
framework, thus determining if the testing framework delivers valid results. This
will be the topic in the next chapter.

Chapter 6

Real-Life Measurements
In the last chapter, it was concluded through a virtual comparison that the Apple
HomePod start up sound is performing worse than the pseudo-random noise. Furthermore, situations were defined where testing the Apple sound after modification, in order to increase its performance but also remain its pleasantness, against
the pseudo-random noise makes sense. Before modifying the Apple sound, it
has to be verified that the results from the theoretical testing framework used in
chapter 5 can be reproduced in real-life measurements or the other way around.
Therefore, real-life measurements were conducted and based on those the performance of the Apple sound and pseudo-random noise in terms of TOA estimation
was tested. Consecutively, a similar environment like the one used for real-life
measurements was simulated in the testing framework and the performance of the
above mentioned signals was tested as well. The results were compared.

6.1
6.1.1

Real-Life Measurements Set Up
Recordings

The measurements were conducted in the sound lab in the CREATE building of
Aalborg University. Sound was played back through in single bioacoustics dynamics loudspeaker and recorded through a Behringer ECM 8000 omnidirectional
microphone. The distance between them amounted to 2.1 meters, the same as for
the simulation in the testing framework. It has to be noted that the exact point
of emission of the loudspeaker was not defined. Loudspeaker and microphone
were connected to a PC through the PreSonus AudioBox 1818 VSL. A photo of the
testing environment can be seen in figure 6.1. Previous to the test, audio files were
created with signal noise mixes. The signals were the Apple HomePod start up
sound and the pseudo-random noise. Based on the conclusion in chapter 5 that
the noise type has not much influence on the performance of the signal, it was
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Figure 6.1: Testing environment for real-life measurements

decided to use a combination of all noise types (traffic, babble and impulse noise)
and white noise. The SNRs were chosen to be 10 and 15 dB to reach a state were
the RMSE of the signals has already converged (also based on chapter 5). For each
signal noise mix, ten audio files were produced with randomly delayed noise. In
total 80 audio files were played back and recorded.
The measurements were conducted with the ITA-toolbox [7] in Matlab. It was
played back and recorded simultaneously. Prior to the measurements, the delay of
the PreSonus sound card was measured to see the exact delay according to the distance from the microphone to the loudspeaker in the recordings. The delay of the
loudspeaker was not measured but an examination of the RIR matched the measured distance. Unfortunately, the created audio files were periodically delayed as
well so that the delay of the recorded signal resulted in two times the distance, that
is 4.2 meters. This was post-corrected.
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6.1.2

Results

Root Mean Square Error in meters

The recordings and original signals (Apple sound, pseudo-random noise) were
used to estimate the TOA from loudspeaker to the microphone which can be used
to calculate the distance. The was the defined measure of performance of the signal. Since the true distance and delay was known the RMSE was calculated for
every of the ten different signal noise mixes for every different situation. The results are depicted in figure 6.2. The RMSE was transformed into distance using the
sampling frequency of 44,100 Hz and a speed of sound of 343.21 m/s. It can be
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Figure 6.2: TOA estimation for real-life measurements

seen that the RMSE of the pseudo-random noise for white noise only and a combination of traffic, babble and impulse noise is lower than for the Apple HomePod
start up sound for the same noise types. That is corresponding to previous results.
In figure 6.3 only the results of the pseudo-random noise is plotted. The RMSE
ranges from around 2.1 cm to 2.5 cm. The RMSE for white noise is lower than for
a combination of noise types. In both cases the RMSE is increasing with increasing
SNR which was also observed in previous results. The RMSE was deemed still
acceptable. The RMSE for the Apple sound lies around 2.3 meters. White noise
and combination of noise types are barely different from each other. This can be
seen in figure 6.4. This RMSE is not acceptable any more.

6.2

Testing Framework set up

In order to simulate an environment which is similar to the sound lab where the
real-life measurements were conducted, the RIR of the sound lab had to be measured. The same set up was used as for the recordings, although with a different
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Figure 6.3: TOA estimation for real-life measurements, only pseudo-random noise

microphone: the G.R.A.S 40PP CCP Free-Field QC microphone. The RIR was also
measured using the ITA-toolbox [7] using an exponential sine sweep ranging from
20 - 22,050 Hz. It was checked that the delay in the RIR matched the distance 2.1
meters from microphone to loudspeaker.
Later on, RIR measurements were again conducted with multiple loudspeaker and
microphone positions following the standard [13]. The measurement process is
described in detail in appendix C. One of the newly measured RIR was used to
calculate the early decay times of the sound lab. Figure 6.5 depicts them. The early
decay times from the sound lab are relatively low. At around 50 Hz is the highest time of around 0.7 seconds. with higher frequencies the times decrease with
around 0.3 seconds from 1000 Hz on. The times are comparable with the low reverberation room simulation in figure 5.2. Here, the RT60 times ranged 0.5 seconds
for lower frequencies (125 Hz) and 0.2 seconds for higher frequencies (4000 Hz).
This is an argument for testing signal modifications in the low reverberation case
in the testing framework because it the results could be repeated using real-life
measurements in the sound lab. Furthermore, TOA estimation works in both situations with the pseudo-random noise.
After obtaining the RIR from the first measurement, it was used in the testing
framework described in chapter 5. The signals Apple HomePod start up sound
and pseudo-random noise were mixed with both a combination of traffic, babble
and impulse noise and white noise from 10 to 15 dB and 1000 Monte-Carlo simulations. The measured RIR was loaded. Different signal-noise mixes were generated
as for the real-life measurements.
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Figure 6.4: TOA estimation for real-life measurements, only Apple HomePod start up sound

6.2.1

Results

Figure 6.6 shows the results from the testing framework simulating the real-life
measurements environment. Figure 6.6 looks similar to figure 6.2. The RMSE of
the pseudo-random noise is lower than the RMSE of the Apple HomePod start up
sound. The noise type did not change the RMSE a lot. Following the same procedure as before, only the RMSEs of the pseudo-random noise and Apple sound
ins plotted, starting with the pseudo-random noise in figure 6.7. The RMSEs of the
two noise types lie very close together, around 8.5 mm. The RMSE of the real-life
measurements ranged from 2.1 cm to 2.5 cm. Contradicting to the combination of
noise types for the real-life measurements, the RMSE for the pseudo-random noise
for the testing framework decreased with increasing SNR even though with a very
small amount.
The RMSEs for the testing framework and Apple sound lie around 2.4 meters,
seen in figure 6.8. The noise types are marginal different from each other. The
RMSEs from the real-life measurements lied around 2.3 meters. Again, the performance of the pseudo-random noise is acceptable whereas the performance of the
Apple sound is not.

6.3

Comparison between real-life measurements and testing framework

The following table 6.1 lists the RMSE differences in centimetres between real-life
measurements and the testing framework. It can be seen that the highest differ-
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Figure 6.5: Early decay times sound lab Aalborg University
Table 6.1: RMSE differences in centimetres between real-life measurements and testing framework

Combined Noise Types

White Noise

10 dB

15 dB

10 dB

15 dB

Apple HomePod start-up sound

2.9

3.0

3.0

3.0

Pseudo-random Noise

1.4

1.6

1.2

1.2

ence is 3.0 centimetres. That error is reasonably small and could be, for instance,
caused by inaccuracies in measuring distances in the measurement environment,
unknown location of the exact point of emission of the loudspeaker or unknown
loudspeaker delay.

6.4

Summary

In this chapter, the performance of the Apple HomePod start up sound and the
pseudo-random noise were compared both through real-life measurements and the
testing framework from chapter 5, simulating the measurement environment. The
results were similar with a maximal difference of 3.0 cm. The error was deemed
small enough to conclude that the testing framework works accurate enough so
that it can be used to test modified versions of the Apple sound with the goal
to increase its performance. This is done in the next chapter. With the results
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Figure 6.6: TOA estimation using the testing framework simulating the real-life measurements environment

in chapter 5 and the validation in this chapter, research question two form chapter 1 is answered, whereas it was not investigated how signals cope with non-ideal
loudspeakers and microphones.
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Figure 6.7: TOA estimation using the testing framework simulating the real-life measurements environment, only pseudo-random noise
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Figure 6.8: TOA estimation using the testing framework simulating the real-life measurements environment, only Apple HomePod start up sound

Chapter 7

Signal Modifications
After finding a pleasant signal, compared to others, which can possibly be used
for automated audio system calibration, testing its performance in terms of TOA
estimation against a traditional signal within a testing framework and conducting
real-life measurements to ensure the validity of the testing framework results, this
chapter addresses possible methods to modify the Apple HomePod start up sound.
Doing this, research question three from chapter 1 will be in focus. The modification became necessary because the Apple sound did not deliver an acceptable
accuracy in TOA estimation from one source to one receiver, which was defined
to be the simplest case for automated audio system calibration. The performance
of the traditional signal (pseudo-random noise) was always better, especially in
the test scenario where reverberation is present. Only in the case where white
noise with no reverberation was present, the performance of the Apple sound was
acceptable throughout all tested SNRs. But also here, the pseudo-random noise
outperformed the Apple sound by far.
In the following, different techniques are applied to the Apple sound. The modified Apple sound is then tested with the testing framework in the defined testing
scenarios in chapter 5, to see how the modification affected its performance in comparison to the original Apple sound and pseudo-random noise. Best case scenario
would be if the modification would cause a performance which is equal or close
to the one from the pseudo-random noise with no or less loss in perceptual audio
quality.

7.1

Spectral Envelope Estimation

The idea behind spectral envelope estimation is that the spectral envelope of a well
performing signal in terms of TOA estimation is estimated and applied to the Apple sound. (It was also tried to estimate the spectral envelope of the Apple sound
45
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and apply it to pseudo-random noise but that made the Apple sound unrecognisable) The assumption was that spectral characteristics of a well performing signal,
e.g. frequency content, could be transferred to the Apple sound so that its performance would increase but still remain its pleasantness with a certain trade-off.
The following pseudo code explains how the spectral envelope estimation and
application was implemented in Matlab. The estimation was based on the iterative
cepstrum/true envelope, [2, 10, 20].
1. Load audio signal which shall be used for the spectral envelope (extractsignal)
2. Load audio signal where the spectral envelope should be applied to (applysignal)
3. Calculate the short time Fourier transform (STFT) of the apply-signal
4. Estimate the spectral envelope of the whole extract-signal length using 50
iterations
5. Apply the estimated spectral envelope to each segment of the apply-signal
6. Reconstruct the apply-signal using the overlap add method
Firstly, the spectral envelope of the pseudo-random noise was estimated and applied to the Apple sound. A first test with just 100 Monte-Carlo iterations within
the testing framework resulted in a bad performance, though. Consecutively, the
spectral envelope of a recording of the author’s unvoiced speech (ZHH-sound) was
used because its performance was promising in the preceding semester project [1].
The results are shown in the next figures. Figure 7.1 depicts the results of the
first test scenario (white noise and no, low reverberation present). It can be seen
that the application of the spectral envelope almost did not change anything for
the white noise, no reverberation case compared to the original sound. For the
white noise, low reverberation case, the RMSE was decreased after 0 dB SNR. It
has to be noted though, that there is still an error of approximately one meter for
the modified Apple sound for 15 dB SNR, thus the modified signal is not suitable
for TOA estimation and none of the signals certainly reach the performance of the
pseudo-random noise.
Figure 7.2 depicts the second test scenario (no reverberation, white noise and a
combination of noise types). Here, the application of the spectral envelope even
worsened the performance of the modified Apple sound for the combination of
noise types case as in that it reaches the performance of the original Apple sound
at 10 dB SNR, contradicting to 0 dB SNR before. At those SNRs the performance is
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Figure 7.1: TOA estimation, first test scenario, spectral envelope estimation

acceptable with less than a centimetre, but as mentioned it was already acceptable
with the original Apple sound.
The third test scenario was the case when a combination of noise types together
with low reverberation is present. This is visualised in figure 7.3. The RMSE of the
modified Apple sound is higher than the original Apple sound, thus no improvement.
The conclusion of the spectral envelope estimation method is that the modified
Apple sound could not be improved to an acceptable performance.

7.2

Audio Coding

The principle of a lossy audio coding algorithm is that the size of the audio file is
reduced with no perceptual audible decrease in audio quality. In order to achieve
that, the masking curves of an audio file are computed segment wise. Then the bit
rate of the file is reduced which causes increased quantisation noise. This quantisation noise is allocated to areas below the masking threshold so that it is not
audible. The lossy audio coding principle was selected as a method to increase the
TOA estimation performance of the Apple HomePod start up sound, because although the increased quantisation noise is not audible it will still be detected by the
microphone and hopefully increase TOA estimation. This assumption is made because it was found in [1] that frequency content, especially high frequency content
helps the maximum likelihood estimator when no violations are made. This was
concluded based on the Cramer-Rao lower bound for that estimator. The MPEG 1
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Figure 7.2: TOA estimation, second test scenario, spectral envelope estimation

layer 3 (mp3) [4] algorithm was used for audio coding. The bit rate was set to 32
kbits/second, fast encoding with 44,100 Hz sampling frequency and no lowpass
filtering. A Matlab implementation from Dan Ellis (https://se.mathworks.com/
matlabcentral/fileexchange/13852-mp3read-and-mp3write) was used to write
the mp3-file from the original wav-file using the lame encoder.
The modified mp3 version of the original Apple sound was again tested in the
three test scenarios. The results a depicted in the next figures. Figure 7.4 shows
the test scenario one where white noise and no, low reverberation is present. It
can be seen that the audio coding neither gives an improvement for the no reverberation case, nor for the low reverberation case. The RMSEs of the original and
modified Apple sounds are similar. The RMSEs of the pseudo-random noise is
much lower. Same goes for the second test scenario in figure 7.5. And again in the
third test scenario (figure 7.6) no significant changes of the RMSEs could be found.
In can be concluded that the audio coding approach did not improve/change the
performance of the Apple HomePod start up sound.

7.3

Masking Curves

Masking curves are computed during the mp3-algorithm in order to know at which
frequencies and how much quantisation noise can be added to reduce the audio
file. The only control one has over the amount of quantisation noise to be added is
the resulting bit rate of the mp3-file. In order to have direct control of how much
and what type of signal shall be added to the original signal, the masking curves
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Figure 7.3: TOA estimation, third test scenario, spectral envelope estimation

were computed based on the psychoacoustic model of the MPEG 1 algorithm [4].
The goal was to add as much of the well performing pseudo-random noise to
the Apple sound to increase its performance but still keep the noise inaudible or
slightly audible.

7.3.1

Psychoacoustic Model

In the following, the MPEG 1 psychoacoustic model is described based on [21].
The algorithm is divided into five steps. Firstly, the signal is normalised and the
STFT is performed. The normalisation is performed so that spectral components
can be expressed in sound pressure level (SPL). The normalisation guarantees that
a 4 kHz signal of +/- 1 bit amplitude is associated with an SPL near 0 dB which is
close to the hearing threshold. If one has a full scale signal, for instance a sinusoid,
it would result in an SPL near 90 dB.
The incoming signals are normalised according to the discrete Fourier transform
(DFT) length N and the number of bits per sample b following equation:
x (n) =

s(n)
N (2b −1 )

(7.1)

Subsequently, the power spectral density (PSD) as part of the STFT is calculated
with a certain hanning window size, DFT-length, and overlap with equation
2

N −1

P(k ) = PN + 10 lg

∑

n =0

w(n) x (n)e

− j 2πkn
N

, 0≤k≤

N
2

(7.2)
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Figure 7.4: TOA estimation, first test scenario, audio coding

The power normalisation term PN is fixed at 90.302 dB.
The second step is the identification of tonal and noise maskers. Tonal maskers
have a local maxima in the PSD that exceed neighbouring components within a
certain Bark distance by at least 7 dB. The positions are defined as
{
}
P ( k ) > P ( k ± 1),
ST = P(k )
(7.3)
P(k ) > P(k ± ∆k ) + 7 dB
where




2
2 < k < 63
(0.17 − 5.5 kHz)
∆k ∈
[2, 3] 63 ≤ k < 127 (5.5 − 11 kHz)

[2, 6] 127 ≤ k ≤ 256 (11 − 20 kHz)

(7.4)

Tonal maskers PTM (k) are then computed from the spectral peaks listed in ST as
follows
1

PTM (k ) = 10 lg

∑

100.1P(k+ j) (dB)

(7.5)

j=−1

In words, for each neighbourhood maximum, energy from three adjacent spectral
components centred at the peak are combined to form a single tonal masker. Single
noise maskers are computed for each critical band and from the remaining spectral
lines not used for tonal masker computation. They are defined as
PNM (k ) = 10 lg ∑ 100.1P( j) (dB), ∀ P( j) ∈
/ { PTM (k, k ± 1, k ± ∆k }
j

(7.6)
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Figure 7.5: TOA estimation, second test scenario, audio coding

where

(
k=

u

)1/(l −u+1)

∏j

(7.7)

j=l

l and u are the critical band boundaries. As a consequence, residual energy within
a critical band which is not associated with tonal maskers must be noisy. Or spectral components which have not contributed to tonal maskers, contribute to a single
noisy masker for each band.
Step 3 is for decimation and reorganisation of previously computed maskers in
order to reduce the number of maskers. First of all, all maskers which are below
the absolute hearing threshold are discarded:
PTM,NM (k ) ≥ Tq (k )

(7.8)

with Tq (k ) being the absolute hearing threshold in quiet. Afterwards, a sliding 0.5
Bark-wide window is used to replace any pair of maskers within a 0.5 Bark distance
by the stronger of the two. Then the frequency bins are reorganised according to
the subsampling scheme:

with

PTM,NM (i ) = PTM,NM (k )
PTM,NM (k ) = 0

(7.9)

k,
1 ≤ k ≤ 48
i=
k + (k mod 2),
49 ≤ k ≤ 96

k + 3 − ((k − 1) mod 4), 97 ≤ k ≤ 232

(7.10)
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Figure 7.6: TOA estimation, third test scenario, audio coding

With this reorganisation, a reduction of masker bins without loss of masking components is achieved.
Step 4 is dedicated to calculate the individual masking thresholds. For every tonal
or noise masker a masking threshold, representing the masking contribution at
frequency bin i, is computed at the corresponding frequency bin j which was frequency bin i after reorganisation. The individual masking thresholds for tonal
maskers are
TTM (i, j) = PTM ( j) − 0.275 Zb ( j) + SF (i, j) − 6.025 (dB SPL)

(7.11)

Zb ( j) is the Bark frequency of bin j and SF (i, j) is the spread of masking from
masker bin j to masked bin i:

17∆Zb − 0.4PTM ( j) + 11,
−3 ≤ ∆Zb < −1



(0.4PTM ( j) + 6)∆Zb ,
−1 ≤ ∆Zb < 0
SF (i, j) =
(dB SPL)

−
17∆
,
0 ≤ ∆Zb < 1
Zb


(0.15PTM ( j) − 17)∆Zb − 0.15PTM ( j),
1 ≤ ∆Zb < 8
(7.12)
where
∆Zb = Zb (i ) − Zb ( j)
(7.13)
The spread function SF (i, j) approximates the spreading on the basilar membrane.
The spread of masking is constrained to a 10-Bark neighbourhood for computational efficiency. The individual noise masker thresholds are computed as
TNM (i, j) = PNM ( j) − 0.175 Zb ( j) + SF (i, j) − 2.025 (dB SPL)

(7.14)
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The spread function SF (i, j) is obtained in the same way.
Step 5 is the calculation of a global masking threshold for the current segment.
For that, the individual masking thresholds for each frequency bin are combined
to estimate a global masking threshold. This follows the assumption that masking
effects are additive. The global masking threshold is defined as
)
(
L

Tg (i ) = 10 lg 100.1Tq (i) + ∑ 100.1TTM (i,l ) +
l =1

M

∑ 100.1T

NM (i,m )

(dB SPL)

(7.15)

m =1

L and M is the total number of tonal and noise maskers respectively. The global
masking threshold is a signal-dependent, power-additive modification of the absolute hearing threshold due to basilar spread of all tonal and noise maskers in the
signal power spectrum for each frequency bin [21].

7.3.2

Code Implementation

An implementation of the psychoacoustic model was used from [19]. The following
pseudo code explains how the masking threshold computation was used to add
noise to the Apple sound:
1. Load the audio file which shall be modified, scale and normalise it
2. Compute the global masking thresholds segment wise according to the MPEG
1 psychoacoustic model
3. Load the audio file which shall be added to the signal, scale and normalise it
4. Compute amplitude values of SPL masking threshold values
5. Extract the start and end samples of the windows used for segment wise
computation within the psychoacoustic model
6. Interpolate global masking thresholds for each segment for all frequency bins
and multiply it with the noise to be added to the signal in the frequency
domain
7. Transfer shaped noise back to time domain and add it to the signal within
the start and end samples of the current segment window (computed earlier)

7.3.3

Results

The following figures depict again the performance of the modified Apple sound in
terms of TOA estimation in comparison to the original Apple sound and pseudorandom noise for the three test scenarios. Figure 7.7 visualises the first test scenario where white noise and no, low reverberation is present. As can be seen, the
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addition of pseudo-random noise to the Apple sound according to the masking
thresholds almost did not change the TOA estimation RMSE at all. The same goes
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Figure 7.7: TOA estimation, first test scenario, masking thresholds

for the seconds test scenario with no reverberation and a combination noise types
in figure 7.8. And finally, also for the third test scenario where a combination of
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Figure 7.8: TOA estimation, second test scenario, masking thresholds

noise types and low reverberation is present, the addition of pseudo-random noise
practically did not change the result (figure 7.9).
Concluding must be said that despite the effort of calculating the masking thresholds of the Apple HomePod start up sound and using them to add pseudo-random
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Figure 7.9: TOA estimation, third test scenario, masking threshold

noise below perception, no improvement in terms of TOA estimation could be
achieved.

7.4

First Conclusion and Further Investigation

All of the three applied methods with the goal to increase the TOA estimation
performance of the Apple sound failed. No acceptable RMSE could be achieved.
Therefore, a new attempt with a different approach was made. This time, the
idea was to estimate the spectral envelope from the Apple sound and apply it to
the pseudo-random noise. This resulted in a signal which still sounded like the
pseudo-random noise but more low-frequent according to the spectrum of the Apple sound which has most of its energy in low frequencies. The plan then was to
add the signal to the Apple sound. It was hoped that although the pseudo-random
noise is audible, it would not be noticed much because it has the same spectral
envelope as the Apple sound. Before doing that, though, it was checked if the
performance of the modified pseudo-random noise was good enough.
Figure 7.10 depicts the TOA estimation performance for the first test scenario with
white noise and no, low reverberation. It is apparent that the RMSE from the
modified pseudo-random noise did not change in comparison to the original Apple sound (asterisk-marker, yellow curve and circle-marker, red curve) for white
noise and no reverberation. For low reverberation and white noise, it did change
(square-marker, blue curve and cross-marker, green curve) but the RMSE of the
modified pseudo-random noise is still around 5 meters, thus too high. No sufficient performance could be realised for the second and third test scenario either.
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Figure 7.10: TOA estimation, first test scenario, pseudo-random noise with spectral envelope of the
Apple HomePod start up sound

The figures can be found in appendix D.
It was hypothesised from this that high frequency content of the original pseudorandom noise is crucial for its performance. This observation is coherent with [5]
where time differences of arrival of mobile station locations are estimated. The authors write that “spread spectrum signals, due to their wide bandwidth, are well
suited for TOA estimation”. That means that the Apple sound cannot reach the
performance of the pseudo-random noise in terms of TOA estimation unless high
frequency content is added.
Therefore, a new approach was tested to increase the TOA estimation performance
of the Apple HomePod start up sound. Basis was again the calculation of the masking curves. But this time, only pseudo-random noise with high frequency content
was added. The frequency range was chosen based on the exemplary masking
curve of one segment visualised in figure 7.11. (The masking curves for all other
segments were relatively similar to each other.) Here, one can see that the masking curve has its highest levels in lower frequencies until approx. 1000 Hz. After
decreasing it increases again around 4000 Hz to 6000 Hz. The frequency content
which was used began from approx. 8000 Hz until half the sampling frequency. In
that range, the masking curve increases once more. Another reason for the choice
that only pseudo-random noise of higher frequencies was added was that it was
less audible and disturbing than low frequencies. This is important because in
order to achieve an acceptable performance the pseudo-random noise has to be
added beyond the masking curve (factor 33 (factor 1 would be according to the
masking curve)).
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Figure 7.11: Masking curve based on the Apple sound of one segment

The TOA estimation performance of the newly modified Apple sound for the first
test scenario with white noise and no, low reverberation is shown in figure 7.12.
It can be seen that the RMSEs from the modified Apple sound decreased signif-
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Figure 7.12: TOA estimation, first test scenario, adding only high frequency pseudo-random noise
according to masking thresholds

icantly. In the case of white noise and no reverberation, the RMSE of the Apple
sound is even lower than the one from the pseudo-random noise. When white
noise and low reverberation is present, the RMSE of the modified Apple sound
reaches the RMSE of the pseudo-random noise in that condition at 5 dB SNR.

58

Chapter 7. Signal Modifications

Figure 7.13 visualises the second test scenario. Also in this case, the RMSE of

Root Mean Square Error in meters

104

PseudoWhiteNone.fig
AppleWhiteNone.fig
AppleMaskThresHighFreqWhiteNone.fig
PseudoAllNone.fig
AppleAllNone.fig
AppleMaskThresHighFreqAllNone.fig

102
100
10-2
10-4
10-6
10-8

-10

-5

0

5

10

15

SNR in dB per sample

Figure 7.13: TOA estimation, second test scenario, adding only high frequency pseudo-random noise
according to masking thresholds

the modified Apple sound decreased a lot, again below the pseudo-random noise
RMSE.
And finally, the third scenario in figure 7.14. Again, the RMSE of the modified
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Figure 7.14: TOA estimation, third test scenario, adding only high frequency pseudo-random noise
according to masking thresholds

Apple sound decreased significantly but reached the pseudo-random noise RMSE
first at 10 dB SNR.

7.5. Final Conclusion
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Another modified Apple HomePod start up sound was created where even more
high frequency pseudo-random noise was added so that the performance of the
modified Apple sound and original pseudo-random noise was relatively similar.
The plots can be found in appendix D.
The new modification of the Apple sound came with a price. The added noise
was audible. The Apple sound was still well audible too but one could clearly hear
the noise in the background. It was not as annoying as low frequency noise but still
decreased the perceived audio quality. With good will, one could say that the noise
sounded a little bit like the crackling when small timbers are on fire. But overall
the modified sound is not particularly pleasant and probably not sufficient for audio system manufactures, but it was the best trade-off which could be achieved so
far. As for the case where even more noise was added (factor 58) the noise became
more audible whereas the Apple sound was less audible. Note that the sound perception description was based on the author’s subjective opinion only and was not
based on a listening test.
One problem which could be occurring when only high frequency pseudo-random
noise is added, is spatial aliasing. Spatial aliasing occurs when the receiver is a microphone array, which is mostly the case in smart speakers. When the recorded
signal’s frequency is too high and the microphones of the array are spaced too far
from each other, ambiguities in the received signal can appear. For example if a
signal of 10,000 Hz should be detected the spacing of the microphones must be
less than 1.72 cm according to
c
d<
(7.16)
2· f
with c being a speed of sound (e.g. 343.21 m/s) and f the frequency. In the case
of TOA estimation with one source and receiver, this will not be problem and the
modified Apple sound has not only high frequency content, which helps. But the
problem has to be kept in mind when more complicated conditions shall be solved.

7.5

Final Conclusion

In this chapter, the Apple HomePod start up sound was modified in order to
achieve a better TOA estimation performance. The methods spectral envelope estimation, audio coding and masking curve calculation with subsequent noise adding
were applied to the Apple sound. The modified Apple sound was then tested with
the validated testing framework in the defined testing scenarios described in chapter 5. The results was that none of the tested methods could increase the TOA
estimation performance to an acceptable level. It was further hypothesised that
with the spectral envelope of the original Apple sound, it is not possible to reach

60

Chapter 7. Signal Modifications

an acceptable performance. Instead high frequency content is crucial. As a consequence, only high frequency pseudo-random noise was added to the original
Apple sound beyond its masking thresholds. The result was a significant increase
of TOA estimation performance to an acceptable level but with a decrease in perceptual quality (subjective opinion). With this result research question 3b) from
chapter 1 was addressed.

Chapter 8

Conclusion
8.1

Project Summary

This master thesis has dealt with the problem of automated audio system calibration. A part of the calibration process is to estimate the locations of the loudspeakers and the listener. With that information, the so called sweet spot can be realised.
Besides estimating the positions of the loudspeakers and the listener, another part
of the calibration process is to compensate for room acoustics. A simplified version of that could be that one adjusts the low frequency response of a loudspeaker
when it is close to the wall.
The idea was that the calibration process should automatically start when the
audio system is switched on. The loudspeakers should play back a calibration
signal which is recorded by microphones. Preferably, the microphones should be
integrated in the loudspeakers which is the case in modern smart speakers. The
calibration signal should be pleasant because it would be heard often. This was
the focus of this work: finding a pleasant calibration signal which is also suitable
for automated audio system calibration.
In order to solve this problem, it was simplified to the case where the time of
arrival (TOA) should be estimated from one loudspeaker to one microphone. This
information can be used to calculate the distance between them which is the first
step to create a map over loudspeakers. The TOA estimation should work in corrupting noise, reverberation or both.
Firstly, effort has been made to define what characteristics a perceptually pleasant calibration signal should have to be suitable for automated audio system calibration. To that end, experts from Bang & Olufsen and Audiowise have been
interviewed. A number of important characteristics were identified. The calibra61
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tion sound should be pleasant, not annoying, not too long, exciting and being
associated with high quality and expensiveness. Moreover, the functionality of the
sound, the experience people should have with it and a target group was identified, too. The gained knowledge was used to further research the area of sound
design. The goal was to be able to design and choose sounds which would fulfil
the perceptual requirements on a calibration signal. Research was reviewed for
product-sound design, semiotics in the context of product-sound design and psychoacoustics and sound quality. This knowledge was applied to design a sound.
Furthermore, three other sounds were selected which were also possible candidates.
A listening experiment was conducted to find out how participants rated the chosen and designed sounds based on attributes important for a possible calibration
sound. Participants rated the Apple HomePod start up sound significantly higher
than the others. Consequently, this sound was chosen for further analysis.
After making sure that the perceptual qualities were the best of the chosen sounds,
the TOA estimation performance was tested of the Apple sound against the traditional, well performing pseudo-random noise within a testing framework. In
this framework, one could simulate different noise types and levels of reverberation and calculate an RMSE in meters for a number of Monte-Carlo simulations.
The outcome was that the pseudo-random noise outperformed the Apple sound
especially when reverberation was present. Additionally, three test scenarios were
defined in which a modification of the Apple sound, with the intention to increase
its TOA estimation performance, should be tested. The first test scenario consists of
white noise and no, low reverberation, violating the TOA estimator in the free-field
assumption. In the second test scenario, no reverberation was present and white
noise and a combination of other noise types, violating the white noise assumption
of the TOA estimator. In the third test scenario a combination of noise types and
low reverberation were present. Both the free-field and white noise assumption of
the TOA estimator were violated. In those test scenarios the pseudo-random noise
delivered acceptable RMSEs so a modification of the Apple sound could theoretically increase its performance to an acceptable performance, too.
Subsequently, real-life measurements were completed to validate the results from
the test framework. The compared results were, within a reasonable margin of error, similar. Thus, the testing framework delivered valid results and could be used
for further testing.
Afterwards, different methods of modifying the Apple sound were applied, attempting to increase its TOA estimation performance. It was found that the spec-
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tral content of the Apple sound makes a good TOA estimation impossible when reverberation is present. It was furthermore hypothesised that a wide spectral bandwidth is crucial for TOA estimation. So, high frequency pseudo-random noise was
added to the original Apple sound according to its masking thresholds but well
above them. The result was an acceptable TOA estimation performance but with a
considerable loss of perceptual quality (the high frequency pseudo-random noise
was clearly audible).

8.2

Future Work

The modification of the Apple sound has be be improved so that it retains its perceptual quality but still yields a better TOA estimation performance. To that end,
the hypothesis that a wide spectral bandwidth is crucial for TOA estimation has to
be investigated further. It would be interesting to find out whether one should attempt to obtain a flat spectral bandwidth or if only high frequencies are important.
Furthermore, it could also be the case that just having low frequencies reduces the
TOA estimation performance. Moreover, it has to be investigated how reverberation (especially in low frequencies) changes the situation. Maybe, low frequency
content is only disadvantageous when reverberation is present, maybe it is disadvantageous is general.
Finally, when a method is found which increases the TOA estimation performance
of the Apple sound to an acceptable level but does not or only slightly reduce the
perceptual quality, the use case could be made more complicated, i.e. testing the
performance when multiple loudspeakers are present. With this, other practical
issues need to be addressed. How do one organise the playback over the loudspeakers? Shall they all play back the same signal subsequently? What happens if
one has ten loudspeakers? Playing back the calibration signal ten times is clearly
too often. Maybe a combination of signals which fit together could be played. But
the duration of the whole process has to be short enough. If one finds a method
to increase the TOA estimation of any signal then audio system calibration could
be integrated in the normal use of the system modifying any signal which the user
choose to play back. Maybe the modified calibration signal can even be used to
obtain impulse responses of the listening environment. They could be used to adjust the frequency response of the loudspeakers depending on the room and their
position. Another problem is to localise the listener being able to achieve the sweet
spot. How does one do that without involving an action of the user other than
operating the audio system in the usual way.
A different aspect one has not looked at in this work is how the TOA estimator
influences the results. As mentioned above, it is only valid for the assumptions
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that white Gaussian noise is present and the free-field assumption is valid. An
adaptation of the estimator to a different situation might improve the results.
The problem of automated audio system calibration is far from being solved but
the knowledge and results obtained through this work are useful for further research in that area.
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Appendix A

Reverberation times MCRoomSim
For calculating the RIRs the room depicted in figure A.1 was simulated. It was

Figure A.1: Room simulated in MCRoomSim [22] with source and receiver locations for RIR calculation

9 meters long, 4 meters wide and 3 meters high. Source and receiver were 2.1
meters apart from each other and both omnidirectional. All walls had the same absorption coefficients and only specular reflections were enabled. Enabling diffuse
reflections, too caused incomprehensible results. For example, performances were
much better for higher reverberation than for lower.
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Appendix B

Testing Results TOA Performance
Estimation
B.1

Apple HomePod Start Up Sound versus Pseudo-Random
Noise

Shown are results from the TOA estimation performance comparing the Apple
HomePod start up sound and pseudo-random noise from -10 dB to 15 dB SNR for
1000 Monte-Carlo simulations for different noise types and reverberation.

B.1.1 Raw data
Figure B.1 depicts the comparison for traffic noise and no reverberation. Figure B.2
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Figure B.1: TOA estimation for 1000 Monte-Carlo simulations, traffic noise, no reverberation
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depicts the comparison for traffic noise and low reverberation. Figure B.3 depicts
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Figure B.2: TOA estimation for 1000 Monte-Carlo simulations, traffic noise, low reverberation

the comparison for traffic noise and moderate reverberation. Figure B.4 depicts the
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Figure B.3: TOA estimation for 1000 Monte-Carlo simulations, traffic noise, moderate reverberation

comparison for traffic noise and high reverberation. Figure B.5 depicts the comparison for babble noise and no reverberation. Figure B.6 depicts the comparison for
babble noise and low reverberation. Figure B.7 depicts the comparison for babble
noise and moderate reverberation. Figure B.8 depicts the comparison for babble
noise and high reverberation. Figure B.9 depicts the comparison for impulse noise
and no reverberation. Figure B.10 depicts the comparison for impulse noise and
low reverberation. Figure B.11 depicts the comparison for impulse noise and moderate reverberation. Figure B.12 depicts the comparison for impulse noise and high
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Figure B.4: TOA estimation for 1000 Monte-Carlo simulations, traffic noise, high reverberation

reverberation. Figure B.13 depicts the comparison for a combination of traffic, babble and impulse noise and no reverberation. Figure B.14 depicts the comparison
for a combination of traffic, babble and impulse noise and low reverberation. Figure B.15 depicts the comparison for a combination of traffic, babble and impulse
noise and moderate reverberation. Figure B.16 depicts the comparison for a combination of traffic, babble and impulse noise and high reverberation.

B.1.2 Combined Data
In the next figures the data is combined as follows: first all TOA estimation RMSEs
are depicted for each reverberation level and one noise type in the same figure.
Then all TOA estimation RMSEs for each noise types are depicted together in the
same plot for one reverberation level.
Figure B.17 depicts the comparison combined for traffic noise and none, low, moderate and high reverberation. Figure B.18 depicts the comparison combined for
babble noise and none, low, moderate and high reverberation. Figure B.19 depicts
the comparison combined for impulse noise and none, low, moderate and high
reverberation. Figure B.20 depicts the comparison combined for a combination of
traffic, babble and impulse noise and none, low, moderate and high reverberation.
Figure B.21 depicts the comparison for traffic, babble and impulse noise and no
reverberation. Figure B.22 depicts the comparison for traffic, babble and impulse
noise and low reverberation. Figure B.23 depicts the comparison for traffic, babble
and impulse noise and moderate reverberation. Figure B.24 depicts the comparison
for traffic, babble and impulse noise and high reverberation.
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Figure B.5: TOA estimation for 1000 Monte-Carlo simulations, babble noise, no reverberation

B.2

Only Apple StartUp Sound

In the following a further investigation was conducted for TOA estimation performance for the the Apple HomePod start up sound only and SNRs from 5 to 30 dB
for 1000 Monte-Carlo simulations for different noise types and reverberation.

B.2.1 Raw Data
Figure B.25 depicts the RMSE for traffic noise and no reverberation. Figure B.26
depicts the RMSE for traffic noise and low reverberation. Figure B.27 depicts the
RMSE for traffic noise and moderate reverberation. Figure B.28 depicts the RMSE
for traffic noise and high reverberation. Figure B.29 depicts the RMSE for babble
noise and no reverberation. Figure B.30 depicts the RMSE for babble noise and low
reverberation. Figure B.31 depicts the RMSE for babble noise and moderate reverberation. Figure B.32 depicts the RMSE for babble noise and high reverberation.
Figure B.33 depicts the RMSE for impulse noise and no reverberation. Figure B.34
depicts the RMSE for impulse noise and low reverberation. Figure B.35 depicts
the RMSE for impulse noise and moderate reverberation. Figure B.36 depicts the
RMSE for impulse noise and high reverberation. Figure B.37 depicts the RMSE for a
combination of traffic, babble and impulse noise and no reverberation. Figure B.38
depicts the RMSE for a combination of traffic, babble and impulse noise and low
reverberation. Figure B.39 depicts the RMSE for a combination of traffic, babble
and impulse noise and moderate reverberation. Figure B.40 depicts the RMSE for
a combination of traffic, babble and impulse noise and high reverberation.
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Figure B.6: TOA estimation for 1000 Monte-Carlo simulations, babble noise, low reverberation

B.2.2 Combined Data
In the next figures the data is combined as follows: first all TOA estimation RMSEs
are depicted for each reverberation level and one noise type in the same figure.
Then all TOA estimation RMSEs for each noise types are depicted together in the
same plot for one reverberation level.
Figure B.41 depicts the RMSE for traffic noise and no, low, moderate and high
reverberation. Figure B.42 depicts the RMSE for babble noise and no, low, moderate and high reverberation. Figure B.43 depicts the RMSE for impulse noise and
no, low, moderate and high reverberation. Figure B.44 depicts the RMSE for a
combination of traffic, babble and impulse noise and no, low, moderate and high
reverberation. Figure B.45 depicts the comparison for traffic, babble and impulse
noise and no reverberation. Figure B.46 depicts the comparison for traffic, babble
and impulse noise and low reverberation. Figure B.47 depicts the comparison for
traffic, babble and impulse noise and moderate reverberation. Figure B.48 depicts
the comparison for traffic, babble and impulse noise and high reverberation.
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Figure B.7: TOA estimation for 1000 Monte-Carlo simulations, babble noise, moderate reverberation
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Figure B.8: TOA estimation for 1000 Monte-Carlo simulations, babble noise, high reverberation
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Figure B.9: TOA estimation for 1000 Monte-Carlo simulations, impulse noise, no reverberation
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Figure B.10: TOA estimation for 1000 Monte-Carlo simulations, impulse noise, low reverberation
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Figure B.11: TOA estimation for 1000 Monte-Carlo simulations, impulse noise, moderate reverberation
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Figure B.12: TOA estimation for 1000 Monte-Carlo simulations, impulse noise, high reverberation
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B.2. Only Apple StartUp Sound
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Figure B.13: TOA estimation for 1000 Monte-Carlo simulations, combination of traffic, babble and
impulse noise, no reverberation
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Figure B.14: TOA estimation for 1000 Monte-Carlo simulations, combination of traffic, babble and
impulse noise, low reverberation
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Figure B.15: TOA estimation for 1000 Monte-Carlo simulations, combination of traffic, babble and
impulse noise, moderate reverberation
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Figure B.16: TOA estimation for 1000 Monte-Carlo simulations, combination of traffic, babble and
impulse noise, high reverberation

79
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Figure B.17: TOA estimation for 1000 Monte-Carlo simulations, traffic noise, none, low, moderate
and high reverberation
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Figure B.18: TOA estimation for 1000 Monte-Carlo simulations, babble noise, none, low, moderate
and high reverberation
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Figure B.19: TOA estimation for 1000 Monte-Carlo simulations, impulse noise, none, low, moderate
and high reverberation
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Figure B.20: TOA estimation for 1000 Monte-Carlo simulations, combination of traffic, babble and
impulse noise, none, low, moderate and high reverberation
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B.2. Only Apple StartUp Sound
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Figure B.21: TOA estimation for 1000 Monte-Carlo simulations, traffic, babble and impulse noise, no
reverberation

Root Mean Square Error in meters

104

102

100

10-2

PseudoTrafficLow.fig
AppleTrafficLow.fig
PseudoBabbleLow.fig
AppleBabbleLow.fig
PseudoImpulseLow.fig
AppleImpulseLow.fig
PseudoAllLow.fig
AppleAllLow.fig

10-4

10-6

-10

-5

0

5

10

15

SNR in dB per sample

Figure B.22: TOA estimation for 1000 Monte-Carlo simulations, traffic, babble and impulse noise,
low reverberation
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Figure B.23: TOA estimation for 1000 Monte-Carlo simulations, traffic, babble and impulse noise,
moderate reverberation

Root Mean Square Error in meters

103

PseudoTrafficHigh.fig
AppleTrafficHigh.fig
PseudoBabbleHigh.fig
AppleBabbleHigh.fig
PseudoImpulseHigh.fig
AppleImpulseHigh.fig
PseudoAllHigh.fig
AppleAllHigh.fig

102

101

100

-10

-5

0

5

10

15

SNR in dB per sample

Figure B.24: TOA estimation for 1000 Monte-Carlo simulations, traffic, babble and impulse noise,
high reverberation
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B.2. Only Apple StartUp Sound
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Figure B.25: TOA estimation for 1000 Monte-Carlo simulations, traffic noise, no reverberation
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Figure B.26: TOA estimation for 1000 Monte-Carlo simulations, traffic noise, low reverberation
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Figure B.27: TOA estimation for 1000 Monte-Carlo simulations, traffic noise, moderate reverberation
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Figure B.28: TOA estimation for 1000 Monte-Carlo simulations, traffic noise, high reverberation
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Figure B.29: TOA estimation for 1000 Monte-Carlo simulations, babble noise, no reverberation
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Figure B.30: TOA estimation for 1000 Monte-Carlo simulations, babble noise, low reverberation
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Figure B.31: TOA estimation for 1000 Monte-Carlo simulations, babble noise, moderate reverberation
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Figure B.32: TOA estimation for 1000 Monte-Carlo simulations, babble noise, high reverberation
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Figure B.33: TOA estimation for 1000 Monte-Carlo simulations, impulse noise, no reverberation
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Figure B.34: TOA estimation for 1000 Monte-Carlo simulations, impulse noise, low reverberation
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Figure B.35: TOA estimation for 1000 Monte-Carlo simulations, impulse noise, moderate reverberation
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Figure B.36: TOA estimation for 1000 Monte-Carlo simulations, impulse noise, high reverberation
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Figure B.37: TOA estimation for 1000 Monte-Carlo simulations, combination of traffic, babble and
impulse noise, no reverberation
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Figure B.38: TOA estimation for 1000 Monte-Carlo simulations, combination of traffic, babble and
impulse noise, low reverberation
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Figure B.39: TOA estimation for 1000 Monte-Carlo simulations, combination of traffic, babble and
impulse noise, moderate reverberation
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Figure B.40: TOA estimation for 1000 Monte-Carlo simulations, combination of traffic, babble and
impulse noise, high reverberation
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Figure B.41: TOA estimation for 1000 Monte-Carlo simulations, traffic noise, no, low, moderate and
high reverberation
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Figure B.42: TOA estimation for 1000 Monte-Carlo simulations, babble noise, no, low, moderate and
high reverberation
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Figure B.43: TOA estimation for 1000 Monte-Carlo simulations, impulse noise, no, low, moderate
and high reverberation
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Figure B.44: TOA estimation for 1000 Monte-Carlo simulations, combination of traffic, babble and
impulse noise, no, low, moderate and high reverberation
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B.2. Only Apple StartUp Sound
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Figure B.45: TOA estimation for 1000 Monte-Carlo simulations, traffic, babble and impulse noise, no
reverberation
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Figure B.46: TOA estimation for 1000 Monte-Carlo simulations, traffic, babble and impulse noise,
low reverberation
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Figure B.47: TOA estimation for 1000 Monte-Carlo simulations, traffic, babble and impulse noise,
moderate reverberation
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Figure B.48: TOA estimation for 1000 Monte-Carlo simulations, traffic, babble and impulse noise,
high reverberation

Appendix C

RIR Measurement Sound Lab
C.1

Measurement Set Up

In the following, the measurement procedure of measuring the RIRs the sound lab
in the CREATE building at Aalborg University in Aalborg is described. The loudspeaker used for RIR measurement was the Brüel and Kjær Omnisource type 4295.
It was connected to an Yamaha natural sound stereo amplifier AX-492. The amplifier was connected to a PreSonus AudioBox 1818VSL which was finally connected
to a laptop. The recording microphone was the G.R.A.S 40PP CCP Free-Field QC
microphone. An exponential sine sweep was chosen for the excitation signal. The
measurement set up was calibrated so that the distance from loudspeaker and microphone and also the delay caused by the measurement equipment was corrected,
resulting in the RIR starting directly without any delay. The measurement procedure was conducted based on [13]. Two loudspeaker positions and were chosen.
For every loudspeaker position three microphone positions were measured and
every RIR at a specific set up was an average of three measurements. All measurement were done using the ITA-toolbox for Matlab [7] Microphone and loudspeaker had variable heights. Neither the loudspeaker, nor the microphone was
less than one meter away from any objects, walls, floor or ceiling. The objects remaining in the room during the measurement were eight loudspeakers on a stand,
a multichannel sound card and the measurement equipment on a movable table.
Figure C.1 shows a photograph of the measured sound lab.

C.2

Room Impulse Responses

In total six RIRs were measured. Figure C.2 depicts one of them and figure C.3
depicts the corresponding transfer function. Figure C.4 depicts the calculated
early decay time from one of the RIRs.
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Figure C.1: RIR measurement set up sound lab

Figure C.2: RIR at one measured position

C.2. Room Impulse Responses

Figure C.3: Transfer function at one measured position

Figure C.4: Early decay time calculated from one RIR
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Appendix D

Signal Modification TOA Estimation
Performance Results
D.1 Pseudo-Random Noise with Spectral Envelope of Apple Sound
Figure D.1 depicts the TOA estimation performance for the second test scenario
with no reverberation present and white noise and a combination of noise types.
The only improvement is that the modified pseudo-random noise has already acceptable RMSEs for -10 and -5 dB whereas the original Apple sound has not. Fig-
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Figure D.1: TOA estimation, second test scenario, pseudo-random noise with spectral envelope of
the Apple HomePod start up sound

ure D.2 depicts the third test scenario where a combination of noise types and
low reverberation is present. The RMSE of the modified pseudo-random noise did
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Figure D.2: TOA estimation, third test scenario, pseudo-random noise with spectral envelope of the
Apple HomePod start up sound

decrease but not to an acceptable level.

D.2

Apple HomePod start up sound with high frequency
pseudo-random noise

In the following figures, the TOA estimation is documented of the pseudo-random
noise, original Apple sound and Apple sound with high frequency pseudo-random
noise added according but above the masking threshold (factor 58 (factor 1 would
be exactly according to the masking threshold)) within the three test scenarios.
Figure D.3 depicts the first test scenario with white noise and no, low reverberation.
Figure D.4 depicts the second test scenario with no reverberation and white noise
and a combination of other noise types. Figure D.5 depicts the third test scenario
with low reverberation and a combination of noise types.

D.2. Apple HomePod start up sound with high frequency pseudo-random noise
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Figure D.3: TOA estimation, first test scenario, Apple sound with high frequency pseudo-random
noise (factor 58)
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Figure D.4: TOA estimation, second test scenario, Apple sound with high frequency pseudo-random
noise (factor 58)
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Figure D.5: TOA estimation, third test scenario, Apple sound with high frequency pseudo-random
noise (factor 58)

