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Gertjan L.Wijnalda

Abstract

Listening to music makes endurance exercising more enjoyable, and motivates athletes to
keep up with their exercising goals. The IM4Sports system helps select music that suits
a training program, changes playback to reflect or guide current sport performance, and
collects data for adapting training programs and music selections.

The system consists of three phases. In the first phase, the user specifies the training
program, which typically consists of a number of exercises, each of which is defined by a
duration in time or distance, and intensity or target heart rate (zone). Based on the specified
training program, the system suggests music for inclusion on the portable device.
In the second phase, during exercising, music is adapted to motivate users, according to

the goals specified in the training program. To this end, the system utilises input from a pair
of sensors to measure the current physiological state of the user: one pedometer to measure
step frequency, and one heart rate meter. All data from these sensors, as well as the chosen
music adaptations and music selection, is logged during this phase. Experiments point out
that an interval over which a change in music tempo is propagated must be observed, and
that the system is able to detect when a stabilisation in physiological state, more specifically
heart rate, occurs.
Finally, in the third phase, after exercising, the data that was logged during exercising

is used to personalise music selection. The system uses a Bayesian inference method that
updates an initial music tempo distribution with the data obtained during exercise. An
evaluation on the key properties of flexibility, consolidation capacity and resistance to noise
shows that the proposed method performs better than the traditional methods it was based
upon.

User tests show a general positive review of system performance, along with highly enthu-
siastic remarks on the system and its concept.
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Chapter 1

Introduction

1.1 The Problems in Sports Exercising

In present-day life, the trend towards a more service-oriented society and thus towards more
daytime office jobs continuously restrains opportunity for physical movement1. People are
gradually becoming less fit and their weight increases to unhealthy levels. A few years ago
this development inspired the spring of heaps of fitness studios, where people participate
in individual, often repetitive sports such as (dry) rowing, cycling and running. Currently,
over 30 million Americans frequently run for recreation or competition.
In order to be effective, these kinds of sports require perseverance, yet due to the lack

of instant rewards often evoke feelings of pain, fatigue and boredom. A possible example
effect is that people start exercising three times a week, yet this schedule quickly decreases
to once per two weeks or even less. Motivation in these repetitive solo endurance sports is
hard to find for large groups of individuals.

1.2 Research Goal

Exercisers have various techniques to cope with the physical demands of exercising, which
include switching away their attention to other things. Listening to music can be of help
as it attracts attention and is generally perceived as a pleasant activity, while it does not
interfere with the physical aspects of the training session. In the next chapter, we will see
that music is considered to increase the enjoyment of the exerciser, and hence can be an
important motivator for them. Also, we will see that synchronizing the music to the motion
of the exercise makes people able to endure the exercise longer.
In this thesis, we will describe a personalised music system called IM4Sports2. It is

designed for individual sports exercising, in particular running. In Figure 1.1, you can see
the research prototype. It consists of a personal computer, a portable music player with
flash memory, a pedometer to measure the step frequency of the runner, and a heart rate
sensor in the form of a waist belt.
The project’s goal is to develop a system that is able to vary the music speed based

on the characteristics of the training program and the current performance. To this end,
a number of different modes are available which allow the user to freely listen to music,
synchronise the music to the user’s step frequency or adapt the music to ensure the user
stays within a specified heart rate zone.

1According to the Central Bureau for Statistics (CBS) in The Netherlands, service-oriented jobs, including
government jobs, increased from about 71% in 1987 to almost 80% in 2004.

2Interactive Music for Sports
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Figure 1.1: Research prototype

Research Goal The research goal is to develop a system that is able to
stimulate, support and entertain an exerciser in endurance sports. In order to
meet the goals set for exercising, it should employ music as auditory feedback
on user performance. It also should adapt to people’s exercise behaviour over
time.

In the remainder of this chapter, wewill split up the research goal in a set of development
requirements that we will pose on the system, and outline the remainder of this thesis.

1.3 Requirements Analysis

For ease of reference, an overview of all requirements that are described in the following
chapter can be found in Appendix B.

1.3.1 General Requirements

The IM4Sports system employs technology to create an application that provides a per-
sonalised and adaptive fitness program that is driven by music. The system is meant for
durability training programs, hence it should be able to work for all kinds of frequent inter-
val sports such as running, cycling, rowing, stepping, when equipped with the right sensors
to measure the pace of the exercise.
Incorporating different sensors in such a system than the ones it was designed for is

a straightforward process, since the basic measure in the system, exercise intensity, does

2
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exercise type duration intensity continue

warm up 20 min. - to next
stretch 5 min. - with present

run 20 min. 50 - 60 % to next
recover - 40 % to next
stretch 5 min. - with present

jog 3 km - with present
cool down variable - with present

Table 1.2: Example training program

not change. Since we will focus on the system rather than the specific sport for which it is
used, we will choose one particular sport. Running is a prime example of a solitary sport
for which a music player is often used, there exist several commercially available sensors,
lots of literature on running can be found, and most importantly, running is used as cross
training for a lot of other different sports. Therefore, we choose running as our target sport
and note that the system can be easily adapted to other repetitive endurance sports.
We will define a Functional Requirement FR 1, which states that the system’s aim is to

motivate and entertain runners using music.
We assume an existing fitness program is generated or given by the user as input for the

system (Functional Requirement FR 2).
In a standard training program, a number of characteristics are always included that

jointly define the program (Data Requirement DR 1). Other goals for the training program
can always be defined in terms of the given variables (for example, burning a certain amount
of calories can be estimated by checking heart rate and the exercise duration).
Possible extensions could be mood (is this a ‘light’ or a ‘hard’ exercise, directly linked

to the desired heart rate percentage or kind of exercise, e.g. a warm up is a ‘light’ exercise),
or development over time (how, for example, step frequency or mood of an exercise change
over time).
An example of a training program is given in Table 1.2. The exercise type determines

how the exercise will be treated by the system. For example, a warm up exercise will have
different implications on themusic selection than a running exercise will have. The duration
is needed to determine the relative weight of the exercise in the training program. We need
that weight to determine which percentage of the music selection should be tailored to that
specific exercise. The duration can be specified in time, in distance, left unspecified or be
‘variable’. The latter definition means that the exercise lasts until the exerciser wants to
finish it. If no duration is specified, this denotes that the exercise lasts until a specific heart
rate (zone) is reached, which is specified by the intensity column in the training program.
We will go into more detail on the definition of a training program in Section 3.5.

The way in which the system is operated is an important aspect of its functionality. We
define the system functionality in three stages, to make user interaction as straightforward
as possible. In the first stage, before exercising, all data on the training session (training
program, music, etc.) is programmed in the system. Because of its input qualities, which
are already familiar to a majority of users, this is done on a personal computer, which we call
the Base Station. It is easy for the user to change a training program, see what happens to
the portable music collection, and determine all kinds of other settings when in the familiar
environment of a PC.
The Base Station connects to a special portable music player, called the Player, and all

3
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data is transferred to it. The Player does more than what its name suggests, though: apart
from music playback it also takes care of music selection, the training program and the
logging and handling of physiological sensory data. During exercising, all the user needs
to carry is the Player, which is designed to be as small as possible while having all needed
functionality.
In the final stage, after exercising, the Player is again connected to the Base Station and

the data of the user’s performance is transferred to the Base Station. The Base Station then
processes the incoming data in order to provide the learning behaviour as described in the
research goal.
After briefly recouping the requirements presented in this section, we will go through

all three stages and briefly describe their requirements.

General Requirements

FR 1. The aim of the system is to use music to provide a more stimulating and
more entertaining running experience

FR 2. The system takes a given training program as input

DR 1. The training program should fit a specific profile that allows for stan-
dardised processing. This profile includes:

• Kind of exercise (Warm Up, Stretch, Walk/Run/Jog, Recover, Cool Down,
etc);

• Duration (in seconds or in distance);

• Intensity (in heart rate percentage).

1.3.2 Before Exercising

The most important characteristic of the system is that it should use music to enhance the
motivation of the exerciser. This can be done in two ways: selecting the right music for
the right exercise, and adapting this music in real time to the user’s performance. Possible
ways for adaptation include changing the music tempo, dynamics and spatial position. In
the first stage, before exercising, only the selection of songs is important.
The determination of the order in which songs are played can be determined either

before or during exercising. We will go into depth on this design decision in Chapter 4.
Independent on whether the ordering is done before or during exercising, the system needs
to take into account all variables that influence song selection, such as the users preference,
the physiological state of the user and the desired performance (Functional Requirement
FR 3).
The IM4Sports system cannot use a hard disk based solution, because a hard disk is a

moving part and as such may soon be damaged by the tensions put on it during the training
session. This means a flash-based player should be used, as it does not contain moving
parts. Because storage space on a portable flash player is limited (4 gigabytes maximum,
but more like 512 megabytes - 1 gigabytes on average) and usually (much) smaller than the
user’s music collection, the system has to give a suggestion for the songs the user can put on
her portable device. We define that those songs are selected, that best fit the characteristics
of the different exercises in the fitness program (Functional Requirement FR 4)
In order to correctly address FR 4, additional information on the exercises in the training

program is required. These may be calculated on the fly from earlier training sessions or
from general user group data. For example, a certain heart rate percentage for a certain kind
of exercise means that the exercise has an approximate step frequency at which the user has
to run, which varies from user to user and over time as a user gets more trained.

4
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From this requirement follows that the system should have data on all songs in the
user’s music collection (Data Requirement DR 2), such as song title, artist, tempo, genre
and duration. Usually all this meta data is readily available when the songs are stored in the
popular MP33 codec-format, which usually is equipped with so-called ID3 ‘tags’. A ‘tag’
is data stored in an MP3 (as well as other formats) which contains meta data on the music
as described above.
Meta data can be used to impose constraints on music selection, such as ‘don’t select

more than 10% rock songs’ or ‘select at least 20% songs by Marillion’. In addition, the
song’s meter can be used to limit song selection to, for example, only two-fold meters, and
the song’s tempo to select songs that best match the expected average running tempo of an
exercise.

Requirements Before Exercising

FR3. The system should selectmusic that fits the users (projected) performance

FR 4. The system should select songs from the database that best fit the
characteristics of the different exercises in the fitness program, and suggest
these as the new contents of the Player

DR 2. The following meta data on the music should be available to the system:

• Song title
• Artist
• Album
• Song duration
• Genre
• Tempo
• Meter

1.3.3 During Exercising

The adaptation of music should take place during exercising. Small changes in song
parameters such as music tempo, dynamics and spatial position may be made to reflect the
user’s performance (Functional Requirement FR 5).
This means, for example, that when the users heart rate is too low, the user has to

increase exercise intensity and hence, the music must accelerate. Data on the effects of a
change in the tempo of the music on the exercise step frequency are needed before such
a change can effectively be implemented in the system (Data Requirement DR 3). For
example, when the music speeds up with 10 bpm, we need to know whether the change in
the user’s step frequency will be proportional to this amount.
The system should allow the user to interact with it during exercising. A lot of the

settings of the system could be changeable in a menu-oriented interface, in which the user
can change parameters of the training program (e.g., the target heart rate zone). This is
considered a feature of the final product. In addition, however, the system should allow easy
interaction for the basic parameters of the system. We specify song control functionality
(play, pause, skip, repeat), exercise control functionality (stop, skip) and mode selection
(Functional Requirement FR 6). An example is depicted in Figure 1.3.
To achieve a user friendly experience, it is also important that the sensors used to acquire

physiological data are easily usable. Hence, they should allow the system to take reliable
3MPEG-1 Audio Layer 3, a lossy compression format which allows digital audio data to be compressed to a

ratio of about 10:1 depending on codec settings.
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Figure 1.3: Example of user interaction controls

measurements and the user must be able to easily attach and remove them. Their number
should not be exaggerated, so possibly the use of sensors should be limited to two, as a
high number would restrain the user in exercising instead of motivating her (Functional
RequirementFR7). This means only themost important physiological data can be collected
and must be used to achieve the desired result, that is, motivation by music.

Requirements During Exercising

FR 5. The system should adapt the played back music to the user performance

FR 6. The system should allow easy interaction during exercising, more specif-
ically:

• pause song: because the system may be used in complex environments,
such as alongside roads with heavy traffic, a pause button is important -
in the example figure 1.3, any part of the screen can be used to pause the
music;

• play/repeat song: depending on the mode the system is in, the button
changes to allow the user to indicate she wants to play a song (in a mode
that does not automatically start playing music) or to indicate the song
should be repeated (in modes when the song is automatically changed
when finished);

• skip song: the user wants to skip to another (similar) song;

• stop exercise: the user wants to stop exercising;

• skip exercise: the user wants to skip the remainder of the current exercise,
regardless of whether the exercise is finished or not;

• mode: the user can select the playback/exercise mode of the device.

FR 7. The sensors used by the system should be easily attachable, removable
and usable, and their number should not exceed two

DR 3. The effects of a change in a music parameter on the user performance
should be available
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1.3.4 After Exercising

The data that is collected during exercising is processed in the final stage, after exercising.
To this end, the Player is again connected to the Base Station and all data is downloaded to
the Base Station. A (graphical) overview of the users performance may be shown, including
music played and tracks or exercises skipped/repeated. Displaying performance may have
a motivational effect, as well. However, the most important functionality in this stage is
that the system learns from the user’s data by taking it into account the next time a training
program is determined (Functional Requirement FR 8).
Learning is also mentioned in the research goal: the system uses the collected data for

its learning functionality. For example, when the user has utilised the system’s controls
to skip a particular song, the system would assign a lower probability to that song next
time the music collection on the Player is determined. When in one particular exercise one
particular music tempo has been used, we might select more songs with that tempo the next
time the exercise is included in a training program.
To this end, the system should collect data during exercise that allows for an overview

of which songs were selected, which buttons were pressed, and which music parameters
have been changed in order to adapt to the user’s performance, in addition to the user’s
physiological data read by the system’s sensors. This is specified by Data Requirement
DR 4.
The collected data can then be processed to give recommendations on new music tracks

and the removal of previously loaded music, connect to an Internet community to compare
performances and get recommendations on tracks that are not currently in the user’s music
library. This feedback based on the data will not be included in the initial version of the
project. However, the data that is collected during exercising, will be processed and used
for learning purposes in the system (Functional Requirement FR 8).

Requirements After Exercising

FR 8. The collected data should be used to personalise the system’s music
selection

DR 4. During operation, the system should collect data on:

• songs played;

• music characteristics adapted by the system;

• sensory data;

• user interaction.

1.4 Contributions

In this thesis, an overview of existing literature on techniques related to music and sports is
presented (Chapter 2). Creating an intelligent, personalised system for playing music that
fits with physical activities crosses borders between sciences. Artificial intelligence (AI)
techniques are used for music selection, and techniques from signal processing for music
adaptation. We also borrow ideas from (sports)psychology on using music as a motivator,
from acoustics on spatial perception, and from movement sciences on music and motion.
Conclusions are drawn from this literature overview on the applicability of the presented
techniques and knowledge on the current project, and to create a technique to motivate
exercisers with music.
According to the devised method in the preceding chapter, we have designed a three-

stage system to optimally prepare the music available when exercising, adapting this music
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during exercise, and personalising the system after exercise utilising performance data. The
design of the system is outlined in Chapter 3.
The author is aware of one system that partly fulfills the research goals in terms of

utilising music in exercise, that is, synchronisation of music with step frequency. This
system is called StepMan (Fraunhofer, 2004). It currently does not provide personalisation
features nor influencing abilities.
Each of the three stages is detailed in an own chapter (Chapters 4 - 6), starting with

the selection of music in the preparation stage, followed by the adaptation of music in the
exercise stage, and the personalisation of music selection in the feedback stage. Large parts
of the described system have been implemented for as far as system evaluation requires. For
the remainder of the system, detailed instructions for implementation have been provided.
After the description of the system in the preceding chapters, Chapter 7 contains the

evaluation of the various parts of the system, including a small user evaluation of the
on-line part of the system. A number of experiments have been devised to find the best
values for important parameter settings such as system response time and music adaptation
propagation time.
In the final chapter, Chapter 8, we return to the research goal and determine whether the

described system fulfills the set goal, and the requirements specified above. We will also
present possible enhancements for the proposed design, suggest areas for future research,
and indicate opportunities for the commercial outroll of (parts of) the IM4Sports system.
Parts of this thesis, most notably Chapter 3, as well as parts of Chapters 4 (on off-line

music selection), 5 (on the behaviour of the system during exercise) and 7 (the on-line
evaluation), have been published in IEEE Pervasive Computing (see Wijnalda, Pauws,
Vignoli & Stuckenschmidt, 2005).
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Chapter 2

Motivation and Music

2.1 Motivation in Sports

In the previous chapter, we have seen that a large part of the population take up a repetitive
solo sport, such as running, to lose weight and become healthier. However, many of these
people suffer from bad motivation and are unable to keep up with their exercising plan.
They find it hard to stick to their training schedule because after a training session no direct
results are visible.
According to Tenenbaum et al. (1999), exercisers employ various strategies to cope

with physical demands during exercise. Under low to moderate physical load, that is,
sub-maximal effort, exercisers can voluntarily divert their attention away from internal
sensations (dissociation). Sub-maximal effort is defined as a workload below 70% of
maximum heart rate. Under higher loads, dissociation becomes increasingly harder and
exercisers are forced to switch their attention to feelings of physical discomfort. When an
exercise level is reached where feelings of exhaustion prevail, dissociation becomes nearly
impossible and exercisers have to directly fight against the pain to continue the exercise.
Occupying the mind with thoughts of things other than physical discomfort enables

the exerciser to endure the training longer than would be possible without distraction. In
the next section, we will show that music, among other things, can be such a means of
distraction.

2.2 Music as a Motivator

The lack of instant rewards is one of the main causes for the motivational problems. By
making the exercisemore enjoyable, a large increase inmotivation can be gained. The use of
music appeals to physical exercising: listening tomusic before and during exercise increases
output by dissociation and motivation, and improves affective states. Even at intensities
above sub-maximal effort, at both medium and high levels of work intensity, exercisers
experience a greater enjoyment when music is played during exercising (Tenenbaum et al.,
2004). The hypothesis formed on the cognitive dissociation strategy by Rejeski (1985),
is that external auditory stimuli narrow the exerciser’s attention and as such pull attention
away from feelings of exhaustion and pain.
Music can also be a motivator to sustain effort. The importance of the influence of

music on physical exercising is mentioned by Karageorghis & Terry (1997), who found
that the playing of music during exercise reduces the rate of perceived exhaustion (RPE).
And, when less exhaustion is perceived, it becomes easier for the exerciser to continue the
training session. However, as Rejeski (1985) already hypothesised, external auditory stimuli
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do not influence the perceived exhaustion at high levels of work intensity, that is, above
sub-maximal effort. Boutcher & Trenske (1990) mention that the perception of exertion
was significantly lower when music had been played compared to a non-music condition,
while heart rate was approximately equal under both conditions. Like Tenenbaum et al.,
Boutcher & Trenske conclude that the influence of music is dependent on work load. Under
low intensity levels, music has a positive influence on perceived exertion. Under moderate
to heavy intensity levels, they conclude that although music has no effect on the RPE, it still
enhances affective states like under low work load, thus making exercise more agreeable.
Szabo, Small & Leigh (1999) add to this that switching to fast music "during progressive

exercise results in the accomplishment of more work", while the exerciser’s heart rate does
not proportionally increase. The result is attributed to distraction effects, where an additional
note is made that the effect of the change in music tempo are dependent on the amount
of attention the new music demands (attention capturing strength). An additional, but for
our research most important, result of Szabo et al.’s (1999) research is that music that is
synchronised to an exerciser’s movements greatly improves motor control, and as such
enhances endurance, even more so than non-synchronised music.
Kodzhaspirov, Zaitsev & Kosarev (1986) explicitly mention that the synchronisation of

musical tempo to the physical activity is important to obtain a maximum impact of music
on the exercise. All of their subjects claimed that the use of music improved their mood,
whereas 95.4% said they were looking forward to their training sessions with music.
In a rather philosophical view, Shove & Repp (1995) mention the relationship between

biological motion on the one hand and music on the other hand. Different dimensions of
music that evoke different feelings include harmonic progression, melodies, and rhythm.
Anshel & Marisi (1978) investigate one of these particular aspects of music, namely its
rhythmical structure and tempo, and the relationship between this aspect and human loco-
motion. Their research indicates, for a small group, that music synchronised to physical
movement has a particular positive effect on the length that participants where able to en-
dure their tasks. In later research, Mertesdorf (1994) investigates the differences between
using music or a computer generated beat, and found no significant differences between
the ratings of perceived discomfort for these two forms of musical accompaniment. Also,
Mertesdorf’s (1994) observation that people like music more than the computer beat had
no influence on the feelings of discomfort. When describing the results of his experiments,
in which participants were allowed to adapt the music tempo, he notes that while subjects
found it pleasant to adjust the tempo of their exercising manually, at the same time they
"appreciated the advantages of music with a steady rhythm as a pacemaker".
According to Eitan & Granot (2004), no symmetrical analogy exists between music and

motion. For example, an increase in dynamics of the music (crescendo) corresponds to a
feeling of enhanced speed, while a decrease in dynamics does not correspond to a feeling
of slowing down. In their experiments, Eitan & Granot have found certain asymmetrical
associations for certain in-song characteristics. The parameters that can be applied to the
domain of running are summarised in Table 2.1.
An instrument to assess the effect of different types of music on individual exercisers

was developed by Karageorghis, Terry & Lane (1999). Their study aims to predict the psy-
chophysiological responses of music and, hence, to predict how motivating the particular
music type will be for a particular group of exercisers.

These results show that music brings enjoyment and motivation for physical exercising,
especially below sub-maximal effort. This is the intensity at which most recreational exer-
cisers do their training sessions. An increase in enjoyment and motivation can potentially
have an enormous health effect as it increases people’s ability to maintain their exercise
effort. To investigate the best ways to employ music in sports, we need to understand
the basics of human physiology, most importantly heart rate, step frequency and ways to
measure their respective values.
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Musical parameter Direction Motion parameter Direction
Dynamics Crescendo Location Approaching

Speed Faster
Energy Higher

Diminuendo Location Moving away
Energy Lower

Pitch Ascent Location Moving away
Speed Faster
Energy Higher

Descent Energy Lower
Tempo Accelerating Speed Faster

Decelerating Speed Slower
Articulation Tenuto Location Approaching

Staccato Location Moving away

Table 2.1: Motion features associated with music parameters
Adapted from Eitan & Granot (2004)

2.3 Human Physiology

In this section, we will describe the basics of human physiology on three important fields:
the biomechanics of running, the cardiovascular system, and how the respective associated
variables step frequency and heart rate can be measured.

2.3.1 Biomechanics of Running

We define human running behaviour in terms of steps. The moment that one of the
exerciser’s feet touches the ground is considered a step, and a stride comprises two steps. A
notion attached to running is stride length, that is, the distance covered between two steps
of one of the feet. The step frequency is the number of steps occurring per minute (spm).
We consider the stride length to be more important for covered distance, while the

step frequency is more important for measuring exercise intensity. For example, women
and men have, on average, the same step frequency while men have a (much) larger stride
length, thus resulting in men covering distances faster than women, on average (Novacheck,
1998).
The main difference between different running exercises is the speed of movement,

and the swing state. The swing state indicates whether or not both feet loose contact with
the ground at the same time. We distinguish four classes of walking: ordinary walking,
jogging, running, and sprinting. According to Novacheck (1998), walking speed averages
at about 1.2 m/s, jogging at 2.5 m/s, running at 3.2 m/s and sprinting at 3.9 m/s (this range
equals 4.3 - 14 km/h), with world-class sprinters reaching speeds up to 9.0 m/s (32.4 km/h).

2.3.2 Cardiovascular System

In the IM4Sports system, we need to work with an abstract representation of the effort
that the exerciser makes. In the human cardiovascular system, a number of parameters are
important:

1. Heart rate;

2. Stroke volume;

3. Cardiac output;
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4. Blood flow;

5. Blood pressure;

6. Blood amount.

According to Wilmore & Costill (2004), the heart rate is the most informative of all
cardiovascular parameters. Therefore, we will focus on heart rate in the remainder of this
section. The heart rate is an indication for the endeavour that the heart must make to meet
the increased demand that exercising takes on the body, that is, the human heart rate changes
during exercise, in order to carry out the exerciser’s demands with maximal efficiency.
The resting heart rate (RHR) is generally about 60 to 80 beats per minute. However,

values as low as 28 (for well-trained athletes) and over 100 bpm (older, unconditioned
individuals) have been reported. While exercising, the heart rate increases proportionally
with the exercise intensity. Near the highest heart rate value (HRmax) the heart rate begins
to level off.
Please note that with this information we partly fulfill Data Requirement DR 3, which

addresses the need of information of the effects of musical changes on the user’s perfor-
mance.
This HRmax is the value that you would achieve when you get to the point of exhaustion

in an all-out exercise. HRmax is a reliable value that only slowly changes over the course of
years, from the age of 10 to 15 years.
An approximation of HRmax can be made by subtracting your age from 220. This is only

an approximation, as the individual number may vary greatly, and is genetically dependent
(Edwards, 1996). An example: a 40 year old individual would be estimated as having an
HRmax of 220 − 40 = 180 beats per minute. Empirically, we know that 95% of all 40 year
old have an HRmax within 156 and 204 beats per minute. In 2001, a slightly better equation
was posed by Tanaka, Monahan & Seals (Equation 2.1).

HRmax = 208 − 0.7 × age (2.1)

A truly reliable value for HRmax can only be determined from the RHR, and must be
obtained when a person is fully rested. Measurements must be taken several times in order
to be accurate. A high HRmax cannot be used as an indicator of a better individual athletic
performance, nor does a low value signal lesser performance capabilities.
Wilmore & Costill (2004) describe the change of heart rate during exercises at sub-

maximal effort: the heart rate increases rapidly, until it reaches a plateau (the steady-state
heart rate) that matches the amount of effort that the specific rate of work demands. When
the required effort changes, it takes 1 to 2 minutes for the heart rate to stabilise on a new
plateau.
The (maximal heart rate is important for determining specific training zones, which are

expressed in a percentage of HRmax, and each feature specific training characteristics. See,
for example, the popular book Heart Zone Training by Edwards (1996), which is focused
completely on the notions of different heart rate zones and their specific uses.
The different heart rate zones that are commonly distinguished are usually specified in

pieces of 10% of HRmax for the values between 50% and 90%. One common distinction is:

• Rest the heart rate when in rest;

• Light (50-60%) when walking;

• Easy or Fitness zone (60-70%) when jogging;

• Aerobic zone (70-80%) when running;
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• Anaerobic zone (80-90%) when exercising hard;

• VO2 max (90%-HRmax) when going all out.

Typically, the easy or fitness zone is recommended for burning fat, as 85% of all burned
calories in this zone are fat calories. In higher heart rate zones, this percentage of energy
used decreases and training becomes less efficient (i.e., burning as much fat with as little
endeavour as possible). Similarly, the aerobic zone is used for endurance training and the
anaerobic zone for performance training.

2.3.3 Measuring Heart Rate

Instruments for measuring heart rate have been developed for over 10 years by companies
like Polar, Timex, Cardiosport, and, more recently, Nike and Philips. The technique is
common in fitness studios nowadays, and is used to inform exercisers of the amount of
effort they are putting in their training sessions.
People usually have to wear either an earlobe sensor or, preferably, a heart rate sensor

belt. The latter is much more accurate as it directly measures the user’s heart activity. A
heart rate measuring system generally consists of a waist belt transmitter and a separate
receiver in the form of a watch-like device. A number of companies produce receivers that
can be attached to a personal computer. The receivers come in the form of a small box
that can be easily placed near the exerciser in a pocket, or on the arm with an arm strap.
Different brands of sensors and receivers can be used interchangeably as long as they do
not use vendor-specific codings (this has not been the case with the different variants we
used).
When used, the chest belt transmits a pulse for every heart beat, which is picked up by

the receiver and transmitted to the IM4Sports software.

Figure 2.2: Waist belt heart rate transmitter

2.3.4 Measuring Step Frequency

At Philips, Goris & van Herk (2003) have developed a tri-axial activity monitor that is able
to accurately measure the amount of energy used by an individual. It has been successfully
used in a smart shoe, which calculates the step frequency, speed, and measures distance
walked while wearing it. For this project, we use a simplified version developed by Van
Herk, which onlymeasures step frequency. The class of devices that measure step frequency
are called pedometers. The pedometer, like the heart rate sensor, was also connected to the
computer running the IM4Sports software.
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2.4 Music Selection

The proposed system has to fit music to a training program, which implies that a selection
from an available music collection must be made that fits the exercise. If we want to
synchronise music to the user’s movements, we need to select a musical piece that comes
close enough with respect to tempo, and then adapt it further. In the next section, we will
go into detail on music adaptation, but first we will outline music selection.
Most research on music selection is done in the field of playlist generation. At the

most trivial level, playlist generation is the process of selecting songs from a large music
database that fit certain characteristics, or, constraints, which limit the eventual selection.
When limited to song constraints, constraints that only deal with the characteristics of
single songs (e.g. a song should be in the genre of ‘rock’) and not with the playlist as
a whole, arriving at a solution is straightforward, as even with large music databases (in
the order of, for example, over 40,000 songs) the process of going through the entire
database and selecting by several constraints is solvable in linear time. Several approaches
have been suggested, such as constraint satisfaction with backtracking, and integer linear
programming.
Constraint satisfaction starts with an empty playlist trying to fill positions in a certain

order and as such enlarging the playlist with every step until it is of the desired size. It
works with one (partial) solution at a time that it expands, yet keeps a history of already
investigated partial solutions.
Integer linear programming, on the other hand, models the problem as a network search

problem, selecting the most cost-efficient path between the first and the last position of a
problem solution. Because of limitations on the expressiveness, it is not suitable for all
attribute relations (i.e., constraints).
When several of these constraints are imposed on the selection process, the risk of

conflicting constraints increases and as a result, the complexity of the problem increases,
too. In addition, playlist-wide constraints (e.g. ‘50%of the songs should be by LukaBloom’
or ‘each song should have a tempo that is higher than that of the previous song’) require
additional reasoning and processing time that, in the worst case, increases exponentially
for every additional place (nm tries before all n songs are fitted on all m places). When
constraints conflict (e.g. ‘all songs should be by Madonna’, combined with ’all songs
should be of genre Classical’), no feasible exact solution exists, and it becomes important
to approximate a solution as closely as possible. Approximating solutions include local
search and evolutionary algorithms.
Local search is an approximation method that starts with an initial random playlist,

constantly refining it based on a cost function that can determine how good or bad a
solution is. In many of its dominant implementations, it utilises a ‘Best Improvement’
method. It climbs from solution to solution by determining the value of all neighbours
(solutions that can be reached with one change) and picking the best.
Local search is a member of the class of evolutionary programming that works with one

solution at a time, whereas evolutionary algorithms, another member of that class, take into
account a population of solutions and work with all those solutions at the same time.
We will overview each of these methods in the following sections.

2.4.1 Constraint Satisfaction with Backtracking

Constraint satisfaction, a member of the class of constructive search methods, is known
to be a non-deterministic polynomial-time hard (NP-hard) problem. This means that it is
at least NP-complete or harder, which means that currently all known algorithms require
time that is superpolynomial on the input size. Therefore, ways to reduce the problem must
be found. A comprehensive overview of algorithms for constraint satisfaction has been
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written by Kumar (1992) and Tsang (1993).
One way to solve the problem is by employing backtracking techniques. The main

principle behind this approach is to fit the first feasible song in the first empty playlist
position, thus enlarging the playlist in every step. The process is repeated for each concurrent
position until either the playlist is complete and fulfills all constraints, or it turns out to be
impossible to fill a particular position without breaking any constraints. In that case, the
previous position is reviewed and changed, that is, the song is removed from the playlist and
the algorithm searches for an alternative. If all assignments for this position fail, the search
process focuses on the then-previous position. Then, the next position is again reviewed,
and so on, until the playlist is complete or all different combinations have been tried.
Backtracking guarantees that a solution, if one exists, will be found, however, at

considerable cost. Simple backtracking does not learn from the exclusion of nodes (i.e.,
songs). More efficient alternatives have been proposed, all based on more advanced
heuristics, including first filling positions that have the smallest number of alternative
songs and removing positions that limit the possibilities for other positions the most.
These efficient techniques include dependency-directed backtracking (Stallman&Sussman,
1977), and reordering the way variables are instantiated (Bitner & Reingold, 1975).

Constraint Propagation

An important notion in constraint satisfaction is constraint propagation. The search space
is reduced by removing from it the songs that violate constraints. In his review of constraint
propagation and search-efficient heuristics, Pauws (2002) mentions the two following well-
known notions as the most important that are practical for large song databases and/or large
playlists:

• Node consistency: for each playlist position, constraints that work on that particular
position must not be violated, hence, remove all songs from the search space that do
not hold for this position. For example, if the first position of the playlist has to be a
‘rock’ song, remove all non-‘rock’ songs from the search space for the first position
to make the problem node-consistent for this position.

• Arc consistency: if there is a constraint that works on two playlist positions (a binary
constraint), remove each song from the search space of the first position that, when
chosen, does not leave options for the second position. Also, the other way around,
remove all songs from the search space of the second position that cannot be reached
by choosing any song on position one.

Search-efficient Heuristics

Chronological backtracking is the basic backtracking technique as described above. When
a constraint is violated, the previous position is reassigned. The following techniques for
more efficient backtracking can be distinguished:

• Order heuristics rearrange the order in which the positions of the playlist are consid-
ered (using, for instance, the fail-first principle, which looks for the playlist position to
which the least number of possible songs can be assigned and considers this position
first).

• Look-ahead schemes, like forward checking, assign songs one by one but look if
there are still remaining candidates for the other open positions.

• Look-back schemes do not jump back to the previous position when a dead-end has
been found, but rather backjumps to the position that causes the dead-end. To do so,
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it reviews all positions that violate constraints with the current position and takes the
most recently instantiated of that to backtrack to. Variations on backjumping include
conflict-directed backjumping, backchecking, and backmarking.

2.4.2 Integer Linear Programming

A suggestion done by Alghoniemy & Tewfik (2000a, 2000b, 2001) is to use an alternative
approach, based on integer linear programming. However, they report less-than-optimal
performance for playlists in the order of 10-15 tracks, especially given the fact that their
catalogue is of limited size (400 tracks, generating a playlist takes about 35 seconds on a
SUN Ultra 5).
Their network flow approach uses a network in which each node represents a song.

Every arc sports an associated cost, representing the constraints that have to be satisfied.
Their algorithm searches for a path through the network with a minimum cost.
The branch and bound algorithm (see Papadimitriou & Steiglitz, 1998) that they use is

not really efficient (in the worst case, it’s exponential), and the way in which they represent
song attributes as vectors of binary values poses strict limitations on the kind of attributes
and constraints that can be represented in the system.

2.4.3 Local Search

The approach of Aucouturier & Pachet (2002), taking into account the two previous meth-
ods, is based on an adaptation of local search techniques called adaptive search (see
Codognet & Diaz, 2001). An overview of local search is given by Aarts & Lenstra (2003).
An implementation of local search is also used by Vossen (2005), who uses as the basis

for his Automatic Playlist Generation algorithm (APG). For his decision to use a variant of
local search, he has taken into account the performance of the other classes of algorithms
we described earlier. However, equally important was the characteristic of local search,
that it is able to quickly find a ‘good’ playlist and then refines it to a better one – and this
process can be stopped at any point in time for an interim result. This makes it a particular
good candidate for playlist generation, as the optimisation process ensures that while not all
constraints may be satisfied, the algorithm ensures that the system gets as close as possible.
Local search maps the problem in a ‘landscape’ or problem space in which the lowest

points represent the best solutions (playlists). The problem space can be seen as the
aggregation of all cost functions f (x) determined for all constraints. The process of
finding a solution, then, is minimising the cost function by finding the lowest point in the
problem space. A local search algorithm takes a starting solution x, and then searches
all neighbouring solutions (computed using a neighbouring function N(x), which makes
small changes in the playlist x by inserting, deleting, replacing songs or by swapping two
songs that are already in the playlist) for a solution y that performs better than x. When the
starting point is on a ‘hill’ (this implicates bad solutions), the local search algorithm ensures
the direction towards a ‘valley’ (which implicates good solutions), usually the nearest one.
However, when the bottom of a valley has been found, the algorithm can no longer find
lower points in its neighbourhood and thus gets stuck in a local minimum. There are several
ways to escape from local minima.

Tabu Search

One of these, by Glover (1986, 1989), is by keeping track of places that an algorithms
has already visited in a tabu list and assigning a temporarily low fitness to these solutions,
making sure the algorithm does not visit them again within a specified time interval. This
means that eventually the algorithm will be forced to ‘climb up’ from valleys to find a new
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local minimum (which might turn out to be the global minimum x∗, eventually).

Evolutionary Computing

Another way is by introducing a randomisation function, a technique that is frequently used
in evolutionary computing (for the foundations of evolutionary computing, see Holland,
1975). In an evolutionary algorithm a randomisation function is used to mutate a member
of the population, whereas usually recombination is used to create new members.
In themost general form of an evolutionary algorithm, we repeat a number of steps while

neither the maximum possible or required fitness nor the maximum number of populations
have been reached. First, a new population is generated from the current population. Then,
the fitness of this population is calculated, and parts of the current population are replaced
with the new population.
The generation of the new population is done by selecting random individuals from the

current population who will become parents, and selecting the best individuals; these will
be members of the next generation as well. A number of new individuals are migrated to
the new population, too, and new children are made by applying crossover to the parent
selection, and mutating the results.
The difference between local search and evolutionary algorithms lies in this recom-

bination feature. The probability distribution function governing the generation of new
points for the set of possible solutions for blind random search is globally uniform, and
for stochastic algorithms such as simulated annealing local search (see below) it is locally
uniform. For evolutionary algorithms, interactions between points in the population are
established by the recombination of parts of selected parents in the population. These
interactions between points is reflected in the resulting probability distribution function,
which hence is non-uniform (Eiben & Smith, 2003).

Simulated Annealing

In analogy to the physical annealing of a solidwhen it is heated to a temperature high enough,
simulated annealing (Kirkpatrick, Gelatt & Vecchi, 1983) is a variant of the local search
algorithmic model which is influenced by a control variable t, which models temperature.
The probability that a neighbour y of the current solution x is accepted is defined as 1 when
it is better than the current solution, or by exp

(
f (x)− f (y)

t

)
otherwise. The control variable t

is decreased on every algorithm step.
The control variable is set to a high initial value, which makes the algorithm behave

like random search. When the control variable decreases over the course of the search, the
chance of accepting worse solutions becomes smaller as well.
So, in addition to the specification of possible solutions, a neighbourhood function and a

cost function, like any local search algorithm, simulated annealing requires the specification
of a so-called cooling schedule which determines the behaviour of the temperature t in
the algorithm. A number of schedules have been proposed in literature, including some
theoretical schedules that guarantee an optimal solution but requiring an infinite computing
time. Some alternative schedules have been developed, among which the geometric cooling
schedule, which is much simpler yet much more cost-efficient.

Voting Principle

An increase in efficiency is presented by Vossen (2005), who names it the voting princi-
ple. The voting principle helps satisfy constraints that have very few songs in the music
collection that change the cost. Because of that, it is hard to find these songs in the normal
randomised neighbour selection of the SA algorithm. The voting principle states that for
those constraints (in particular those that require the determination of a cardinal value over
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the entire playlist, or an integer or a fractional count of attributes in the playlist) it is more
efficient to introduce a bias into the neighbouring function. Voting is only used in 1 of
every 10 steps in the APG implementation, because most constraints can be satisfied with
normal randomised simulated annealing.
The neighbour selection procedure roughly works in three steps. In the first step, one

of the moves in {replace, insert, delete} is chosen, which respectively replace a song that
is already in the playlist, insert a new song on an open position, or delete a song from
the playlist. In the second step, all constraints mentioned above get a vote on all possible
playlist positions for the selected move. When a position is likely to decrease the penalty
for a particular constraint, it will cast a positive vote, and a negative vote otherwise. When
a song is considered that does not influence the penalty of one of the constraints that are
allowed to vote, the constraint does not vote.
The third step is the selection of a song, in the case of a replace or insert move. For song

voting, not all songs in the music collection are regarded, which increases the procedure’s
efficiency. After a move with a song has been selected, the voting procedure is completed.
Then, the simulated annealing algorithm determines whether this move is accepted or
rejected, dependent on the resulting change in penalty of the move, and the temperature t.

2.5 Music Adaptation

As we have seen in the first sections of this chapter, music works best as a motivator
when it is synchronised to the exerciser’s movements. Now that a way to select music is
determined, we will outline three ways in which to adapt the music. These are controlling
the dynamics, time scaling and spatial positioning.

2.5.1 Dynamics Control

One of the most straightforward ways to influence music is to simply ’turn the volume
knob’, that is, make the music sound louder or softer. As is shown in Table 2.1, an increase
in volume corresponds with the sensation of higher speed. The increased speed perception
will have a motivational effect on the exerciser.
Volume control has been a standard feature of nearly everymusic player implementation

on a personal computer.

2.5.2 Time Scaling

Time stretching means playing back the music either slower or faster (i.e., changing the
audio stream duration) without affecting its pitch. This latter part is important, since when
pitch is shifted, the music starts sounding strange.
The problem with most early algorithms is that they expand or contract the wave forms

of the sounds and thereby transpose the pitch of the music as well, in much the same way the
record player at the wrong rpm setting would. The analogy is to play a 33 rpm vinyl record
at 45 rpm - the tempo of the music will be faster, but the music will sound higher as well,
giving a ‘Mickey Mouse effect’ to the singer’s voice. However, a number of algorithms
have been proposed that can do time scaling while not altering the pitch.
One of these is the Synchronous Overlap and Add (SOLA) algorithm by Roucos &

Wilgus (1985) and Makhoul & El-Jaroudi (1986). Its workings are described in detail
by Zölzer (2002). The signal is divided in overlapping blocks. In the overlaps of these
blocks, the algorithms searches for similar parts. These similar parts are then chosen as the
fading point between the two blocks, and the rest of the blocks is discarded. Figure 2.3 (an
adaptation of Figure 7.7 in Zölzer) illustrates this.
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Figure 2.3: Time stretching using the SOLA algorithm

The PSOLA, or Pitch Synchronous Overlap and Add Algorithm (Moulines & Char-
pentier, 1990), is a variation on the SOLA algorithm focused on voice processing. Its
hypothesis is that the sound is characterised by a pitch and hence the knowledge about the
pitch can be used to synchronise the time segments to avoid pitch discontinuities. In fact,
the algorithm places pitch marks at points in time where the amplitude is maximal or at
glottal pulses, and the blocks that are thus created are used to form the new waveform.
When stretching, additional pitch marks are added in the same pace as the original ones.
For a more detailed description, see again Zölzer (2002).
A popular open source implementation of a variant of SOLA, WSOLA or Waveform

Similarity Overlap and Add Algorithm (Verhelst & Roelands, 1993), is made by Parviainen
(2002) in his SoundTouch audio processing library. As opposed to SOLA, which uses
output similarity as its main synchronising method, WSOLA employs input similarity. The
WSOLA algorithm uses a detection mechanism for similar waveforms in order to find better
’cut and paste’ points than PSOLA is able to.
All xSOLA variants use the same approach, yet differ in the points selected to find

overlaps and division points. The removal or duplication of parts of the waveforms comes
at a cost, which limits time stretching usability above certain stretching or contraction
levels, roughly 10-20% depending on the music type and its application. As an example
of the effects of time stretching above this levels, imagine a very short sound, for example
the hit on a hi-hat by a drummer. If this sound is stretched over a certain level, the length
of the sound becomes longer than naturally possible, which might either sound awkwardly
unnatural or plainly impossible, depending on the listener. When the music in which the
hi-hat is supposed to sound is contracted too much, it is possible that the entire sound gets
lost in the process. This would introduce strange gaps in the drummer’s rhythm.

2.5.3 Spatial Positioning

The introduction of the Digital Versatile Disc, or DVD, meant a 5.1 sound configuration is
available in many homes, in which five full-range channels (left, center, right, left and right
surround, or ‘rear’) along with one low-frequency effects channel (LFE) could be coded.
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This last channel uses only a tenth of the bandwidth of the other channels, hence it is referred
to as a ‘.1’ channel. A lot of 3D audio technologies have emerged in recent years that have
tried to bring the same surround sound experience from two speakers or headphones. This
technique is called acoustic modelling. In Gardner (1999), the underlying principle for
most of these techniques is described.
The question is how humans perceive and, more importantly, localise sounds using just

two ears. The answer lies in the difference between the sound levels and the moment in
time the sound reaches the different ears. This difference, the head-related transfer function
(HRTF’s) can be measured using dummy heads that have microphones in the place of their
ears, and computing the difference between the input of the two microphones. The HRTF’s
for the specified location are then derived using a computer.
A 3D audio system then uses the measured HRTF’s to reproduce the sound localisation

cues and the listener perceives the sound at the location specified. This process is called
binaural synthesis (Gardner, 1999). According to Wightman & Kistler (1989), this process
works extremely well when the user’s own HRTFs are used to process the localisation cues.
However, since measuring the HRTFs is a complicated procedure, most 3D audio systems
use a single set to accommodate all users. There is a number of associated problems,
as every listener has a different sized and shaped head (see Wenzel, Arruda, Kistler &
Wightman, 1993). However, when using headphones the negative effects are reduced,
since it can be guaranteed that the sound intended for one ear only reaches this ear and not
the other.
A number of techniques is based on this principle, which employ a decoding technique

to generate a virtual surround environment, based on a 5.1-encoded source and the technique
of noise cancellation (Schobben & Aarts, 2002). The idea behind this technique is that each
virtual speaker has its own characteristics and location, and so the sound it produces will
reach the ears earlier or later and with its own sound characteristics. The image of these
virtual speakers is then summed to two channels, left and right, and so the option to create
virtual surround on an ordinary stereo headphone has become a reality.
Linking back to the current project, this means it is possible, although not perfectly,

to lead a listener wearing headphones into believing the sound is coming from beyond the
headphones. Also, the exact location from which the sound is perceived can be determined.
This can be useful in developing motivation techniques.

2.6 Conclusions

We will outline our decisions and conclusions drawn from the conducted literature research
on the specific areas of music selection, music adaptation and the indirect influencing of
heart rate.

2.6.1 Music Selection

In the development of his Automatic Playlist Generation (APG) algorithm, Vossen (2005)
has compared a fairly large number of different ways to implement local search techniques.
His APG implementation supports a number of different parameters to configure the algo-
rithm to choose between a number of algorithms and settings. During his tests, he arrived
at optimal settings for the problem of playlist generation. These settings favour the use of
simulated annealing and the voting principle.
As we will see later on, the IM4Sports project requires only a limited number of

constraints for the selection of playlists (or actually play sets as we will also see). Therefore,
the exact constraint satisfaction approach taken does not have a crucial impact on the project.
The APG implementation suffices all requirements the project poses on the constraint
satisfaction mechanism, and hence will serve as the method of choice for this project.
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In his thesis, Vossen attributes typical performance of his implementation: even for
problems with quite some conflicting constraints, an optimal solution approximation is
generally found within 2 seconds, for a playlist length of 10 songs and a music collection
of 2,500 songs on a PC platform. The problem for song selection in the IM4Sports project
is even easier as no ordering constraints are used. For problems with fewer constraints,
typical calculation time is less than 300 ms. Thus, the APG implementation does not pose
a significant constraint on the system’s adaptation speed.

2.6.2 Music Adaptation for Exercise Motivation

In Section 2.2 we have seen that music can be an instant motivator, especially when aligned
with exercise tempo. This exact idea forms the foundation of the IM4Sports system. In order
to align music, tempo adaptation techniques need to be used. The latest version of SOLA
algorithms, WSOLA, provides an efficient technique with better performance and better
quality than its predecessors, for which, as we have seen, an open source implementation
is already available. Hence, the SoundTouch implementation of WSOLA will be used for
song stretching.

2.6.3 Influencing Heart Rate

As the system will be provided with a training program that specifies a particular heart rate
zone as a goal for an exercise, we need to measure the current heart rate of the exerciser.
Several sensors exist that are able to do so. We also need to influence the users heart rate to
reach the level specified in the training program. No safe direct way to manipulate the heart
rate exists, which implies we need to influence the heart rate using an indirect method.
One of the important aspects of the system is that it tempts users to modify their

exercising effort to fit with a specified training goal (e.g., a certain heart rate level). We
have seen we have a way to measure the exercise effort in terms of step frequency and,
more importantly, to influence the step frequency using music. We have also learned that a
linear relationship between heart rate and exercise effort exists (Wilmore & Costill, 2004).
This means we are able to influence the heart rate indirectly, via the step frequency, as long
as we remain in sub-maximal effort levels (as we have seen, the heart rate begins to level
off near the point of exhaustion). This is illustrated in Figure 2.4.
So, the influencing of heart rate can be done, for example, by increasing music tempo

slowly, so the user is encouraged to increase running speed. We assume the discrepancy
between the current running speed on the one hand, and the running speed that follows from
the training program on the other, can be determined. The resulting percentage can act as
an input for the music tempo change, but also for other motivational adaptations.
One could think of an exerciser whose music is at a comfortable level when she is

running at the right speed, while the music volume decreases when her speed is too low.
Perhaps an even better implementation is to combine this volume adaptation with a surround
headphone and play the music at the center position when the running speed is right, but
transfer the music to the back or the front when the exerciser runs too fast or too slow,
respectively. One could image the music being a virtual training coach that ‘runs with the
exerciser’ like a real coach would, and dictates the running speed - all the user has to do is
follow.
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Figure 2.4: Heart rate control via step frequency

22



Gertjan L.Wijnalda

Chapter 3

System Design

3.1 Introduction

In this chapter, we will propose our design for the IM4Sports system. As a rationale for the
design decisions, we will refer back to the requirements presented in the first chapter.
One of the requirements for the system is that it should suggest music content for

during exercising (Functional Requirement FR 4). The user’s digital music collection will
generally be stored on a personal computer in the form of MP3 files. Since exercising
will not take place in front of the computer, this means a selection has to be made before
exercising.
The requirement that the system should learn from the exercise data (Functional Re-

quirement FR 8), means that also after exercise some actions have to be taken.
The requirements imply three different system stages. The following can be distin-

guished:

1. The off-line stage before exercising (preparation stage);

2. The on-line dynamical stage during exercising (exercising stage);

3. The off-line stage after exercising (feedback stage).

In the preparation stage, the training program and the music selection on the portable
device are determined. In the on-line exercising stage, the played back music is adapted
to the users performance. In the feedback stage, performance data of the user is collected,
presented on screen, and used to personalise the music selection in the next preparation
stage.

3.2 Song Order Selection

For the selection of the actual song that should be played during exercising, two different
methods can be considered: generating a playlist up front, in the preparation stage, or select
songs while exercising, in the exercising stage.
Amajor advantage in generating the playlist before exercising lies in the fact that several

(good) algorithms for off-line playlist generation already exist (see Chapter 2). Only new
constraints would have to be introduced that deal with the specific criteria for song selection
in the current project. Another advantage is the availability of greater processing power on
the Base Station as opposed to the portable Player.
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Figure 3.1: The three stages in the system and the data flow between them

However, the major problem with this setup is that not all desired music characteristics
can be produced beforehand – the music that would be needed to guide the performance
of the user depends on the actual performance, which cannot be known beforehand. Three
arguments for this statement can be given:
The playlist has an arbitrary length. Take for example a runner who has selected a

training program that includes running five kilometers. We don’t know how long this
will take her, since that depends on her physical condition, experience, current mood,
environment, and motivation. Also, suppose she finishes the five kilometres when she’s
only 500 metres from home and wants to continue running until she gets there. Of course,
we would not want the music to stop because the playlist has finished.
The user performance might require a different song tempo during exercising. The

proposed method requires synchronisation to the user’s step frequency (as opposed to, for
example, the other way around). The user’s step frequency might demand for a different
kind of song than the one that was imagined during playlist generation, since a limitation
of song stretching, which we’ll come to later, is that not every song can be played at every
tempo. A song can only be played a limited percentage slower or faster until the results get
too horrid to listed to. Hence, when a much faster/slower tempo is needed than the current
song has, a different song has to be selected - and this moment is not known in advance.
The user performance might require a different song characteristic during exercising.

When the user is running, her performance might be so disappointing in terms of the prede-
fined training program, that she will need a boost in morale. At this point in time, depending
on the users musical preferences, for instance a hard rock song, a song by Marillion, or a
song with loud rhythm might get the user back on the desired performance level.

All the problems mentioned above could be circumvented by creating much longer (to
counteract the arbitraries in playlist length) and lots of different (to accommodate the need
for different songs) playlists. Since the resulting system would allow for a great deal of
flexibility, a dedicated algorithmwould be needed to switch playlists while exercising. Such
an algorithm could, in fact, pick individual songs as well as playlists, thus eliminating the
need to generate playlists upfront. Selecting music during exercise would in fact bring even
more flexibility to the system. This is why we decide to select songs during exercise instead
of up front. However, even though not the entire playlist is generated before exercising,
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we still need to select the right songs to take on the portable device, the Player, based on
training program expectations.

3.3 System Stages

In the system setup that follows from this notion, the content of the three separate stages
can then be defined as follows (Figure 3.1):

1. In the off-line (preparation stage) before exercising, the training program and the
pre-selection of the music for the portable device are determined (details will be
presented in Chapter 4);

2. In the on-line (exercising stage), music is selected, played and altered according to
the performance of the user (Chapter 5);

3. In the off-line (feedback stage) after exercising, performance data of the user is
collected, presented on screen, and stored for later reference. The analysed data can
then be used as an input for the next off-line preparation stage (Chapter 6).

As described, both off-line stages take place on a personal computer, the Base Station,
whereas the on-line stage is embodied by a portable device, the Player. The Player is
connected to the Base Station in both off-line stages.

3.4 System Parts

The entire IM4Sports system consists of a number of important main components, which
are depicted in Figure 3.2.
The off-line preparation stage is implemented by a single intelligent component, the

SongSelect algorithm. As the name suggests, it selects songs from themainmusic database
that will be included on the portable device. It takes into account the training program, and
a tempo distribution per exercise. Tempo distributions are made per exercise, and represent
the probability that music of a certain tempo will be needed in a particular exercise. At first,
these will be based on statistical data from particular gender/age groups, but in time they
are refined to reflect a more personalised view on the user’s exercise behaviour.
The second important algorithm, MusicMotion, implements the on-line stage. It gets

the device content and training program as input, as well as the user’s heart rate and
step frequency. To determine the current exercise intensity, information about the user’s
maximum heart rate is retrieved from the user model. The MusicMotion algorithm uses
these variables to influence the music the user hears, and tries to motivate and influence the
exercising with its musical output. It consists of three components, which will be detailed
in Chapter 5.
The third algorithm, TempoInference, learns from previous exercises performed by the

current user. Like the MusicMotion algorithm, it utilises information from the used model
to reflect the user’s characteristics in its workings. Using the exercise data received after
exercising from the MusicMotion algorithm, it adapts the appropriate tempo distributions
to fit them better to the user’s exercise behaviour, by modifying the constraints used for
song selection in the next training session.
To be able to fully understand the details of all algorithms, it is important that their input

and output from other components of the system are known. The training program, which
is used in all the stages, is discussed in the next section. Thereafter, we will briefly describe
the user model, before, in the remainder of this chapter, we explain some implementation
facets of the processing of physiological input, the propagation of musical output and the
communication between system components.
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Figure 3.2: The different algorithms in the IM4Sports system
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3.5 Training Programs

One of the key parts in the IM4Sports system is the training program, which is an input
of the system according to Functional Requirement FR 2. It is defined by the user, and
defines what behaviour the system should show during the different exerciser that the
training program consists of. The following representative examples (Tables 3.3-3.5) were
taken from the largest website on running, Runners World (n.d.). All share some common
characteristics which we will use to determine the training program format for IM4Sports.

day exercise type duration intensity
Sunday run 20-30 min 50-60%
Monday -
Tuesday jog 5 min

run 5 min 70%
walk 5 min
run 5 min 70%
walk 5 min
run 5 min 70%
walk 5 min

cool down 5-10 min
Wednesday -

Thursday run 20-30 min 65%
Friday -

Saturday run 40-50 min 60-65%

Table 3.3: Runners World: Polar beginner’s program

3.5.1 Common Characteristics

Each training program specifies different exercises with different lengths. The exercise type
differentiates between exercises that require a form of running (walking, jogging, running
and sprinting), and other types mainly used for recovery or warming up.
The duration of an exercise is generally expressed using either the time of the exercise,

or its distance in miles or meters. In some cases, however, the duration in time or distance
is unknown and instead the time needed to reach another goal (for example, a specific heart
rate zone or a given step frequency) forms the duration of the exercise.
In the IM4Sports system, an additional category is introduced which allows training

programs to specify their duration or intensity in step frequency. This category is not
generally used in training programs currently, because the step frequency (in steps per
minute) is not easily monitored using conventional training devices (usually a heart rate
meter watch). It is specified indirectly, though, in the specification of minutes per mile
(MPM) when training for 5K, 10K or the (half-)marathon, which roughly indicates the
speed of the training and hence, with a fairly constant stride length, a rough estimate of the
step frequency.
When we view each day of the week in the tables as a separate training program,

we quickly arrive at the definition we use in the IM4Sports system, which includes an
exercise type column, a duration column which can be specified in distance, time or state
’heart rate zone’, an intensity range in which the heart rate or step frequency zone is
specified. In addition, an IM4Sports training program features a column which specifies
what happens when the current exercise is finished: it could repeat, or the training program
could automatically skip to the next exercise.

27



Interactive Music for Sports Chapter 3. System Design

day exercise type duration intensity
Monday -
Tuesday run 2 miles

run 1:00 70-80 %
jog 50-60 %
run 1:00 70-80 %
jog 50-60 %
run 1:00 70-80 %
jog 50-60 %
run 1:00 70-80 %
jog 50-60 %

Wednesday -
Thursday run 4 miles

walk 50-60 %
run 100 meters
walk 50-60 %
run 100 meters
walk 50-60 %
run 100 meters

Friday -
Saturday run 3-4 miles

Sunday run 6-7 miles

Table 3.4: Runners World: Your ultimate half-marathon training program

day exercise type duration intensity
Sunday run 70 min 65%
Monday -
Tuesday warm up 15 min 65%

run 5 min 80%
walk 3 min
run 5 min 80%
walk 3 min
run 5 min 80%
walk 3 min

cool down 5-10 min
Wednesday jog 30 min 60-65%

Thursday run 20 min 70%, increase to 80%
Friday run 45 min. 60-65%

Saturday -

Table 3.5: Runners World: Weekend Racer program
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<trainingprogram>

<exercise type="IM4S_PACEMATCHING">
<duration type="time" val="5" />
<afterExercise type="skipToNext" />

</exercise>

<exercise type="IM4S_MOTIVATION">
<duration type="time" val="10" />
<intensity type="pace" min="100" max="120" />
<afterExercise type="skipToNext" />

</exercise>

<exercise type="run">
<duration type="time" val="30" />
<intensity type="range" min="40" max="80" />
<afterExercise type="continue" />

</exercise>

<exercise type="walk">
<duration type="distance" val="3000" />
<intensity type="single" val="40" />
<afterExercise type="skipToNext" />

</exercise>

<exercise type="jog">
<duration type="heartrate" />
<intensity type="range" min="50" max="100" />
<afterExercise type="continue" />

</exercise>

</trainingprogram>

Figure 3.6: A sample training program in IM4Sports XML format

3.5.2 Definition and Specification

A training program in the IM4Sports system is specified in a particular file in XML format.
Its XML schema is given in Appendix C. A sample training program is shown in Figure 3.6.
A training program, like the one we see in the example Figure, is specified within

the <trainingprogram> tag. A training program can contain an unlimited number of
exercises (these are specified within <exercise> tags). Like in all example training
programs included in this chapter, every exercise includes a non-unique type identifier
which specifies the exercise type, such as ‘run’, ‘walk’ or ‘jog’.
A number of special exercise types have been included to prompt the IM4Sports sys-

tem to switch to a specific mode (these are ‘IM4S_FREEFORM’, for free form mode,
‘IM4S_CRUISECONTROL’, which puts the system in cruise control with fixed speed,
‘IM4S_PACEMATCHING’, for pace matching mode, and ‘IM4S_MOTIVATION’, to
switch to motivation mode). They carry a parameter attribute which has a different
meaning dependent on the exercise type. No parameter exists for the free form mode. For
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cruise control mode, the parameter specifies a music speed (in beats per minute) which can-
not be changed during exercise. The parameters for the other two special exercise types are
dependent on the chosen implementation, which is why they will be detailed in Chapter 5.
Every exercise must carry a specification of its duration. The duration can be specified

in a number of ways:

1. Time, in which a number of seconds can be assigned to an exercise. This would be
used for running or jogging exercises with a fixed length in time.

2. Distance, which determines the duration in a number of meters that must be covered
in this exercise.

3. Heart rate, which means that the exercise is considered to be finished when the value
specified by the exercise intensity is reached.

A specification of exercise duration in ‘heartrate’ can be used, for example, for certain
cool down exercises which require the heart rate to drop below, for example, 40% of (HRmax.
The exercise duration is specified with the <duration> tag and its required type attribute.
The val attribute specifies the actual length, in seconds when type is ‘time’, in meters
when it is ‘distance’.
The exercise intensity (specified in the XML file with the <intensity> tag) can either

be empty, be specified as a fixed value (val attribute) or as a range (min and max attributes).
If the intensity is not left empty, it must be specified as a step frequency value (when
the intensity type is ‘pace’) or a percentage of HRmax (intensity type ‘heartrate’). When
exercising, the system will make an effort to motivate the user to stay within the specified
heart rate zone or as close as possible to the specified step frequency.
For convenience, it is possible to specify whether, when an exercise’s goals are reached,

the system needs to automatically advance to the next exercise or continue the present
exercise until the user indicates that the system should start the next exercise. For example,
an exercise like ‘run 5 kilometers’ will likely not skip to the next exercise automatically,
because it probably will not be finished after exactly that distance, whereas for a repetitive
exercise series such as on Tuesday in Table 3.5 an automatic advancing behaviour would
be preferred. In the XML training program file, the <afterExercise> tag specifies what
happens after the exercise, which can be ‘skipToNext’ exercise or ‘continue’ this exercise.
Data Requirement DR 1 is fulfilled by the definition of a training program above, as it

specifies the kind of exercise, the duration and the intensity.

3.6 User Model

The user model is the location where some important characteristics of the user are stored.
In the current implementation, only age and gender need to be stored, as these are the only
variables used in the system. HRmax is calculated using these variables with Equation 2.1.
In future extensions, HRmax can be inserted when obtained after careful testing. All

these values, which potentially influence the behaviour of the system, can be stored in the
user model. For example, we could extend the system by storing variables like the user’s
fatigue curve, music taste, and stride length.
Also, to further personalise the interaction between the user and the system, the user’s

name and other personal information can be stored. As another example, the current location
could have an influence on the behaviour of the system if it would recommend training
programs – if the system knows the distance from the current location to the running track
where the training session will take place, it could suggest a warming up covering this
distance with a few stretching exercises in between.
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3.7 Implementation

In the following section, we will describe the implementation of the physiological sensors
for heart rate and step frequency, as well as the playback of music.

3.7.1 Physiological Input

Heart Rate

Heart rate is collected using a heart rate belt transmitter and a heart rate receiver, which is
attached to a joystick interface. It comes in the form of an easily attached box with a mini
jack connector, which we attached to one of the buttons of a joystick interface. The joystick
interface, in its turn, was connected to a USB convertor and, utilising a 2 m USB cable, it
was connected to the computer on which the system software was running. We chose this
setup to minimise the amount of interference the receiver gets from testing setups featuring
a treadmill. The magnetic radiation of a treadmill (or similar devices such as hometrainers)
can possibly distort the signal picked up by the receiver.
The IM4Sports system utilises a C++ program which continuously reads all input from

the USB port. The program, hrsfm1, attaches a time stamp to all incoming heart rates
and writes these to its standard output. Thus we assure that all heart rates get a machine
time stamp for later comparison. The counterpart of hrsfm in the online stage Sensory
Framework, PhysioState, processes the messages from hrsfm on its standard input. The
heart rate messages are of the form hr <time stamp> <heart rate>. The time is the machine
time stamp, which is defined as the number of milliseconds from January 1st, 1970, 0:00am
GMT.
Some heart rates, however, are not communicated on standard output. The hrsfm

program contains an internal filter which determines whether a heart rate is possible or not.
These heart rates may show up because of interference between the sensor’s sender and the
receiver, or because the sensor moves around over the exerciser’s chest, and occasionally
interprets such a move as a heart rate. Heart rates higher than 250 are not possible for a
human exerciser at sub-maximal effort. Hence, heart rates above this threshold value are
discarded. In addition, hrsfm calculates the five-point moving average over the heart rate
before it puts in on its output.
The PhysioState component, in its turn, parses the messages from hrsfm and sends

the actual heart rate to the Scheduler component. These components will be outlined in
Chapter 5. In addition, it logs the received values in a comma separated file (csv format)
HeartRate.csv, in the format <time stamp>, <heart rate>.

Step Frequency

The step frequency is read through a pedometer as described in Section 2.3.4 communicated
through a USB joystick interface, like the heart rate. The hrsfm program also reads the
step frequency and puts the value on its standard output.
Similar to incoming heart rates, some preprocessing is done by the hrsfm program. It

calculates a five-point moving average from the incoming step frequencies and puts this
value on its output, and also keeps track of the step count (which is increased by one on
every incoming step frequency). Also, values that would result in a step frequency above
250 steps per minute (spm) are discarded.
As an additional filter to check for spurious steps, the kurtosis excess or ‘peakedness’

of the sample data is calculated. The kurtosis excess is the fourth moment about the mean,
with a correction term to ensure the kurtosis of a normal distribution equals zero, and is

1Heart Rate and Step Frequency Monitor.
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defined by:

Kurt(x) =
µ4

σ4 − 3 =

∫ +∞
−∞

(x − µ)4 f (x)dx

σ4 − 3

Kurtosis is a measure of whether the data are peaked or flat relative to a normal distribution.
That is, data sets with high kurtosis tend to have a distinct peak near the mean, decline
rather rapidly, and have heavy tails. As we expect the step frequency to be fairly equally
distributed (that is, not with a large peak in it) over the tested interval, we can use the
kurtosis as a measurement to eliminate incorrect input step frequencies.
For example, kurtosis values above 12 (which has proven to be an efficient threshold

value in the experiments with the IM4Sports system) indicate that the corresponding value
has an exceptional tangent, and thus is quite out of range with respect to the values around
it.
All information is written to standard output in the form sf <time stamp> <step fre-

quency> <step count> <kurtosis>. The output is processed by the PhysioState compontent,
in which the kurtosis threshold is enforced.
All received values are written to a comma separated file StepFrequency.csv, in the

format <time stamp>, <step frequency>, <step count>, <kurtosis>.

3.7.2 Music Output

Music output is implemented using the XMultimedia System (XMMS) application by Alm
& Alm (2004), which is a multimedia player for UNIX systems. It was chosen as the music
player for the IM4Sports system as it is open source and hence easily modifiable if needed,
and a decent time stretching plugin is available for it.
The PlayerInterface component in the IM4Sports system receives messages from the

Scheduler component regarding the music output of the system, such as ‘play song x’, or
‘change the tempo to 148 in a period of 10 seconds’.
Berger (2002) has developed a plugin for XMMS, sndstretch_xmms, which allows

time stretching of songs by specifying the appropriate stretching level in a percentage of the
song’s intrinsic tempo. The right value is calculated by the PlayerInterface, when it receives
a command from the Scheduler. The stretching performance of the plugin is not very well,
as it introduces a large number of audible artifacts into the music output when contracting
or stretching to levels above 10%. Hence, Parviainen’s (2002) WSOLA implementation
was modified to substitute the original plugin’s stretching algorithm. Its performance does
not include artifacts for stretching levels up to 50% and contraction levels up to 25%.
Unfortunately, XMMS does not have a standard way to communicate to its plugins

through commandline parameters. Hence, the PlayerInterface communicates with the
sndstretch_xmms plugin using an external program, xmmsspeedcontrol, which writes
to memory it shares with the plugin. It can be called to read the current stretch value or
set it. Song changing is done by directly calling XMMS with the appropriate commandline
parameter (XMMS can be configured to not spawn multiple instantiations of itself, so
starting a new XMMS in effect changes the parameters on the old one and then exits the
new instantiation).
In addition to forwarding message to XMMS and its plugin, respectively, the Player-

Interface also logs all commands it issues in a comma separated file Player.csv in the
format <time stamp>, <music tempo>. In addition, a file Songs.csv is maintained in
which on every line a <time stamp>, <song title> pair indicates song changes made by the
PlayerInterface.
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Chapter 4

Selecting Music

4.1 Song Selection Process

The selection of a music collection that is transferred to the Player in the first off-line
stage is specified by Functional Requirement FR 4 (the system should suggest a new music
collection on the Player that best fits the characteristics of the specified training program).
We assume that Data RequirementDR2 (meta data onmusic should be available) is fulfilled
by the inclusion of ID3 tags in the user’s MP3 collection.
The SongSelect algorithm uses a phased selection process. The on-line song selection

is done by theMusicMotion algorithm in the exercise stage, which leaves the contents of the
portable device, based on the available music and the training program, to be determined by
theSongSelect algorithm. In this selection process the following steps can be discriminated
(see Figure 4.1):

1. Use the user preferences to decrease the population of songs to a pool of songs that
are liked by the user;

2. Determine what songs from that pool are most probable to fit within the playlist of a
given exercise (along with alternatives with a different average speed or mood), and
use these as a ‘pre-selection pool’;

3. Transfer the pre-selection pool to the portable device.

The selection of music according to user preferences is already accounted for in litera-
ture, as has been illustrated in Chapter 2. Therefore, in the current project we will focus on
the off-line algorithm that selects the music based on a training program. User preferences
can be added to the system by either simply removing all non-preferred music from the
initial database to obtain a database of ‘user-preferred music’ (this is depicted in Figure 4.1),
or by adding user preference to the off-line selection algorithm.

4.2 Music Selection for Training Programs

In Chapter 3, it was determined that in the preparation stage, songs are selected based on a
number of constraints:

1. The training program;

2. The available music (music database);

3. The storage space that is available on the portable device.
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initial music
database

user-preferred
music

preselection
per exercise

device
contents

Figure 4.1: The process of selecting the device contents from the music database
The scope of the current project is marked with a dotted line.

Themain problemposed in this system stage is how the system should selectmusic based
on a training program. We will research the defining characteristics music to fit a particular
training program. In the previous chapters, we have already seen that many training
programs include jogging, running and walking exercises. The two main differences
between these particular exercise types are:

1. The step frequency at which the exercise takes place;

2. The intensity at which is exercised.

In addition, other exercises such as warming up, cooling down, stretching and recovery,
can be found in training programs, in which the exercise step frequency does not play a role
that is as prominent as in the previous examples. Arguably, although the music for these
exercises should fit a certain profile (one might not like to hear fast music when cooling
down), the exact tempo is less important, and could be seen as a preference that differs from
user to user. Therefore, we will currently focus on exercises in which tempo is a prime
concern.
In this chapter, we will outline the design of the preparation stage of the IM4Sports

system. First, based on extensive experiments, gender/age group distributions for different
types of exercises and heart rates will be determined as a starting point. During the use of
the system, these distributions will be personalised towards the user’s performance. When
a distribution per exercise is obtained, the relative weight of the exercises in the training
program is determined and from the weighted exercise distribution the training program
distribution is calculated. Finally, the global distribution is mapped to the available device
space in order to optimally fill the portable device with music.

4.2.1 Gender/Age Group Distribution

Selecting music based on a training program can be done by first converting the described
heart rate (zone) to an average step frequency for the exercise. When a heart rate zone is
given, we take the average heart rate for that exercise as the approximation of the entire
zone.
Our starting point to make this conversion is an average tempo for every possible user

group for all exercises. According to Wilmore & Costill (2004), age and gender are the
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Figure 4.2: An example of a normal distribution with µ = 100 and σ2 = 3

two most important user characteristics that determine the level at which the heart has to
work at specific exercise intensities. These characteristics are readily available, as opposed
to characteristics such as health or fitness. A possible way to obtain this data is to let
representative members of the gender/age groups perform all exercises while keeping their
heart rates constant at a certain number, and averaging out the results.
The end result of this experiment will be a table which includes for every gender/age

group and all heart rate zone (say, 50%-90%), and an average step frequency. According
to the well-known law of large numbers, when all statistical data is collected and averaged
out, a normal distribution will be found.
Say, we have an exercise which goal is to keep the exerciser at 50% of HRmax, and a

male exerciser of 18 years old. Let us assume that for the ‘male/under 20’ group, 50% of
HRmax equals a step frequency of 117 steps per minute with a variance of 3. This means that
in order to get a good result for a user from this gender/age group, we need to draw songs
from a normal distribution with a mean µ of 117 and a variance σ2 of 3

(
i.e. N(117, 3)

)
.

The idea of the proposed system is to use the gender/age group distribution as a start-
ing point, which will be updated after each training session, when the user has actually
performed the specific exercise belonging to that distribution. In this way, the system will
become more tuned to the characteristics of its user with every learning step. Updating the
distribution is done after exercising, in the feedback stage, and will be described in detail
in Chapter 6.

Fatigue Curve

The amount of energy the user can put in the exercise decreases while exercising, when the
user gets tired. This phenomenon of decreasing performance has an associated curve called
the user’s fatigue curve (see for example Gabriel, Basford & An, 2000). The fatigue curve
shows how a user’s performance decreases after exercising for a certain time. For example,
a 3 minute run in the beginning of a training session will be ran at a different speed and step
frequency than the same 3 minute run at the end of a heavy interval training. In the current
implementation, we will not use the fatigue curve, but we mention it because it would be a
useful extension when further developing the IM4Sports system.

4.2.2 Global Distribution

When a distribution for each of the exercises in the training program has been found using
the method described above, all distributions can be summed to one global distribution. The
relative weight of the exercises should be taken into account. This weight w is proportional
to the length of the entire training program.
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Figure 4.3: Summing three distributions to one global distribution

One of the problems that arise is that some exercise durations may be expressed in
kilometres or target heart rate instead of time. For the distance duration exercises, we may
multiply the distance with the average running speed, taking into account the user’s fatigue
curve. For target heart rate, the user’s fatigue curve can be taken into account as well,
however, this relationship is not that straightforward and has to be investigated further.
Summing distributions is straightforward:

G(x) =
∑n

i=1 wi · Fi(x)∑n
i=1 wi

(4.1)

where n is the number of distributions. All individual distributions Fi(x) are summed
to get a global chart, which has to be divided by the summed weights of all distributions in
order to be a valid distribution G itself1.
The process of summing distributions is shown in Figure 4.3 for three non-normal

probability distributions with equal weights.

4.3 Constraint Definition

When a global distribution has been established for the entire training program, this dis-
tribution can be mapped to total playing time available on the portable device. Available
playing time is dependent on the amount of storage space on the device and the file size of

1This can be seen by temporarily ignoring the weights, and noting that the surface under the graph of a
distribution must always be one: hence, when summing n distributions, the surface under the graph will be
n · 1 = n. Dividing by the number of distributions results in the surface under the resulting graph to be one again.
When we use weighted distributions, dividing by the summation of the weights has the same effect.
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attribute description type
song ID a unique identifier nominal

title the title of the song nominal
artist the name of the performing artist nominal

album the name of the album nominal
track the track number on the album numerical

duration the song’s duration (in seconds) numerical
file size the size of the song file (in MB) numerical

genre the genre to which the song belongs categorical
year the year the song was released numerical

tempo the tempo of the song (in beats per minute) numerical
tempo marking the description of the song’s tempo ordinal

meter the meter of the song ordinal
mood the overall mood of the song categorical

key the tonality of the song categorical

Table 4.4: Song attributes

individual songs. Finding songs that match the global distribution is a whole other problem
for which, as we described in Chapter 2, local search algorithms are a suitable solution.
The Automatic Playlist Generation algorithm (APG), when supplied with constraints that
specify the demanded requirements, is such a solution.
APG uses formalised constraints that should hold for individual songs or groups of

songs (such as all songs that belong to one specific exercise), or constraints that should
hold for the entire music selection (i.e., the entire training program). Constraints can reflect
every aspect of a song as long as it is defined as a formal attribute of that song, such as the
users preferred genres, or the song’s tempo. A playlist is said to satisfy a constraint if it
meets the restrictions that are defined by that constraint. Otherwise, it is said to violate the
constraint.
The APG algorithm is designed to generate playlists, in which the order of songs is

important and restrictions on the order can be given. In the IM4Sports system, the order
of songs is not important. Therefore, no order-related constraints are instantiated in APG
and the generated playlist is considered a play set in which songs can only occur once and
which satisfies the given constraints, and of which the order is ignored.
We define a song as a finite vector s = (a1, . . . , aA) of A attributes. Every attribute

defines one feature of the musical piece, such as its title, the performing artist, genre,
duration, tempo and meter (for an overview, see Table 4.4). The user’s music collection is
then defined as a finite set of all m songs M = s1, . . . , sm.
The pre-selection p of music that we want to obtain in this stage of the system is an

unordered subset of M (p ⊆ M). The size of the pre-selection is not known beforehand, be-
cause an exercise may or may not be finished when the exercise requirements are completed.
We use the notation pi[k] to denote the k-th attribute of a song pi in the play set.

All Different Songs

To ensure that the generated playlist is a set, we must include a global constraint that states
that no two songs in the playlist can be equal. Formally, this all songs should be different
constraint could be defined by (p), where:

• p is a play set,

denoting that it has to hold that ∀pi, p j ∈ p : i , j → pi , p j, that is, all elements in p
must be different.
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The Size of the Play Set

The size of the play set is limited by the available space on the portable device that is used
for playing. If we assume that the k-th attribute of a song denotes its file size on disk, the
file size constraint could formally be defined as a triple (p, k,max), where:

• p is a play set,

• k is the attribute number of file size, 1 ≤ k ≤ A,

• max is the upper boundary for file size,

denoting that it has to hold that 0 ≤
∑

pi[k]∈p ≤ max, and in which max obviously denotes
the available storage space on the Player. We could define the lower boundary, currently
0, instead in terms of max, where we define a percentage in which the play set should
fill the device, for example min = 0.98 · max, thus denoting that it has to hold that
0.98 · max ≤

∑
pi[k]∈p ≤ max.

Musical Meter

The meter of the selected songs must be of a duple or two-fold meter, such as a march, so
that either 2 or 4 beats go into each measure. This is needed because due to the two-legged
nature of a human runner, duple meter songs are easier to synchronise to. For every step,
the music plays for one to eight beats, but the feet always land at one specific beat. In a
three-fold or triplemeter, such as a waltz, the foot impact, which follows a two-fold pattern,
shifts in every measure (Novacheck, 1998).
If we assume that the k-th attribute of a song denotes its meter, the musical meter

constraint could formally be defined by the pair (p, k), where:

• p is a play set,

• k is the attribute number of song meter, 1 ≤ k ≤ A,

denoting that it has to hold that ∀pi ∈ p : twofold(pi[k]), where twofold(x) is a Boolean
function that is able to determine whether or not song x has a two-fold meter.

Don’t Include Skipped Songs

During exercising, the user can skip certain songs. We would like not to include those
skipped songs in the next selection stage, so we ensure the system keeps a blacklist b of
skipped songs. This blacklist has the same formal properties as a play set, so that we can
formally define a pair (p, b), where

• p is a play set,

• b is a play set with skipped songs,

denoting that it has to hold that ∀pi ∈ p, bi ∈ b : pi , bi.

Songs Fit Tempo Distribution

The tempo of the songs in the play set should be distributed like the global tempo distribution
that we generated in Section 4.2.2. If we assume that song tempo is the k-th attribute of a
song, the tempo distribution constraint can be formally defined as a triple (p, k,G), where:

• p is a play set,
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• k is the attribute number of song tempo, 1 ≤ k ≤ A,

• G is the global tempo distribution,

denoting that it has to hold that p[k] ∼ G, that is, the k-th attribute of all elements in p has
to be distributed according to the global tempo distributionG that was found by calculating
the weighted sum of all normal exercise distributions.

4.4 Penalty Functions Definition

Satisfying a set of constraints, according to Tsang (1993), is an NP-hard combinatorial
problem. Vossen (2005) proved that a rephrase, the playlist generation decision problem
APG-D, is NP-hard by defining it in terms of well-known problems that are known to be
NP-complete, such as the Hamiltonian path problem, the 3-dimensional matching problem,
the subset sum problem, and the independent set problem. This means that it is unlikely
that an algorithm exists that can compute a play set that meets a set of given constraints
in polynomial time. In Chapter 7, we will evaluate the complexity of the IM4Sports
playlist generation problem determined by the constraints defined above, and compare it
with APG’s.
Please note that if constraints are conflicting, no feasible solution even exists. Local

search (see Section 2.4.3) is able to approximate the solution instead of looking for an exact
solution. In the APG algorithm, each constraint is translated into a normalised, piece-wisely
linear penalty function.
Each penalty function is defined to be zero if the constraint is met. If the constraint is

not met, the penalty function has a value larger than zero that increases when the constraint
is more severely violated. As an example, the penalty function for the file size constraint
can be formally defined as

f (p, k,max) =


0 if 0.98 · max ≤ σ ≤ max,
a−σ
δ

if σ < 0.98 · max,
σ−b
δ

if σ > max,
(4.2)

where σ =
∑

pi[k]∈p, δ = max(0.98 · max − n · min Dk, n · max Dk − max), n is the current
length of the playlist, and Dk denotes the domain containing all possible values for each
k-th attribute. The penalty is zero, if the summation of all k-th attribute values (e.g., total
file size) is within the range. Otherwise, the penalty is a normalised difference between that
summation and the closest lower or upper bound.
A similar penalty function can be defined for the all songs should be different constraint,

where the penalty increases for each duplicate song. By assigning a low penalty to the don’t
include skipped songs constraint’s penalty function, we ensure that skipped songs are not
chosen when they are not strictly needed, but allow for the demands of other constraints to
‘override’ this constraint.
For the tempo distribution constraint, the difference from the ideal distribution is pe-

nalised. Therefore, we base the penalty function on the distance between two distributions
given by theKullback-Leibler divergence or relative entropy (Kullback&Leibler, 1951) be-
tween those two distributions. The relative entropy KL is defined between two distributions
q and r as

KL(q, r) =
∑

x

q(x) log
q(x)
r(x)
,

which leads to the following definition of the penalty function for the songs fit tempo
distribution as

f (p, k,G) =

∑
x px[k] log px[k]

G(x)

f0(p, k,G)
, (4.3)

39



Interactive Music for Sports Chapter 4. Selecting Music

where f0(p, k,G) represents the upper bound on entropy, thus normalising the function
results to a value between 0 and 1. Important properties of the relative entropy is that
it is always positive, equals 0 if and only if the two distributions are alike and that it
does not satisfy the triangle inequality, thus making it not a "true" distance metric. A
scaled version of normalised entropy has been suggested by Fonseca, Almeida, Crovella &
Abrahao (2003), which counteracts results being cluttered near 1. A scaled version f s of
our penalty function, analogous to their definition, is given by

f s(p, k,G) = − log10(1 − f (p, k,G)). (4.4)

As an alternative, we could take each of the exercise distributions that G consists of
and follow the following steps to determine the correlation coefficient between such a
distribution and its sample data.

1. We first obtain the ranks by sorting the dataset consisting of all pi[k] ∈ p in increasing
order, and assigning the rank of 1 to the smallest value, 2 to the number appearing
second, etc.

2. We take an independent and identically distributed (i.d.d.) sample equal to the size of
the dataset from a normally distributed population with the parameters of G (normal
order statistic medians).

3. We then sort these in increasing order, too, and obtain the expected values (means) of
the resulting order statistics. Each of the obtained values becomes the rankit (Bliss,
1967) of the data point with the same rank.

4. We can generate a normal probability plot (Chambers, Cleveland, Kleiner & Tukey,
1983) by plotting the rankits on the horizons axis and the data points on the vertical
axis.

5. Chambers, Cleveland, Kleiner & Tukey (1983) state that the closer the resulting plot
resembles a straight line, the better the data approximates the normal distribution.
Hence, we take the correlation coefficient of the resulting plot, which tests for the
strength of the linear relationship between the two plotted dimensions. It results in a
value between 0 and 1.

When a correlation coefficient for all exercise distributions has been obtained, the global
correlation can be obtained similar to obtaining the global distribution. This can be done
analogous to Equation 4.1, by summing the correlation coefficients and taking into account
their respective weights.

4.5 Determining Player Contents

By associating weights with all penalty functions, the total penalty can be defined as the
weighted summation of all penalty functions. The weight wi ∈ [0,∞〉 of a constraint’s
penalty function determines the importance of that particular constraint. If it is important
that a constraint should be met, as for example in the case of the all songs are different
or the duration constraint, we attach a high weight to it. Weights can be as high as ∞,
indicating it should not be violated at all. This is called a hard constraint. Other constraints
may merely indicate wishes that might be partly violated, such as the don’t include skipped
songs constraint.
In Chapter 2 the workings of local search have been outlined. The most important

notion is that in every iteration, small changes on solutions can be made. In particular, the
APG algorithm can add songs, delete songs, replace particular songs in the solution with
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other songs from the music collection and swap the songs on two positions. The last change
is not relevant in the current project, as no order constraints are used by IM4Sports.
The general idea is to find solutions with a penalty as low as possible. If a new solution

is better than the original solution, the old solution is discarded and the new solution is
taken to the next iteration. If it is worse, it can still be accepted but with a small probability.
Several techniques such as simulated annealing with a standard linear cooling schedule are
also included in APG to ensure the algorithm does not get trapped in local minima.
According to Pauws (2002), it can be efficient to not convert all constraints into penalty

functions but handle them by preprocessing. In this way, the required calculation time for
the local search algorithm can be further minimised. However, only unary constraints are
a good candidate to use for preprocessing. An example can be leaving out all songs with a
meter different from 4

4 ,
2
2 and

2
4 from the input music collection, as songs with other meters

might be difficult to synchronise to for runners. This is also included in the APG algorithm.
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Chapter 5

Adapting Music to Motion

5.1 Exercising Stage Design

During exercising, in the exercising stage, the music is adapted to the user’s performance
(Functional Requirement FR 5), and new songs are selected based on the projected user
performance (Functional Requirement FR 3).
The main outline of all important components in this stage is given in Figure 5.1. The

central part in this stage is the Scheduler, which implements the MusicMotion algorithm
that will be described in this chapter. The Scheduler component is the intelligent part of
the system, which processes the input and determines actual song playing tempo, and the
changing of songs.
Two other important components are XMMS and the Sensory Framework. The Sensory

Framework models the actual physiological state of the user. It passes on messages to and
from the Scheduler, but also attaches additional information, such as the exact time on
which physiological data are received. The X Multimedia System (XMMS) performs the
actual playing of music, and the adaptation of music characteristics such as tempo.
In order to calculate the user’s (maximal heart rate HRmax, which is needed to correctly

interpret training programs, the system is provided with a simple user model that contains

Sensory
Framework

music

physiological data
& user controls

Scheduler

device contents

exercise
type duration intensity strictnes

s

warm up 20 min. - loose
stretch 5 min. - -

run 20 min. 50 - 60 % strict
recover - 40 % loose
stretch 5 min. - -

jog 3 km - -
cool down variable - -

training program XMMS

user model

Figure 5.1: Design of the MusicMotion algorithm in the on-line exercising stage
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the user’s age and gender. When a percentage of HRmax is specified by the training program,
Equation 2.1 is used and the result is multiplied by the desired percentage. In addition to
age and gender definitions, a description of the user’s fatigue curve may be included (see
also Section 4.2.1). In its simplest implementation, the fatigue curve is specified as a (time,
value) fatigue pair that described how many bpm should be subtracted from the value that
results from the heart rate percentage calculation after a certain period. The fatigue pair then
functions as a correction of the results of the step frequency-from-heart rate calculation.
The task of the Scheduler is three-fold: adapt the music to the user’s performance,

try to influence the user’s performance by adapting the music, and select new songs when
needed. The mode of the Scheduler determines its behaviour. The system features four
modes, which are partly inspired by the user comments found by Mertesdorf (1994)1:

1. Freeform mode, in which the Scheduler performs as an ordinary MP3 player and just
plays music;

2. Pace matching mode, in which the Scheduler follows the step frequency of the
exerciser with the music tempo;

3. Cruise control mode, in which the Scheduler first tracks the user’s step frequency,
and locks the music tempo when the ’cruise’ key is pressed, and

4. Motivation mode, in which the Scheduler matches the music tempo to the user’s step
frequency, and then tries to influence that performance by slowly changing music
play-out tempo.

The freeformmode is a well-known concept and hence will not be discussed any further.
We will first outline the pace matching mode, as the other two modes heavily rely on pace
matching. Then, we will describe both other modes. The switching of songs does not
depend on the mode the Scheduler is in, and will therefore be discussed separately.
In motivation mode (the central mode and the only one that takes into account the

training program), all information on music parameters, user variables such as heart rate
and step frequency, and which songs are played are logged as specified in Data Requirement
DR 4. These log files have been specified in Sections 3.7.1 and 3.7.2. We will come back
to the use of these log files in the next chapter on the feedback stage, as this is the stage in
which the data are required.

5.2 Communication between Components

We already described the communication between the sensors and the PhysioState compo-
nent, as well as between the Player component and XMMS, in the Sensory Framework in
Chapter 3. The communication between all Java components in the system is done using
a communication framework called MMa. Java components include the Scheduler, the
PhysioState component, for reading the sensory input, the Player component which talks
to XMMS, and various other components used for wrapping training programs and other
helper functions.
MMa (Multimodal architecture) was developed by Vignoli (2003) as a method for

supporting more transparent, flexible, efficient and expressive interaction styles. When
supporting different interaction styles concurrently, communication between the different
components becomes more and more important. MMa allows for different pieces of the
same system, called workers to run on different computers on separate networks, and still
maintain the feel of a single application to the programmer of that application. In its

1In Section 2.2 we described that he found that people like to adjust their running tempo manually, but at the
same time appreciate it if the music ‘dictates’ their speed.
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id attribute definition unit
physio ?pace request step frequency bpm

!pace answer step frequency bpm
?heartRate request heart rate bpm
!heartRate answer heart rate bpm
?stepCount request step count #
!stepCount answer step count #
?distance request distance m
!distance answer distance m

training ?nextExercise change to next exercise
!nextExercise next exercise Exercise
endOfTraining end of training program has been reached

userControl off turn the system off
pause pause the music
play play/continue the music/exercise
skipSong skip the current song
skipExercise skip the current exercise
selectMode select the mode the Scheduler is in String
cruise change the status of cruise control

player tempo change to a new song tempo bpm
tempoReached a specific tempo is reached bpm
?tempo request current song tempo bpm
!tempo answer current song tempo bpm
tempoChangeTime time in which to change to a new tempo ms
volume change to a new song volume %
volumeChangeTime time in which to change to a new volume ms
songProposal new song proposal Song
playNextSong play the next song (last proposal)
songChanged the current song has changed Song
endOfSongNear the end of the current song is near
endOfSong the end of the current song is reached

Table 5.2: Available MMa messages in the IM4Sports system

philosophy, it appears to be related to the concept of agents (see Wooldridge & Jennings,
1995).
A message sent over the MMa framework can be sent by any worker who is a member

of the framework, and is received by all workers who are subscribed to that type of message.
A message typically consists of an id, which uniquely identifies the message type, and an
attribute- value pair. All message types are defined upfront in a message protocol, so that
each worker knows which messages are available in the system.
A list of supported messages can be found in Table 5.2. The list of workers, as far as

they have not been mentioned before, include TrainingProgram, which wraps the training
program, Player, which communicates with XMMS, and UserControl, which allows for
user interaction, which wraps the user model. The MusicFinder is not a separate worker,
but an intrinsic part of the Scheduler and is able to pass constraints to APG and return the
found playlist. The UserModel is also part of the Scheduler and gives HRmax on demand.
Whenever a new exercise is needed, the Scheduler sends a request to the TrainingPro-

gram and either receives a message with the new exercise, or a message that indicates all
exercises have already been sent. A new exercise is needed at the beginning of exercising,
when a user wants to advance to the next exercise, or when the current exercise’s goals have
been reached.
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TrainingProgram Scheduler
1. ?nextExercise

2. !nextExercise  OR endOfTraining

Communication between the Scheduler and the PhysioState component is also straight-
forward. The Scheduler can make requests for the values stored in the PhysioState, and
these are answered by the PhysioState component. These values include step frequency,
heart rate, distance ran so-far, and the number of steps recorded by the PhysioState.

PhysioState Scheduler
1. ?pace
2. !pace

1. ? heartRate
2. !heartRate

1. ?stepCount
2. !stepCount

1. ?distance
2. !distance

In addition to this course of action, the PhysioState can initialise communication, too,
by sending the messages tagged with an exclamation mark whenever new sensory data
becomes available.

5.3 Tempo Adaptation

In Chapter 2, the different dimensions in which music can be adapted have been described:
volume, spatial position, and tempo. Szabo et al. (1999) has shown that the effects of align-
ing (matching) music tempo to the user’s step frequency are influential on the exerciser’s
performance and motivation. Therefore, the focus of this thesis is on music tempo. In its
current form, the system will leave volume control to the user. The implementation of vol-
ume or spatial position adaptation, if the required hardware is in place, is a straightforward
process as the same variables used for adapting tempo can be applied to a spatial position
or volume level.
Tempo adaptation has its limits. The WSOLA algorithm that we implemented in the

IM4Sports system (see Section 2.5.2) introduces repetitions of waveforms when stretching
music, that is, slowing the music tempo. When contracting, that is, when increasing music
tempo, it leaves out parts of waveforms. This process unavoidably introduces artifacts to the
resulting waveform which grow more noticeable when the music is stretched or contracted
more.
For the system, we introduce the concept of a song stretch zone, which is defined by a

contraction and stretching level that still sounds acceptable. In general, listeners will not
have problems with moderate stretching levels, around 10-15%.
When exceeding moderate stretching, things depend on the music genre and type of

instruments in the music. For example, the sound of a hi-hat, with its short ‘core’ sound,
may sound awkward when played solo (separately from other instruments) from about 15%
slower. However, when mixed within an entire song, effects may not be noticeable at levels
of 35% slower.
The most important characteristic of most music is the vocal. When a familiar song is

played stretched or contracted at levels more than moderate, the listener clearly notes that
‘something is off’. However, when exercising the attention slips away from the music and
is focused more on the rhythm and beat of the song than on its sound quality. This results
in stretching levels over moderate, up to 30%, being usable.
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Finally, a difference between stretching and constraction has to be made. This last
peculiarity, that has to do with the way WSOLA contracts music (Verhelst & Roelands,
1993), is thatmore thanmoderate levels are generally unusablewhen slowing down, because
words are stretched so much that short sounds become unidentifiable. When increasing
music tempo, this phenomenon does not show, and levels up to 35% are reachable, with
25% being considered a good compromise between sound quality and the awkwardness
when hearing a familiar song at a different tempo. At higher levels than a 35% increase in
music tempo, large parts of the music get ‘lost’: words are no longer understandable and
syllables are missing.
The song stretching zone, hence, is defined by the interval 〈0.85 · tempo, 1.25 · tempo〉.

For a song with an intrinsic tempo of 100 bpm, this results in the stretching zone equaling
〈85bpm, 125bpm〉.
The limitations of song stretching result in not every song being feasible for every step

frequency. If a song cannot be matched to a particular step frequency, another song must
be selected that can be stretched from the current tempo to a tempo that matches the step
frequency. This tempo change might even require more than one song change to be carried
out completely.
The Scheduler features a configuration file in which settings can be stored and mod-

ified. One of these is the song stretching zone, which is defined by the two parameters
maxSongStretchPercentageDown and maxSongStretchPercentageUp. Defaults are
15 and 25, respectively, as described above.

5.4 Pace Matching

5.4.1 Definition

A pace match is the situation that occurs when music tempo and step frequency (i.e. pace)
are considered to be aligned. This is the case when they have equal values, or when music
tempo (in a 4

4 meter) is an even multiple or an integral division of the step frequency. This
can be easily understood by taking, for example, a music tempo of 120 beats per minute.
This means that, in a 4

4 meter, 30 measures of each four beats are played every minute.
A step may occur on every beat, as long as the foot impact and the meter follow a

regular pattern. So, if a step occurs on the first beat of every measure, the step frequency
is 30 and we speak of a pace match. Also, when the step occurs on the first and third beat
of the measure (step frequency = 60), it is a pace match. Similarly, the step occuring every
beat (step frequency = 120), twice per beat (step frequency = 240) or every two measures
(step frequency = 15) are pace match examples.
The system utilises a step frequency monitor, or pedometer, to determine the current

step frequency. It is attached to either one of the exerciser’s shoes or his belt, where it also
functions properly. This sensor, in addition to the heart rate sensor used by the system,
brings the total of all sensors to two, which is in concordance with Functional Requirement
FR 7.
The nearest multiple is a multiple (an integral division is also considered a multiple)

of the song tempo that is closest to the current step frequency and hence is the value that
the system should match to. If the song stretching zone does not include an even multiple
of the step frequency (i.e., if the music playout tempo can not longer be matched with the
current step frequency), the nearest boundary is selected (either the maximum stretch or the
maximum contraction), and a different song is selected.
For instance, if the current song has a moderately fast tempo of 125 bpm (with a stretch

range of 〈106, 156〉 bpm) and the user walks at a step frequency of 117 spm, the system
would slow down the music playout tempo to 117 bpm. If the user starts to run fast at a step
frequency of 175 spm, no valid match inside the song stretch range can be found. In this
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case, the music playout tempo is sped up to 156 bpm, which is the stretch border closest
to the step frequency. When the tempo indicated by that boundary is reached, the song is
changed to one that includes the boundary as well as a multiple of the step frequency, to
allow for a smooth transition without abrupt tempo changes.
Following the above example: after the playout tempo stretch to 156 spm, a new song

is selected to replace the current one, under the condition that the current song has been
played long enough (say, 30 seconds, to reduce repetitive song changing over time). The
new song is required to have a stretch range that includes the current playout tempo as
well as the current step frequency, in order to allow for a transition without abrupt tempo
changes. The new song starts to play out at 156 bpm and will be sped up to 175 bpm. The
procedure of changing songs will be outlined in Section 5.7.
Certain differences in musical beat go unnoticed by the human ear. Like in visual

aspects of human perception, there’s a phenomenon called just notable difference (JND)
between beats. This is the least difference a distinction between two stimuli can be detected.
In a two-alternative force choice listening task, a JND for tempo discrimination in the range
of 6.2-8.8% has been reported (Drake & Botte, 1993), whereas for synchronised tapping to
a steady beat JNDs in the order of 3-4% were found, and these numbers appear to be equal
for musicians and non-musicians alike (Povel, 1981).
An exerciser is generally not able to discern (during a short period in time) a difference

of about 4-5 beats perminute. Therefore, we could opt to relax our criteria for pacematching
to a range of about 4-5 beats as well. The Scheduler carries a dedicated setting for this in
its configuration file called paceMatchRelaxedness. Its default is 0.

5.4.2 Propagating Changes

When a change in music playout tempo is made instantly, a hick-up in the music stream
occurs. This immediately distracts exercisers and thus needs to be prevented. On the other
hand, if the change is propagated over a long time, system response time will increase and
be too large to accurately match the user’s step frequency. Hence, it is important to make
sure that the propagation time for tempo changes is neither too small nor too large.
For the propagation time for music tempo in pace matching mode, we will use the

notation Tm in this chapter. Tm specifies the time that a maximal change in music playout
tempo, as defined by the song’s stretch range, takes. The tempo change time function
is denoted by tm. We define the propagation time for a change of 0 beats to be 0 ms
(tm(0) = 0). The propagation time for a maximal change is defined by Tm: tm(∆max) = Tm,
where ∆max denotes the maximal change in music playout tempo (i.e., from 0.85 · tempo
to 1.25 · tempo). Two functions that calculate the actual time to propagate a new playout
tempo can be defined.
The first function, inwhich ti(x) is defined in terms of tlin(x), assumes a linear relationship

between the two specified points. The time required for a particular tempo change from
tempo a to tempo b would then be calculated using:

tm(∆a→b) = tlin(∆a→b) · Tm

=
|a − b|
∆max

· Tm,

where ∆max is calculated by (1.25− 0.85) · tempo = 0.4 · tempo. The result of choosing
∆max as one of the parameters in the equation is making it dependent on the song’s intrinsic
tempo. Hence, slower songs will adapt more swiftly than faster songs will do. The reason
for is that people are better at discriminating beats when the music is slower, hence, a
change in tempo can be propagated faster than when the tempo is already fast. Both Povel
(1981) and Drake & Botte (1993) report JNDs in percentages of tempo instead of as fixed
values.
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The second function, which uses tsqrt(x), assumes a square root relationship between
(0,0) and (∆max, Tm). This results in the following function for the tempo change time:

tm(∆a→b) = tsqrt(∆a→b) · Tm

=

√
|a − b|
√
∆max

· Tm.

Using ∆max = 10 and Tm = 500ms, a change of 5 bpm would result in a change time of
50 ms using tlin, and about 158 ms using tsqrt. For a change of 10 bpm the values would be
100ms and about 224ms, respectively, and for a 45 bpm change the resulting values are 450
ms for the linear function and about 474 ms for the square root. The use of tsqrt favours the
use of larger change times even for smaller changes, and hence creates an overall smoother
transition.
The parameter in the Scheduler configuration that specifies the system response time in

pace matching mode (Tm) is timeForMaxTempoChangeWhileMatching. The parameter
changeTimeFunction specifies the appropriate function. The default is sqrt (denoting
the use of tsqrt(x)), the other possibility is lin (denoting tlin(x)). When the system has been
put in pace matching mode by the special exercise type ‘IM4S_PACEMATCHING’, the
parameter attribute in the training program specifies the value for Tm.
Finding an optimal value for Tm is one of the goals for the experiments used for testing

the system. These will be described in Chapter 7.

5.5 Cruise Control

The cruise control mode consists of two stages:

1. Match pace, the pace of the exerciser is followed;

2. Lock tempo, the tempo is frozen on the current tempo.

The user can switch between both stages by pressing the ‘cruise’ button, like the cruise
control in a car works. In addition, manual controls to set the speed may be included that
allow the user to speed up or slow down using buttons instead of having to unlock the
tempo, run faster, and lock the tempo again. However, the latter way of control is available
for users that prefer it.

5.6 Pace Influencing

5.6.1 Method

One of the goals of the IM4Sports system is to motivate an exerciser to stick to his or her
training program. This is done by unobtrusively trying to influence the user’s running pace.
The system uses a four-step method to motivate users to reach and to keep their heart rate
within a certain heart rate zone:

1. match the user’s step frequency with the music tempo;

2. determine desired heart rate and, from that, desired step frequency and music playout
tempo;

3. propagate the change in music playout tempo from the current tempo to the tempo
desired by the determined desired music playout tempo;

4. wait for heart rate stabilisation.
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These steps are repeated until the exercise goal has been reached. By matching music
playout tempo to the user’s step frequency in Step 1, the assumption is that the exerciser
will keep her movements in time with later changes in music playout tempo in Step 3. The
pace matching mode as described in Section 5.4 is used to synchronise music playout tempo
to step frequency. As soon as the pace is matched, the system advances to the next step.
The required music playout tempo that the system needs to change to in Step 3 is

calculated in Step 2. This is done using the method that we defined in Section 2.6.3 in four
steps. First, we determine the current heart rate and the associated step frequency. Then,
we look up the current exercise in the training program and determine the desired heart
rate for this specific exercise. Afterwards, we calculate the difference percentage between
the current and the desired heart rate. And finally, we apply the same percentage to the
current step frequency to determine the desired step frequency. Recall that we are only able
to do this at sub-maximal effort levels, as only then the heart rate increases or decreases
proportionally with the exercise effort. We use the following equation:

desired step frequency =
desired heart rate
current heart rate

· current step frequency (5.1)

An example: suppose the current heart rate is 100 bpm, the current step frequency is 150
spm, the current music playout tempo is 75 bpm (a pace match), and the desired heart rate
is 120 bpm. We use Equation 5.1 to calculate the desired step frequency: 120

100 · 150 = 180.
The desired step frequency is transformed into a music playout tempo, which can be a

multiple or integral division of the desired step frequency. If the current song cannot be
stretched to accommodate the change in music playout tempo, the system changes songs in
the same manner as in pace matching mode.

5.6.2 Propagating Changes

In Step 3, a change in music playout tempo is not carried out instantly. An abrupt change in
music playout tempo would probably cause the user not to follow the change, either because
of ignorance, surprise, or fatigue. So, a change is propagated over a period of time. Like
in pace matching mode, two functions that calculate the time in which a change in music
playout tempo is propagated can be defined. The general form is ti(x) which is supplied
with two points ti(0) = 0 and ti(∆max) = Ti, where Ti denotes the time a change from a
song’s maximal contraction point to a song’s maximal stretch point should take.
Both functions are defined similarly to their matching counterparts. The first, in which

ti(x) uses tlin(x), assumes a linear relationship between the two specified points. A change
from tempo a to b is thus defined as:

ti(∆a→b) = tlin(∆a→b) · Ti

=
|a − b|
∆max

· Ti,

where ∆max is calculated by (1.25 − 0.85) · tempo = 0.4 · tempo. The other, which makes
use of tsqrt(x), assumes a square root relationship between (0,0) and (∆max, Tm):

ti(∆a→b) = tsqrt(∆a→b) · Ti

=

√
|a − b|
√
∆max

· Ti.

The timeForMaxTempoChangeWhileInfluencing parameter in the Scheduler con-
figuration specifies the propagation time Ti when influencing pace. When the system has
been put in motivation mode by the special exercise type ‘IM4S_MOTIVATION’, the
parameter attribute in the training program specifies the value for Ti.
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The function used to define ti(x) is specified by the parameter changeTimeFunction.
The default is sqrt (denoting tsqrt(x)), the other possibility is lin (denoting tlin(x)). It is
currently not possible to choose different change time functions formatching and influencing
as the parameter changes both. This is done to make the resulting system behaviour slightly
more transparent when changing settings.
A change is propagated by the Scheduler, by sending a tempo message along with a

message specifying the tempo change time to the Player component. When the specified
tempo has been reached, the Player notifies the Scheduler of this.

Player Scheduler1. tempo
2. tempoChangeTime

3. tempoReached

In the experiments conducted to test the proposed system, one goal is to determine an
optimal value for Ti. Please see Chapter 7 for the results.

5.6.3 Heart Rate Stabilisation

Aswe have learned in Section 2.3,Wilmore&Costill (2004) describe that when the required
effort of an exercise changes, it may take up to 2 minutes before the heart rate has fully
adapted to the change. Thus, it is important that the system waits for the effects of a change
to settle before propagating another change. The system described above is tailored to
make changes as efficiently as possible, by propagating big changes, if possible, in one
restricted period. Therefore, no insuperable problems arise with respect to system response
time when a ‘cooling period’ is used to allow the heart rate to stabilise.
The stabilisation period is dependent on fitness and exercise intensity. Suppose an

exerciser starts at a fast walking pace of 6 km/h, and then accelerates to a running speed of
11 km/h. The time it takes the heart rate to stabilise at a value that matches 11 km/h will be
longer than it takes to stabilise at a running speed of 9 km/h. Also, the stabilisation heart
rate will be lower at 9 km/h than at 11 km/h, given all other exercise circumstances remain
the same between both exercises.
In literature, no exact definition of heart rate stabilisation can be found. Therefore, we

define heart rate stabilisation to occur when during an interval of 10 seconds the heart rates
stay within a 1 bpm deviation of the average of that interval.
We refer to a heart rate by its index number i, starting from index 0. We use the notation

hri. In addition, we define a function hr(t) which specifies a heart rate at a specific time t,
and a function t(hri) which specifies the time stamp belonging to a heart rate with index i.
The notation hr(T ) is used to define the average heart rate over the time interval T .
To calculate whether the heart rate stabilises or not, the system keeps a history of all

previous heart rates. Over a period of 10 seconds, it checks whether each of the reported
heart rates stays within the defined 1 bpm deviation of the average of the zone. If this is
true, the heart rate is considered stabilised. Formally, we define the Boolean stabilisation
function on heart rate index x, as:

stabilised(x) = ∀t ∈ T : | hr(t) − hr(T ) | ≤ 1 (5.2)

where T = 〈t(hrx) − 10, t(hrx)〉, in seconds.
This has proven to be an efficient test for stabilisation in the experiments conducted to

test the IM4Sports system (see Chapter 7).
Alternatively, the system can continuewith the propagation of changeswhile not waiting

for heart rate stabilisation. This behaviour is not recommended for the reasons mentioned
earlier. However, it is possible to change Scheduler behaviour with respect to heart rate
stabilisation with the boolean parameter holdChangesUntilHRStabilised.
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5.6.4 Fixed Song

The system allows the selection of one fixed song, which is then played during the en-
tire training session. This can be useful when conducting experiments, and in fact was
employed in the evaluation of the system. The associated Scheduler parameters is called
playFixedSong and sports the name of the song that is to be played in exercising mode.
Please note that in fixed-song mode, no restrictions other than technical limitations are

posed on song stretching. That means that the fixed song may be stretched as far as 50% and
contracted as much as 25%. This allows the song to be used with nearly all step frequencies,
as usually a multiple or integral division can be found in this broad range. Of course, for
this to hold, the song’s intrinsic tempo should not be too low, nor too high.

5.7 Selecting New Songs

A song change may be needed when the user requests it, when the song stretching zone no
longer includes the predicted music tempo needed, or when a song is finished.
In the latter case, the Player component notifies the Scheduler in advance, for example

5 seconds before the song finishes, so the Scheduler has time to select a new song, which is
sent to the Player component. If the song is really finished, the Player component already
has a song proposal, and sends a notification to the Scheduler. The Scheduler instructs
the Player component to play the next song and the Player component confirms the song
change.

Player Scheduler
1.endOfSongNear
2.songProposal
1.endOfSong

2.playNextSong
3.songChanged

In addition, the Schedulermay take action by sending a song proposal and aplayNextSong
message to prompt the Player component to change the song. The Scheduler always receives
confirmation of a song change.
In order to select new songs when needed, the system utilises the APG algorithm to

select songs from the available music database.
As in the off-line preparation stage, we need to formulate constraints for APG. However,

as opposed to the previous chapter, where play sets where generated to determine the device
contents, we will now use APG to select only one song at a time from the database. To
ensure that it is not a song that has already been played or twice the same artist in a row,
we will define a not on blacklist and a don’t repeat artist constraint.
The most important constraint, however, is the tempo constraint that takes into account

the predicted step frequency and thus the predicted tempo of the system. Therefore, we will
first define how we predict step frequency from the history. When we arrive at a prediction
function, we will continue with the formal constraints.

5.7.1 Step Frequency Prediction

In addition to heart rate values, the system also keeps track of the previous step frequency
values. It uses this history to make a prediction how the heart rate (and hence the music
playout tempo) will progress in the next 30 seconds. This prediction provides valuable
information on what song is best to choose next at the moment a song change is required
for playback. Making a good prediction effectively minimises the number of song changes
needed by eliminating the need to switch between different tempo values. Hence, it has a
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Figure 5.3: Slope prediction of step frequency
Please see text for an explanation of used symbols.

particularly important role in a system that needs to wait for extended periods of time, like
the IM4Sports system, for the results of a taken action to become apparent.
The step frequency, like the heart rate, is stored in time-value pairs (t, v) where t is the

current machine time stamp, and v is the value of the step frequency in spm.
Traditional prediction methods, such as the well-known regression analysis or the least

squares method, all presume that the data can be approximated by function of a particular
form, whose parameters are then changed to optimally reflect the data. The heart rate
data is influenced by external circumstances as well as internal, and hence, for the current
problem, no such function can be determined beforehand. To make a prediction of the step
frequency, we therefore use a method based on slope prediction (cf. Jiang, Shao, Li & Jia,
2002) instead. This method suggests that we determine the slopes of a particular range in
the step frequency history and use these slopes to determine the overall direction in which
the step frequency is moving.
Our first step is to determine the direction of the change. We traverse the step frequency

values in reverse order, from the last point, until a value that is not equal to the current
value has been found. If it is larger, the step frequency is decreasing, if it is smaller, the step
frequency is increasing. In the example figure, 5.3, the last point in the history is included
on the rightmost side of the graph.
Secondly, we need to determine where the increase or decrease has started. We again

traverse the values of the history backward and find the point where the sign of the tangent
of the step frequencies changes. We call this the critical point c. For example, when
the values are decreasing and we come across an increase, this is the critical point. The
critical point will function as the ‘anchor’ from which we make the prediction. The window
between the critical point and the current step frequency value is defined as the critical
range.
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Now, we need to determine the slopes of all points in the critical range, and assign a
weight to all these slopes. We want to assign a weight to every value ensuring that the
weight of a value decreases with the distance from the current value, that is, the earliest
point gets the least weight, while the current value has a large weight. This is done by
defining the weight of a value as the inverse of its order in the range.
Say that the critical range R includes r (t, v) points. We define2 R = [vi, vi−1, . . . , v1, v0]

where vi = vc, that is, the step frequency at the critical point, and v0 indicates the current
step frequency. The slope si and the weight wi as the inverse of its index can be defined for
all i ∈ [r, 0〉:

si =
vi−1 − vi

ti−1 − ti

wi =
1
i

Finally, the prediction function P is the weighted summation of all slopes, correcting
for all weights, multiplied by the number of milliseconds in which the prediction is needed
(Equation 5.3).

P(t) = v0 +

∑r
i=1 wisi∑r
i=1 wi

· t (5.3)

5.7.2 Weighting Global Slope into Predictions

One extension of the prediction function is to take into account the global slope from the
critical point to the current point in addiction to the prediction made, and use a subjective
weight.
The global slope S is defined by

S =
v0 − vc

t0 − tc
,

and hence the advanced prediction function P+(x) is formally defined by taking a weighted
average of both the global and the originally predicted slope. The weight w ∈ [0, 1]
expresses the importance of the global slope with respect to the originally calculated value.

P+(t) = (1 − w) · P(t) + w · S · t (5.4)

The Scheduler setting in which the importance of the global scope w, is expressed, is
weightForGlobalScopeInPredictions.

5.7.3 Constraint Definition

Predicted Song Tempo

Now we are able to predict the step frequency, a constraint for the selection of songs can
be formulated. If we assume that the k-th attribute of a song denotes its intrinsic tempo, the
tempo constraint could formally be defined as a triple (p, k, t), where:

• p is a play set of size 1,

• k is the attribute number of song tempo, 1 ≤ k ≤ A,

• t is the number of milliseconds in the future for which a prediction needs to be made,

2Please note that due to this above definition, an index of i − 1 is later in time than an index i!
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denoting that it has to hold that p0[k] = P+(t) and, obviously, p0 is the first (and only) song
in the play set. For example, if we define t to be 30 seconds, the resulting play set should
consist of one song of which the tempo is equal to the value of P+(30000). If such a song
does not exist in the music collection on the portable device, the penalty function of this
constraint will ensure that it is violated as little as possible by selecting a song which has a
tempo close to (a multiple or integral division of) the desired tempo.

Don’t Repeat Songs

When exercising, the motivational effects of a song decrease when it is played more often
(Karageorghis et al., 1999). Using APG to generate a one-song play set, however, may
result in the same song more often. Therefore, the system keeps a blacklist b of already
played songs, which has the same formal properties as a play set, so that we can formally
define a pair (p, b), where

• p is a play set of size 1,

• b is a play set with already played songs,

denoting that it has to hold that ∀s ∈ b : s , p0. By assigning a low penalty to this
constraint’s penalty function, we ensure that the song is not chosen when it is not strictly
needed. However, when no more songs are available in the portable Player’s music
collection that fit certain tempo characteristics, the Scheduler will select blacklisted songs
anyway.
A Scheduler setting is implemented, allowSongsPlayedTwice, which regulates the

inclusion of this constraint in the on-line song selection process. It defaults to false.

Don’t Repeat Artists Successively

In addition, one could want more variety in the music by ensuring artists are not played
successively. In a similar fashion, many more constraints can be formulated to ensure, for
example, that songs with a specific tempo or mood are not played successively. Only the
value of k in the following constraint would have to be changed, to point to the right song
attribute. The formal definition of the don’t repeat artists successively constraint, then, is a
triple (p, k, s), where

• p is a play set of size 1,

• k is the attribute number of song artist, 1 ≤ k ≤ A,

• s is the current song,

denoting that it has to hold that p0[k] , s[k]. The associated (Boolean) Scheduler setting is
allowSameArtistSuccessively which defaults to false.

5.8 User Interaction

Although the MusicMotion process outlined above is largely automatic and system driven,
the user is able to interact with the system, too. Functional Requirement FR 6 states a
number of buttons on the Player, whose functionality will be described in this section.
Also, the audio signals that the system uses to communicate its current status to the user
will be outlined.
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5.8.1 Buttons

Play/Repeat Button

The ‘play’ button simply prompts the system to start the current exercise, or, when music
playback is paused, to resume playing the current song. When the music is actually playing,
the button changes to a repeat button. This fixes the current song and when it has finished,
it will be repeated. Please note that unlike fixed song behaviour which was included as a
debug or evaluation Scheduler setting, this does not affect the song’s stretching zone. So,
when the limits of the current song stretching zone are reached, the system will change the
song no matter the repeat setting.
Alternatively, an audio signal could be played (see Section 5.8.2) that signals the user

that the song cannot be stretched further, and the current stretching level is maintained until
the user unlocks the song repeat mode. The choice between one of these two possible
interaction styles is a matter of preference.
The use of the repeat functionality gives the concerning song a higher priority in the next

off-line selection process. This means that it will be more likely that the song is selected
for the next training program, provided that its tempo fits one of the exercises in it.
Please note that the extended functionality of the ‘play’ button effectively eliminates

the need for a ‘start exercise’ button. An exercise can only be started when it is stopped.
This is the case before exercising or when the entire training program has been stopped –
but music playback is stopped then, too. Hence, the ‘play’ button functions for starting the
exercise as well as the music playback and no separate ‘start exercise’ button is needed.
Because of the dual functionality, both a message to the Player component and the

Scheduler is sent.

UserControl Player

1.play

Scheduler
1.play

Pause Button

The ‘pause’ button pauses music playback. However, all other system functions are not
halted. So, the song may be changed during pause, which would cause the user to hear a
different song after unlocking the pause playback mode as before. The new song is selected
when the user’s step frequency demands a music playout tempo not included in the current
song’s stretching zone. The use for a ‘pause’ button can be seen in complex environments
where an exerciser is running alongside other traffic. Potentially dangerous circumstances
can be prevented with careful use of the ‘pause’ button.
Communication for the pause button is done directly between the UserControl and

Player components.

UserControl Player

1.pause

Skip Song Button

When the system has selected a song for playback that the user does not like, the user is
able to skip it with the ‘skip song’ button. The use of the skip song functionality gives the
concerning song a lower priority in the next off-line selection process. Hence, it will be
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less likely that the song is selected for the next training program, regardless of whether its
tempo fits one of the exercises in it.
In the case that a user skips a repeated song, the repeat mode will be terminated and

neither an extra nor a lesser weight is attached to the song.

1.skipSong
2.songProposal
3.playNextSong
4.songChanged

PlayerUserControl Scheduler

Skip Exercise Button

As with the ‘skip song’ button, an exercise can be skipped as well. As some songs can be
specified in the training program to continue even though their goals are reached, this button
provides vital functionality for the Player. For example, an exercise like ‘run 5 kilometers’
is a likely candidate exercise to continue after reaching the goals, as it is not that important
whether the user runs for exactly 5. For example, the user might run a specific track which
length is just 4.9 km. In that case, we would like the user to be able to determine exactly
when to continue to the next exercise.
On the other hand, in a training session where the user needs to stretch for 1 minute and

then relax for 30 seconds, and repeat this three times, it would not be user friendly if the user
needs to press a button after every part. In these cases, it is specified in the training program
that the next exercise is automatically started when the goals of the previous exercise are
fulfilled.

UserControl Scheduler

1.skipExercise
TrainingProgram

2.?nextExercise
3.!nextExercise

Stop Button

When the user wants to quit the training program and thus exercising, the ‘stop’ button can
be used. This stops music playback as mentioned before. In effect, the ‘stop’ button is
rather a ‘pause exercising’ button, as the training program can be resumed by pressing the
‘play’ button.

UserControl Player

1.stop

Scheduler
1.stop

Mode Selection

The user can use the mode selection switch to select one of the Scheduler modes described
in Section 5.1. The training program is considered only in motivation mode, hence the ‘skip
exercise’ button will only work in this mode. When the mode is changed to motivation
mode, the training program is reset and the user can start from the first exercise.
In cruise control mode, the user can activate the music tempo lock by pressing the cruise

button. All communication goes directly to the Scheduler component.
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UserControl Scheduler

1.selectMode

1.cruise

5.8.2 Audio Signals

The systemneeds to alert the user of some circumstances. Since the communication from the
system to the user is largely based on sound (the user would not look at a display constantly
during exercising), only auditory icons are used. Auditory icons are everyday sounds
meant to convey useful information to computer users by analogy with the sounds produced
by everyday events (Gaver, 1986). Auditory feedback seems to provide immediate and
engrossing feedback. Users do not have to think about a pop! sound, indicating a button in a
visual interface appearing from nowhere, nor about the whirr. . . sound a copying machine
would make when a copy button is pressed. Research by Gaver & Smith (1995) however
states that using sounds in the interface can become annoying after a few exposures. They
state that sound should be concise and unobtrusive, and should reflect a number of data
dimensions at once to avoid repetition (such as using different sounds for different sizes of
objects).
The most important signal is the signal that tells the user that an exercise’s goals have

been reached, or that the training program is finished. In order of magnitude, this could be
a ‘smaller’ sound for an exercise that’s finished, and a ‘larger’ sound for a whole training
program. Upon the signal that an exercise’s goals are reached, the user can choose the
moment that she wants to advance to the next exercise.
The start of a new exercise is signalled by a different sound. This is played at the end

of an exercise that automatically advances, in conjunction with the ‘goals finished’ sound.
It is also played when the user presses the ‘next exercise’ button.
When the user opts for the second song repeat style (see above), that is, to prioritise

song repeat above accurate stretching, an audio signal must be played to signal the system
needs to change the song but isn’t able to because of the song lock. This signal sounds
roughly like a buzz! sound, signalling some part of the system is in error.
Finally, a small click sound is played when the user presses a button that does not have

an associated sound such as the ‘skip exercise’ button. In this manner, the user knows that
the system has registered the button press. This prevents the user from having to look at
the display during exercise.
Implementation of audio signals must be limited to absolutely necessary sounds like

the ones described above, since sounds in addition to the music get obtrusive and annoying
quickly.
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Chapter 6

Inference-Based Personalisation

6.1 A Personalised Tempo Distribution

Themost important consideration inmaking a selection ofmusic based on a training program
for the IM4Sports system, is that the tempo must be right. As described in Chapter 4, the
proposed system will use a tempo distribution per exercise. This is a normal distribution
and as such is defined by its mean (µ) and its variance (σ2).
We use the gender/age group normal tempo distribution as the starting point for obtaining

a personalised tempo distribution. The TempoInference algorithm in the feedback stage of
the system will update the gender/age group distribution for each individual user, when data
from the performed exercises becomes available after each training session (cf. Functional
Requirement FR 8). This requires the logging of all data, which is done during the exercise
stage in accordance with Data Requirement DR 4.

6.1.1 Prior Distribution

In each learning step, the prior distribution is the distribution obtained as the result of the
previous learning step. In the first learning step, the gender/age group distribution is the
prior distribution.
As an example, we consider a hypothetical exerciser who is male and between 20 and 25

years old, and a hypothetical exercise ‘jogging’. We assume that for the target gender/age
group of all males between 20 and 25 years old the music tempo used in a ‘jogging’ exercise
is normally distributed with parameters µ = 100 and σ2 = 10.
Now suppose that the value of µ is not a discrete value. Instead, we consider µ to

be a normally distributed, as well. In the distribution of µ, the mean m′ defines the most
probable value for µ, and the variance σ′2 expresses the inverse of the certainty we have in
that particular value. We formally define a prior normal distribution for µ with parameters
(m′, σ′2):

µ ∼ N(m′, σ′2).

The confidence or certainty c we have in the mean value of a particular normal distribution
is indicated by Equation 6.1:

c =
1
σ2 for σ , 0. (6.1)

6.1.2 Sample Data

Each time the user performs the specific exercise, data is collected in a file Player.csv
(see Section 3.7.2). For each exercise, this data contains each music tempo and the length
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it was used.
For example, say that the user has run for 180 seconds. Of these 180 seconds, the user

has run 90 on 100 bpm, 75 on 101.5 bpm and the remaining 15 on 103 bpm. The mean m
of the sample set can now be determined1:

m =
1
n

n∑
i=1

(xi)

=
(90 · 100) + (75 · 101.5) + (15 · 103)

180
= 100.875.

We will use similar sample data for each individual exercise to find a better value for m′

and thus for µ, and this value will have to be updated and become more precise with every
new exercise performed by the user.

6.1.3 Learning Objective

In the next two sections, we will see that traditional inference methods assume that our
confidence in a particular value for m′ increases with every learning step. The traditional
point of view is that ‘data is certainty’, and hence every bit of data increases confidence
in the value that happens to be the mean of the distribution. This is partly due to the
assumption that the data is linear, and independently identically distributed (i.d.d.). Instead,
the IM4Sports system works with non-stationary data – it is never ‘finished learning’, as
the fitness for a user of the system will continuously change, and hence the needed music
tempo.
As opposed to a i.d.d. view, wewill introduce amethodwhich takes the learning abilities

of the traditional methods, and upgrades them so that the posterior variance σ′′2 and thus
posterior confidence c′′ is dependent on the differences in prior distribution and sample
data. In this way, if the sample data is a distribution that is significantly different from the
prior distribution, but has a large certainty (when the data has a small variance), the resulting
confidence in the data will be smaller (and the resulting variance larger) because the system
is ‘confused’ between which of the inputs (prior or sample data) it should believe. Similarly,
when the sample data confirms the prior data by being alike, the resulting confidence will
be greater than the confidence in the prior data.
We define three criteria on which the methods will eventually be evaluated. Because

exercisers use the system while working on their fitness, user characteristics are bound to
change, albeit slowly. Hence, we evaluate flexibility, that is, a good personalisation method
should still be able to learn even after a large number of learning steps, without being locked
in a certain position.
The second criterium is that a good personalisationmethod should be able to consolidate

a number of (almost) equal learning steps by expressing an increased confidence in the
posterior distribution (i.e., the variance should be decreased).
The final evaluation criterium is how the methods cope with noise. Noise, that is,

sample data with low certainty, should not be taken into account as much as sample data
with high certainty. The posterior distributions should reflect the certainty of the sample
data, while at the same time avoiding locks due to a lack of flexibility.
The evaluation results on these criteria are presented in Chapter 7. In this chapter,

we will investigate the traditional methods for inference-based learning, and outline our
proposed method.

1The variance of the sample set is not used in the traditional inference method, which is why we will return to
the sample variance later.
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Figure 6.1: Learning step from a normal distribution with parameters (m′ = 100, σ′2 = 3)
to an updated normal distribution (bold) with parameters (m′′ = 100.29, σ′′2 = 2.31)

6.2 Traditional Inference Learning

If the prior distribution of µ is a normal distribution with mean m′ and σ′2, the posterior
distribution of µ will also have to be a normal distribution with mean m′′ and σ′′2 (Section
8.8, Winkler & Hays, 1975). The posterior distribution is defined using Bayes’ Theorem
(Bayes, 1763):

m′′ =
(1/σ′2)m′ + (n/σ2)m

(1/σ′2) + (n/σ2)
(6.2)

σ′′2 =
1

(1/σ′2) + (n/σ2)
(6.3)

Bayes and his theorem are discussed in detail by Stigler (1982).
The posterior mean is a weighted average of the means of the prior and sample distri-

butions. The value of n reflects the number of exercises that are contained in the sample
data and as we are always considering data from one experiment, it currently is equal to 1.
So, for our example, this means the posterior distribution will have the parameters

m′′ =
(1/3)100 + (1/10)100.875

(1/3) + (1/10)
≈ 100.29

σ′′2 =
1

(1/3) + (1/10)
≈ 2.31.

Note that since the variance is now smaller than it was (2.31 versus 3), in the next
learning step the influence of the sample data will most likely be smaller, as well. The
difference between the prior and posterior distributions of µ is depicted in Figure 6.1, and
an example of a traditional inference progression is given in Table 6.2.
The posterior distribution of µ, m′′, is not the same as the distribution of the music

tempo, even though values of the mean of both distributions are equal. µ is the mean of the

61



Interactive Music for Sports Chapter 6. Inference-Based Personalisation

mean variance certainty
prior distribution 100 3 0.33

sample data 1 100.875
posterior distribution 100.20 2.31 0.43 (↑)

prior distribution 100.20 2.31 0.43
sample data 2 102

posterior distribution 100.33 1.88 0.53 (↑)
prior distribution 100.33 1.88 0.53

sample data 3 87
posterior distribution 98.22 1.58 0.63 (↑)

prior distribution 98.22 1.58 0.63
sample data 4 92

posterior distribution 97.38 1.36 0.74 (↑)

Table 6.2: Example progression using traditional inference learning

music tempo distribution, whereas m′ is the prior mean of the distribution of µ, and m′′ its
posterior mean. Similarly, σ2 is the variance of the music tempo distribution, σ′2 and σ′′2
are the prior and posterior variance of the distribution of µ, respectively.
As the resulting distribution is used for personal tempo selection whereas the input

really is the distribution of music tempo as it was used for a large group of people, the
variance σ2 of the gender/age group distribution can be neglected or it can be taken as a
guideline for determining the starting variance.
The value of σ2 can also be considered a design choice. We could define σ2 to be

larger or smaller depending on the desired behaviour of the system. Smaller values imply a
smaller variance in the used tempo, whereas larger values imply a greater tempo range for
the songs that are selected for this particular exercise.
In any case, σ2 is a constant, keeping the same value after each learning step. Since the

variance of the distribution remains unchanged, the resulting distribution of music tempo
in this particular exercise will be much like the distribution in Figure 4.2, but with a mean
µ of 100.29.
In the above Equation 6.3, every added bit of sample data makes the variance of the

posterior distribution smaller. The decrease of the posterior variance is currently fixed, as
it is dependent only on σ′2 (variance of the prior) and σ2 (tempo variance). Remember that
σ2 is currently a constant (it’s 10 in every new step). This makes σ′2 the only changing
variable in Equation 6.3. Its value is replaced by that of σ′′2 in each new learning step. The
posterior variance will thus be approaching zero. This behaviour can also be observed in
Table 6.2.

6.3 Sample Variance-Based Inference Learning

As we outlined before, we would like the posterior variance to be dependent on the variance
of the sample data. In this way, the certainty of the end result would be affected by the
certainty of the sample data. To this end, the sample variance, denoted by S 2, can be used
as an estimator for σ2.
However, according to Winkler & Hays (1975), Section 6.2, S 2 is not an unbiased

estimator and needs to be corrected. This leads us to define the modified sampling variance
Ŝ 2 as an unbiased estimator forσ2 (E{Ŝ 2} = σ2), in which n refers to the number of seconds
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in one learning step:

Ŝ 2 =
1

n − 1

n∑
i=1

(xi − m′)2 (6.4)

where the sample population is expressed by xi with i = 1, 2, . . . , n. We can proof Ŝ 2 is an
unbiased estimator.

Proof. An estimator is defined as unbiased when it holds that E{X̂} = x2. In our case, this
means we need to solve E{Ŝ 2} = σ2.

E{Ŝ 2} = E

 1
n − 1

n∑
i=1

(
xi − m′

)2 = 1
n − 1

n∑
i=1

E
{(

xi − m′
)2}

=
1

n − 1

n∑
i=1

E
{(

(xi − µ) − (m′ − µ)
)2}

=
1

n − 1

n∑
i=1

E
{
(xi − µ)2

}
− 2E

{
(xi − µ)(m′ − µ)

}
+ E
{
(m′ − µ)2

}
=

1
n − 1

n∑
i=1

σ2 − 2

1n
n∑

j=1

E
{
(xi − µ)(x j − µ)

} + 1
n2

n∑
j=1

n∑
k=1

E
{
(x j − µ)(xk − µ)

}
=

1
n − 1

n∑
i=1

σ2 −
2σ2

n
+
σ2

n

=
1

n − 1

n∑
i=1

(n − 1)σ2

n
=

(n − 1)σ2

n − 1
= σ2 �

On a side note, this means the sampling distribution will be a Student’s or t-distribution
(Gosset, 1908) instead of a normal distribution. However, for large values of n like the
ones we use (an n of 1 means 1 second, and a typical exercise lasts a couple of minutes) the
resulting (shifted) t-distribution is a good approximation of a standard normal distribution.
Now Ŝ 2 can be calculated for our example values and substitute it for σ2 in Equation

6.2 and 6.3.

Ŝ 2 =
(90 · (−0.875)2) + (75 · 0.6252) + (15 · 2.1252)

(180 − 1)
≈ 6.22

σ′′2 =
1

(1/σ′2) + (n/Ŝ 2)

=
1

(1/3) + (1/6.22)
≈ 2.02

This results in the progression of Table 6.4, in which we can clearly see the relatively
big influence of the third learning step as opposed to the relatively small influence of the
fourth learning step, which we assigned a sample variance of 1 and 20, respectively.

6.4 Mean Distance-Based Personalisation

Now we have seen the two most frequently used methods for i.d.d. inference learning, the
traditional and the sample-variance based method, we review our original objective again,
as posed in Section 6.1.3. We have defined the confidence c we have in the data as the
inverse of the variance σ2 (Equation 6.1).

2See also the lemma on Variance on Wikipedia.
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mean variance certainty
prior distribution 100 3 0.33

sample data 1 100.875 6.22
posterior distribution 100.29 2.02 0.50 (↑)

prior distribution 100.29 2.02 0.50
sample data 2 102 6.22

posterior distribution 100.43 1.53 0.65 (↑)
prior distribution 100.43 1.53 0.65

sample data 3 87 1
posterior distribution 92.31 0.60 1.67 (↑)

prior distribution 92.31 0.60 1.67
sample data 4 92 20

posterior distribution 92.31 0.59 1.69 (↑)

Table 6.3: Example progression using sample variance-based inference learning

Intuitively, the behaviour of both methods is not what we would like, given our defin-
itions, although it might be expected from a statistician’s point of view. Suppose the user
ran the exercise a couple of times, with a mean exercise tempo of 102. Then, suddenly, the
next mean exercise tempo is 87, like in Table 6.4. We see that m′′ shifts a bit towards 87,
which is like we expect, and σ′′2 becomes smaller. The resulting variance (and thus the
resulting confidence, which is a function of σ2 only!) is independent on the value of m′.
In other words, with every added bit of information the certainty about the value of µ

increases, no matter what that bit of information is! We have explained earlier that this
is caused by the assumption of independently identically distributed data in the traditional
model. The behaviour that we would like, is for the third learning step to increase the
posterior variance, since it decreases certainty. That is, it makes us less confident about the
validity of the posterior mean.
Informally, we would say that we were pretty certain of a mean around 102. Then, a

newmean of 87 was found after parsing exercise data, which is in conflict with our previous
confidence in the mean being about 102. And to make things worse, the confidence in this
new mean is high:

csampledata =
1

Ŝ 2
=

1
1
= 1.

This should actually change the posterior mean m′′ more than proportionally to the sample
mean m′, as happens using sample variance-based inference learning, yet it should also
decrease c as we clearly have conflicting beliefs. The shifting of the posterior mean to
somewhere in the middle does not make us feel confident that this is the right value.
We will upgrade the sample-variance based method to a new inference learning method
called Mean Distance-Based Personalisation, which copes with the intuitive problems by
weighting the change in posterior variance by the distance from the prior mean. Please note
that although this method redefines the posterior variance, no changes are inflicted upon the
posterior mean, which remains the same as in the sample variance-based inference learning
method.
We first introduce the concept of the variance change v. Due to the effect of the sample

data, a change in variance between the prior and the posterior distribution occurs, which is

v = σ′2 − σ′′2. (6.5)

The variance change is a positive real number, since the posterior variance is currently
always smaller than the prior variance. In the case of our example, in the first learning step
v is 3 − 2.02 = 0.98. The variance change has a larger value when the sampling data has a
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smaller variance, and as such could be used as an indicator of the importance of a particular
learning step (i.e., the greater v, the greater the importance of the learning step).
Because of the learning objective we formulated and the additional reasons mentioned

earlier, we need to make the influence of the variance change dependent on the distance
between the mean of the sample data m and the prior mean m′. The more distant from the
prior mean the sample data is, the more the posterior variance should be increased. Again
intuitively, this matches to what we already described: the more different the data is from
what we already believed, the less confident we will be in the resulting posterior mean.
To this end, two opposing force functions can be defined, which both have an influence

of the posterior variance: a positive variance change v which is strong when the sampling
mean m is near the prior mean m′, and a negated variance change −v which gets stronger
when m is further from m′.

Modified Posterior Variance with 1 Standard Deviation Limit

If we take a simple approach, we could define the modified posterior variance σ̂′′2 as being
dependent on whether or not m is within one standard deviation from m′ :3

σ̂′′2 =

{
σ′2 − v if |m − m′| ≤ σ′,
σ′2 + v if |m − m′| > σ′.

We immediately see the problems associated with this approach: an m just within one
standard deviation of m′ would decrease the posterior variance, whereas one just outside
would increase the posterior variance. Instead, we need to find a more fluent approach
where no hard limits are imposed on the sample variance.

Continuous Modified Posterior Variance

In the continuous method we propose, both the variance change and the negated variance
change are influencing σ̂′′2. Both have a weight dependent on the value of the prior
distribution at the place of m′ (the weight of the negated variance change (1−w) is actually
the complement of the weight of the variance change w):

σ̂′′2 = σ′2 − w · v + (1 − w)v. (6.6)

In our example, the prior distribution has parameters m′ = 100 and σ′2 = 3, while
m′′ = 100.875 (remember m′′ remains unchanged with respect to the sample variance-
based method). Then, the value f (m′′) of the prior distribution at m′′ is defined as

f (x) =
1

σ
√

2π
e−(x−µ)2/2σ2

f (100.875) =
1

√
3
√

2π
e−(100.875−100)2/(2·3)

≈ 0.203

Defined as a percentage of m′, the relative weights for the variance change and the
negated variance change can be calculated4:

w =
f (m′) − | f (m′′) − f (m′)|

f (m′)
(6.7)

3Note that we really should have written σ′2 − −v in the second part of the equation.
4The upper part of the equation is there to ensure an equal processing whether m′′ is bigger or smaller than m′.

We take the distance, which is | f (m′′) − f (m′)| and subtract it from f (m′) to ensure we get the lowest of the two
values.
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Using Equation 6.7, we get w ≈ 0.88. Entering w in Equation 6.6 then finally gives us

σ̂′′2 = 3 − 0.88 · 0.98 + 0.12 · 0.98
≈ 3 − 0.8624 + 0.1176 ≈ 2.26.

As opposed to the value 2.02 for the original posterior distribution, we see a small effect
by the introduction of the weights on the variance change. Now, let us see how this works
for the entire table from our example (Table 6.4).

mean variance certainty
prior distribution 100 3 0.33

sample data 1 100.875 6.22
posterior distribution 100.29 2.26 0.44 (↑)

prior distribution 100.29 2.26 0.44
sample data 2 102 6.22

posterior distribution 100.44 1.75 0.57 (↑)
prior distribution 100.44 1.75 0.57

sample data 3 87 1
posterior distribution 91.89 2.86 0.35 (↓)

prior distribution 91.89 2.86 0.35
sample data 4 92 20

posterior distribution 91.91 2.50 0.4 (↑)

Table 6.4: Example progression using mean distance-based inference learning

As wewould expect, the introduction of the sample data in the third learning step greatly
increases the posterior variance. As we said before, this means a decrease in certainty about
the mean. as an additional affirmation of our expectations, we see the fourth learning step
again increases confidence and thus decreases variance.
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Chapter 7

Evaluation

In this chapter, we will evaluate each of the three stages in the system. For the first stage,
evaluation will consist of introducing the already performed evaluation of the used APG
algorithm, whereas for the exercising stage it will include user tests of the system. For
the final stage, we will evaluate how the proposed inference method holds up against other
methods.

7.1 Preparation Stage

Because music selection using local search is not a new topic and the used implementation
not unique, we will not perform an extensive evaluation of the presented constraints.
Instead, we would like to refer to Vossen (2005) for an evaluation of the APG algorithm
with representative constraints.
We suffice with a proof of the complexity of the IM4Sports selection problem related

to the decision problem of automatic playlist generation (APG-D). In his thesis, Vossen
reduces the subset sum problem toAPG-D. TheNP-completeness of the subset sum problem
is proven by Karp (1972). Its definition: given a set of integers and an integer s, does any
subset sum to exactly s?
The file size constraint defined in Section 4.3 relates to this problem: given a play set of

songs p with file size pi[k], is there a subset of file sizes that sums to exactly max? It can
be formulated as a special case of the SumGlobal constraint which is defined in Vossen’s
(2005) thesis. In Section 3.4, he proves that an instance of the automatic playlist generation
decision problem that includes this constraint can be reduced from the subset sum problem,
and thus the decision problem is NP-hard.
Even though system response time in the off-line stages is not critical, theAPGalgorithm

should not slow down the system in a level that might annoy the user. In practice, we not
require a file size constraint to sum to an exact max file size, which makes the problem in
effect less hard. The average running time of the APG algorithm with the constraints of
the off-line stage never exceeded 1 second, which hence never lays a significant burden on
system response time.

7.2 Exercising Stage

Four experiments to evaluate the working of the on-line part of the system have been
conducted. The first two, as briefly mentioned in Chapter 5 already, include finding optimal
values for Tm and Ti. The third is a small user evaluation of the on-line stage, and the fourth
concerns determining heart rate stabilisation.

67



Interactive Music for Sports Chapter 7. Evaluation

The selection of new songs has not been formally tested. However, as the constraints
are much simpler than those in the off-line selection, and the resulting play set consists of
only one song, average running time is below 300 milliseconds which in effect never has a
significant effect on system response time.
For the first two experiments, we assume a change in music tempo cannot be propagated

instantaneously, and instead, no matter whether we need to match the user’s step frequency
or want to influence it, we need to take into account a propagation time. We assume that
without it, changes in music would be too abrupt and become annoying. However, a value
that is too large would make the system late in responsiveness.
For both matching and influencing equations have been presented which calculate the

propagation time, tm(x) and ti(x), respectively. These equations take as input x the number
of beats per minute that will be changed. The outcome is defined by a linear or a square
root function multiplied by a value Tm or Ti. Which function, tlin or tsqrt, is used, can be
specified by a Scheduler setting in the MusicMotion algorithm, yet for the experiments we
use the linear function tlin. Both Tm and Ti are defined in terms of ∆max, the maximum
change within the current song’s stretching zone (i.e., from the song’s maximum contraction
point to the song’s maximum stretching point). That is, the result of tm(∆max) is Tm and
ti(∆max) is Ti. So, these values represent system response time and system propagation
time, respectively, when a maximum change in music tempo for the current song needs to
be propagated.

7.2.1 Response Time for Pace Matching

Participants and Equipment

In the first experiment, seven healthy recreational runners between age 22 and 26 years
(two females, five males) took part. The experiment set-up included a programmable
treadmill (TechnoGym RunRace HC1200), the IM4Sports prototype (in pace matching
mode) equipped with in-ear headphones for music playback, and a pedometer for step
frequency input. During the experiment, by utilising the system’s fixed song setting, we
used one particular song, Train in Vain by The Clash (1979), which has an intrinsic tempo
of 121 bpm. This song was chosen because of its repetitive character, where no big changes
in musical accompaniment and dynamics are made during the progression of the song, and
because of the relative unfamiliarity of our group of participants with this particular song.
During the experiment, because of the fixed song setting, no limits to the song’s stretching
zone were imposed, allowing the music tempo to be changed freely within an approximate
[−50%,+50%] zone.

Experiment Layout

The participants were instructed to arrive in sports clothing and with running shoes, and
were given the opportunity to do a warming up of about 3 minutes. The instructions to the
participants after warming up made clear that they were asked to run for 470 meters, and
that the speed of the treadmill would change during the experiments. At specific times,
after each speed change, they were asked to give a rating to what extend they liked the last
10 seconds of music as background to the speed change in their running on a scale from 1
(very bad) to 5 (very good). If desired, the participants could use their fingers to indicate
their rating. It was made clear that this rating should not be about the music itself but rather
the sound quality of what they hear, and the change of music tempo with respect to running
tempo. After the last condition, participants cooled down for about half a minute at a speed
of 3, 5 km/h.
The treadmill was programmed with a warming up of 50 meters at 8 km/h. During this

warming up, the music was started. Immediately after the warming up, without stopping
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Figure 7.1: Sample pace matching graph
The thin line is the step frequency (input), the thick line the music playout tempo (output).
Used values in this graph for Tm are 500, 5000, 0, 10000, 1000 and 2500, respectively.

either the music or the treadmill, the experiment begun. The treadmill was programmed to
increase its speed to 12 km/h, remain at that speed while the participants run 50 meters, and
decrease back to 8 km/h and stay at that speed while the participants run for 20 meters. The
speed changes themselves were not programmable on this particular treadmill type, and
each took about 10 seconds. There were six speed changes, and during each the parameter
Tm was changed.
After the experiment, participants were asked which of the speed changes they liked

best, and why.

Conditions

The testing range of Tm was determined between 0 and 10000 ms. When Tm is set to
0, a discrepancy between pace frequency and music tempo is resolved immediately by
setting the music tempo to the pace frequency. The expectation is that the participants will
consider the resulting changes too abrupt. On the other hand, large values for Tm result in
long differences between pace frequency and music tempo, which means that the system
does not match pace accurately anymore. Therefore, we expect to find an optimal value for
Tm between 0 and 10000 ms.
The set of all six conditions was

{
0, 500, 1000, 2500, 5000, 10000

}
. The order in which

the values were used was varied between participants to compensate for potential sequential
effects following from using a fixed order for all participants.
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Figure 7.2: Average rating of Tm values
For each direction, the values increase from 0 to 10000 from left to right.

Results

A sample graph of one of the experiments, in which the music follows the participant’s step
frequency, is shown in Figure 7.1.
As Figure 7.2 shows, both short and long response times tended to be rated higher

than mid response times when speeding up running. We could not arrive at statistically
sound findings when slowing down running. It appeared that participants largely based
their judgement on the extent to which music playback was kept in time with their steps.
This synchonisation was hard to achieve since the use of a treadmill produced undesirable
effects: abrupt speed changes made runners vary their step frequency and stride length in
erratic ways.
Due to this preference, we devised an alternative measurement for the performance of

the system. We have suggested that while pacematching should not be done instantaneously,
the response time should be as small as possible. Hence, as an alternative measurement,
the mean squared error of the music playout tempo graph with respect to the step frequency
graph may be taken. This favoured the used of short response times in the range of 0 to 500
ms. As shown in Figure 7.1, short response times track changes in step frequency more
accurately than larger response times do.
The participants rated the behaviour of the system in pace matching mode as very good,

with an average rating over 3.5. They also noted that behaviour when speeding up was
considerably better than when slowing down. This is consistent with their ratings; speeding
up was rated with a 3.8 on average, while slowing down received an average rating of 3.2.
Participants were not able to select one of the conditions as a best experience. They

indicated that this was due to their occupance with the running and listening to the music,
which absorbed their concentration completely (this is also suggested by the research of
Tenenbaum et al., 2004).
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7.2.2 Propagation Time for Pace Influencing

Immediately after, or in three cases before, the first experiment, the same group of partici-
pants took part in a second experiment. The goal of the second experiment was to determine
an optimal value for Ti, the system propagation time while influencing pace.

Participants and Equipment

Like in the first experiment, seven healthy recreational runners between age 22 and 26
years (two females, five males) took part. The experiment set-up included the IM4Sports
prototype in motivation mode, equipped with in-ear headphones for music playback, and a
pedometer for step frequency input. During the second experiment the same song, Train in
Vain by The Clash (1979), was used as in the first experiment.

Experiment Layout

The participants were instructed to step-in-place in time with the music, while the music
tempo varied in playout tempo. There were four of such tempo variances, and during each
the value for Ti was changed.
Because the motivation mode of the Scheduler utilises pace matching, a setting for

Tm has to be determined as well. For the purpose of this experiment, Tm was set to 0 to
minimise the influence of pace matching.

Conditions

For pace influencing, like pace matching, a value too small makes changes too abruptly and
thus is hard to follow by the user. However, a value too large means the user can follow the
changes in music tempo quite well, but the response time of the system overall becomes too
slow. This a value must be found which is as small as possible, while not causing changes
too abrupt. Therefore, the testing range of Ti was determined between 0 and 20000 ms.
The set of all four conditions was

{
0, 5000, 10000, 20000

}
. The order in which the

values were used was varied between participants to compensate for potential sequential
effects following from using a fixed order for all participants. The music playout tempo
was changed from 110 bpm to 120 bpm, and back, for each condition.
A ‘step frequency influencing mode’ was constructed by setting the Scheduler motiva-

tion mode with a step frequency goal specified instead of a heart rate value or zone. First,
a pace match between the user’s step frequency was established. Then, the music playout
tempo was changed with a propagation time influenced by Ti. If the user’s step frequency
had followed the music playout tempo perfectly, no additional tempo change was necessary
until the user’s step frequency changed with respect to the music playout tempo. However,
when the user had not reached the new music playout tempo, the process repeated and a
new match had to be made before the system tried to stimulate the user to the desired music
playout tempo again.

Results

It appeared, while conducting the experiment, that when Ti was set to 0, participants were
completely surprised with music playout changes, which occurred instantaneously. This
resulted in participants loosing track of the music tempo completely, which confirmed our
earlier assumption that system propagation time can not be defined as a very small value.
Hence, this condition was discarded.
The mean squared error (MSE) was used to assess the match in the remaining three

conditions (Ti ∈
{
5000, 10000, 20000

}
) between the user’s step frequency with respect to
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Figure 7.3: Mean squared error for different values of Ti

the music playout tempo (see Figure 7.3). It appeared that participants still had difficulties
in synchronising with the music if the music tempo changes were done with propagation
times of 5 and 10 seconds; they showed a ‘jerky’ stepping synchronisation behaviour as
response to themusic tempo change. As indicated by themean squared error, 540, 450.4 and
283.7, respectively, best synchronisation performances were achieved with a propagation
time of 20 seconds.
The graph suggests that larger propagation times might work even better. However,

when asked, all participants rated the behaviour of the system in influencing with the
maximum grade of 5. Four participants commented that they “didn’t even have to think
of matching the music tempo” when Ti = 20000, because “it feels so natural to follow the
music tempo when changes are made gradually”, as one participant commented.

7.2.3 User Evaluation

After the experiments, participants were asked for their opinions on this mode, and for their
subjective comparison between the modes of pace matching and pace influencing. These
opinions included questions on their exercising andmusic listening behaviour; the frequency
of exercising, the use of music during exercise, the device used for music playback.
Participants agreed on their rating of the performance and motivational quality of the

system, which they expressed as very good. All but one recreational runners would certainly
consider using a motivation system such as IM4Sports would it be available and affordable.
These participants preferred the motivation mode over the well-known freeformmode. The
one participant who would not consider using the IM4Sports system claimed that he is able
to control his heart rate better than a system could. However, even the participants that
usually did not listen to music while running were highly enthusiastic about the system.
Participants were divided between liking the pace matching or the motivation mode

best. Each had a different motivation for their taste. The arguments included two from
participants that did not regularly use training programs and run merely for recreation
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without a more specific goal than ‘staying fit’. These participants prefer the pace matching
mode, which they agreed ‘motivates more than regular music does’. The other participants
were positive about pace matching mode, but preferred the extra motivational impulse
motivation mode could give. Two participants envisioned problems with determining what
a good training program is for a specific goal, and suggested that the final system includes
an advisory ‘wizard’ for recommending training programs.

7.2.4 Heart Rate Stabilisation

As we have seen in Section 5.6.3 (Equation 5.2) the heart rate needs time to adapt to a
change in exercise intensity (up to 2 minutes). The system needs to wait for the heart rate
to stabilise before propagation additional changes, if needed, in music tempo. Therefore,
we have defined that heart rate stabilisation occurs when heart rates stay within a 1 bpm
deviation of the average of a 10 second interval for the duration of that interval.

Participants and Equipment

For the third experiment, three healthy recreational runners between age 23 and 38 years (all
male) took part. The experiment set-up included a programmable treadmill (TechnoGym
RunRace HC1200) and the IM4Sports prototype, equipped with a heart rate monitor, and a
pedometer for step frequency input. During this experiment, no music playback was used.

Experiment Layout

The participants were instructed to run with the speed of the treadmill, while the treadmill
speed varied. There were three runs, and in all one such tempo variation occurred.
All runs started with a warming up of 30 seconds at 6 km/h. After the warming up, the

treadmill speed increased to one of three values. This speed was retained for 3 minutes.
Thereafter, the speed was decreased to 6 km/h for cooling down.

Conditions

The testing range of running speeds was determined at 9, 10 and 11 km/h.

Results

In Figure 7.4, a sample heart rate graph of a test run can be found. With the experiment,
nine of such graphs were collected, and possible candidates for heart rate plateaus were
identified in the printed versions of the graphs using visual approximation. This was done
to test the definition given in Section 5.6.3.
Let us first realise that heart rate stabilisation is an elastic notion. Although the detection

of heart rate stabilisation is an important part of the MusicMotion algorithm in motivation
mode, it does not have to be exact. That is, if the heart rate is detected to be stabilised
as much as 10 seconds too early or too late, that does not have a large influence on the
performance of the algorithm, as we have assumed earlier that the predictions on heart rate
with respect to the exercise intensity are quite good. This also appears from the previous
experiment, if the correct propagation time is used.
The stabilisation detect algorithm that implements Equation 5.2 was able to find can-

didate plateaus that fit our definition. However, it also appeared that the found plateaus
largely match the visual approximations determined by a human. The mean square error of
the detection algorithm with respect to the manually identified plateaus averaged between
150 and 200, which is much lower than what we identified as a good MSE value in the
previous experiment.
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Figure 7.4: Development of heart rate over time, while a steady step frequency ismaintained
The pace is indicated with a thin line (mostly above), the heart rate with a thick line (mostly below).

7.3 Feedback Stage

For testing the proposed inference method, we will formally define three aspects that we
will judge the presented methods on. These are flexibility, consolidation capacity, and the
method’s resistance to noise. We perform the evaluation, while noting that it is perhaps
not entirely fair with respect to the traditional methods, because they were not meant to
be used on non-i.d.d. data. The main purpose of the evaluation is to show the additional
possibilities the new method brings to the proven concept of Bayesian inference.

7.3.1 Flexibility

To test whether or not the proposed method is flexible when using large sample sets, a test
set of twenty one sample distributions has been generated. The testing set T consisted of

T =
{
N(120, 10),N(121, 9.75), . . . ,N(140, 5)

}
.

These sample distributions reflect a mean music tempo that increases with 1 on every
learning step, but also an increasing certainty (i.e., decreasing variance of 0.25 every
learning step) over the course of the personalisation.
From each distribution, we draw a hundred samples. In addition, we draw twenty extra

samples from the first distribution. As sample data for the learning steps, a twenty point
moving average over the samples has been taken, hence the twenty extra samples from
the first distribution. In this way, 2100 sample distributions have been computed from the
twenty one initial distributions. These are used as sampling data for the three different
inference methods.
We define the flexibility of an inference method to be that it is as close as possible to
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Figure 7.5: Flexibility evaluation of different inference methods. (a) mean (b) variance
(a) On the right hand side of the graph from top to bottom: sample mean (thin), mean
distance-based method (thick), sample variance-based method, traditional method.
(b) Both traditional methods approach 0, mean-distance based method above.

the final distribution (i.e. N(140, 5)). We expect the Mean Distance-Based Personalisation
method to be the most flexible because the variance is based on the sample data instead of
decreasing with the amount of learning steps.
In the evaluation of the methods, we will refer to the inference methods using T for the

traditional method, S for the sample variance-based method, andM for our proposed Mean
Distance-Based Personalisation method. A graph of the resulting behaviour is shown in
Figure 7.5
After 250 learning steps, the mean of the sample data is gradually increasing to 122.5.

We see that both traditional inference methods T and S reach values at just under 121,
whereas M is near 122. More importantly, for both traditional inference methods, the
posterior variance has decreased to values as small as 0.03. The method M reflects the
uncertainty in the ever-changing sample data better, with a variance of about 0.2.
After 1000 learning steps, the sample mean approaches 129.5 and the posterior mean

of both traditional methods leap behind at 124.5, whereas method M is about 128.9. The
posterior variance is about 0.01 versus 0.1, still. The differences gradually become clearer.
And, after completing all 2100 learning steps, we see that the sample mean has almost

reached the specified 140 and the variance is close to 5. Both traditional methods, at
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that moment, have been stuck at about 129 for a long time already, whereas the proposed
methodM approaches 140, too, rapidly. The posterior variances reflect the flexibility of the
traditional methods vs. the proposed method, which are about 0.004 and 0.1 respectively.
The difference in posterior mean of about 11 beats per minute can become a major

problem when selecting music based on this value, as during exercising, when the music is
synchronised to the user’s movements, music generally cannot be stretched more than 15%.

7.3.2 Consolidation Capacity

The consolidation capacity of themethods is tested by supplying all methods with a hundred
learning steps with each exactly the same mean and variance, say, m′ = 100 and σ′ = 10.
We first calibrate the methods with ten learning steps ofm′ = 150 and σ′ = 10. The method
with the best consolidation capacity is the method that is both closest to the mean of the
learning steps, and has the smallest final posterior variance.
After all hundred learning steps, the traditional methods T and S perform exactly equal,

with the posterior mean being about 104.5 and the posterior variance 0.09. The mean-
distance based method M performs a bit worse with respect to variance, 0.11, yet the final
posterior mean is 100. Due to the method being dependent on method S’s posterior variance
(remember σ̂′′2 and v are defined in terms of σ′′) it can never change the posterior variance
faster than that method.

7.3.3 Resistance to Noise

The final evaluation criterion is testing how all methods perform with noisy sample data.
We define a testing set consisting of ten learning steps with constant same sample data to
calibrate the methods (m′ = 150 and σ′ = 10 like above), and introduce highly uncertain
sample data with m′ = 100 and σ′ = 100.1 We then re-calibrate the methods with an
additional ten (150,10) learning steps, and again introduce the same uncertain sample data.
We repeat this process ten times in total. The method that is least affected by the uncertain
sample data and the most by the certain sample data is considered the the method that is the
most resistant to uncertain data.
Like we expect, both S and M, which both calculate posterior variance by taking into

account the sample variance are not affected much by the uncertain data. When the first
uncertain sample is processed, posterior mean drops by over 4 points using method T, where
both other methods are only affected 0.5 points. The posterior variance of method M is a
little larger than that of the method S.
After all 110 learning steps have been completed, we see that once the posterior mean

of method T dropped to about 145, it never went over 146 during testing. This once
again implies the lack of flexibility in this method. Methods S and M, on the contrary,
performed roughly equal with respect to posterior mean (it averages at about 149.5). The
only difference is the posterior variance which shows method S is more certain on the
sample set than method M (final posterior variance is 0.09 and 0.21, respectively).

7.3.4 Results

Judging from the tests outlined above we see that for the IM4Sports system, the proposed
Mean Distance-Based Personalisation method is both more flexible, better at consolidation
of sample data and less affected by uncertain sample data than both traditional inference
methods.
The only weak point addressed in the performed tests is that the method is dependent on

the sample variance-based method, and thus can never progress faster than that method. If
1The certainty c of this data set would be 1

100 , which is highly uncertain, indeed.
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we want the method to consolidate its state faster, we can modify Equation 6.7 by attaching
a larger weight to the positive variance change. This gives the method a preference to
consolidation, whereas attaching a smaller weight to the variance change would indicate a
preference towards the rejection of prior information.
We can conclude that Mean Distance-Based Personalisation fulfills our learning objec-

tive and that it can be used for personalisation in the IM4Sports system as a better method
that the traditional methods. Further research should be done to investigate its use for other
systems, especially since its main characteristics (fast, efficient, and easily implementable2)
might show that it can be a light-weight alternative to wide-spread personalisation tech-
niques such as machine learning and neural networks.

2In fact, most testing was done using an ordinary Excel spreadsheet with a small number of programmed
macro’s.
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Chapter 8

Conclusion

8.1 Accomplishments

Our research goal was to develop a system that is able to stimulate, support and entertain
an exerciser in an endurance sport, such as running. We have employed music to satisfy
this goal by adapting it to user performance, according to an indirect method utilising step
frequency distilled from literature. Requirements that specify the research goal have been
formulated and in the course of this thesis, we have shown that each of them has been met
by the proposed solutions.

System Design

We have defined the formal properties of a training program, and presented a complete
system design, called IM4Sports, to meet the research goal. The system design consists of
three stages, for each of which we have described the functionality in each of these stages.
In the first, the preparation stage, the system should suggest music that optimally fits a

proposed training program. We have devised a method for doing so, utilising and extending
pre-existing technology. Our method allows for the creation of a probability distribution
of music tempo for every exercise that is in the training program, and for summing these
distributions in one global distribution for the entire training program. This technology
was a constraint satisfaction system based on local search, and we have supplied additional
formal constraints and penalty functions that suffice the problems posed by our research
goal.
For the second stage, the exercising stage, we have selected a way for adapting music

based on tempo. We have proposed four exercise modes, each with a specific characteristic
that would cope with the various user preferences that have been described in literature. We
have devised methods for matching step frequency with music tempo, as well as influencing
step frequency by adapting music tempo, and a method for the prediction of step frequency
over time. Also, we have defined song selection in this on-line phase, which is again based
on constraints that have been formally defined and which include our prediction method.
Finally, we have suggested user interaction controls that would make all of the system’s
possibilities available to the user.
In the final stage, where feedback is given to the user and the system, wewant the system

to learn from the user performance during exercise to personalise the music selection. To
this end, we have shown two inference methods that are able to update our music tempo
distributions with exercise data, and noted their shortcomings with respect to non-stationary
data. To counteract the problems associated with these methods, we have devised a new
method, which is an upgrade of the traditional methods, that weights the certainty of the
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sample data into the certainty of the posterior distribution.

System Evaluation

We have evaluated the functionality of the system in all three stages. For the first stage,
we have indicated the difference in constraints with the evaluation of the used technology
already performed. We formally showed that the new constraints and used constraint set
imply no difference in complexity with respect to the constraints used in performance
indications given in literature. Therefore, we can conclude that typical performance time
for the selection of music in the IM4Sports system is less than 5 seconds. Due to the off-line
nature of this stage, no additional requirements on performance are posed, in which case 5
seconds is within performance requirements.
We have implemented the entire on-line part of the system and performed three tests

with it, as well as performed a user evaluation with the small group consisting of the other
experiments’ participants. These experiments show that the system is able to match the
user’s step frequency, that it can influence the user’s step frequency, as well, and that it
can determine whether or not the user’s heart rate is stabilised or not. We have determined
optimal parameter settings for both the matching and influencing functions.
The user evaluation shows that participants generally like the system, and would con-

sider using the system for regular exercising. The participant’s preference was divided
between pace matching and influencing modes, which are both intrinsic parts of the system.
Most important, participants indicated that they are enthusiastic about the motivational
qualities of the system.
The last evaluation, of the personalisation features of the system, comprised a com-

parison of the traditional inference methods with the proposed method. On three different
aspects, namely flexibility, consolidation capacity, and the method’s resistance to noise, we
have shown the proposed method works better than traditional methods for the IM4Sports
system.

8.2 Quality Assessment

Determining the motivational qualities of this particular system requires assessing each of
its stages with large user groups. A possible method could consist of employing the rate
of perceived exertion (RPE) for both a group running with the IM4Sports system, a group
running with ordinary music, and a ’control’ group on different occasions. We have seen
that both off-line stages are in fact preparatory with respect to the (next) on-line stage,
which makes testing the system largely a matter of testing the on-line stage.
While we have not addressed the motivational quality of the current IM4Sports im-

plementation by direct experiments, we can compare the system to results achieved in
literature. Both Tenenbaum et al. (2004) and Boutcher & Trenske (1990) have written
about the effect of music on exercisers, and both concluded that music brings down RPE
for sub-maximal effort, and in addition enhances affective states and makes exercising
more agreeable. Thus, exercising with music in itself can be considered motivational, at
least more than exercising without music. In addition, Szabo et al. (1999), Kodzhaspirov
et al. (1986) and Anshel & Marisi (1978) address the motivational qualities of music that
is synchronised to the user’s movements. This behaviour, displayed by the system in both
pace matching and motivation modes, is said to greatly enhance motor control and lower
RPE for the exercise. We can conclude that the abilities of the system to match music tempo
with step frequency are likely to give it greater motivational qualities than exercising with
music alone.
Remains the additional behaviour displayed in motivation mode, where the system

adapts music playout tempo according to training program goals. The author is not aware
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of any projects currently displaying similar behaviour, including Fraunhofer’s (2004) Step-
Man, and has not been able to find literature on the motivational qualities of music adapted
in this way. However, in the evaluation of the on-line stage we have seen that participants
are tempted to followmusic without focusing their attention on the music tempo. They rated
the system’s behaviour, without exception, as excellent, and commented that it required
virtually no endeavour to follow the music tempo.

8.3 Recommendations

We will now suggest a number of improvements based on the limitations in the current
implementation, and extensions that can be made to the system in its current state. In
addition, we will indicate where further research can be helpful.

8.3.1 Improvements

One of the most important aspects of any control system, which IM4Sports in its on-line
stage is, is its accuracy. While in the current implementation no big concerns rise with
respect to the system accuracy, we can still indicate a few places where accuracy could be
increased.
One of these places in the system lies in the exclusion of stride length in the current

implementation. As we have seen in Section 2.3.1, stride length is an important aspect of
human running behaviour. Along with step frequency, the dominant unit of measure, it
determines the actual intensity of exercise. We could make the system more accurate by
measuring stride length and incorporating this in the heart rate influence loop suggested
in Section 2.6.3 (this comprises influencing the heart rate indirectly, by influencing step
frequency as the representative of exercise intensity). Including would require searching
literature or conducting experiments to understand the influence of stride length and step
frequency on performed workload (that is, exercise intensity). Measurements can be done
straightforward in the current system, as the pace sensor used is able to measure covered
distance, and thus stride length, in parallel to step frequency.
Another place where system accuracy can be increased is in the propagation of music

tempo changes. Currently, these are calculated using a linear or a square root function
which determines the function values. The end result is the time over which the music
tempo is changed. However, an implementation limitation in the communication between
the IM4Sports system and the XMMS music player allows music tempo to only change
linearly. An improvement could be to adapt music playout tempo according to a square
root function. This would make adaptations start faster at first and progress slower further
on, when the exerciser is aware that music tempo is changed. Further research should point
out whether this behaviour is significantly better than linear propagation.
An additional improvement, which alsowould improve system accuracy, is the inclusion

of the fatigue curve. This improvement has been suggested already in Section 4.2.1, where
a possible spot for its incorporation in the system has been suggested. In addition to the
determination of music tempo based on training programs, the fatigue curve could assist in
predicting heart rates during exercise.

8.3.2 Extensions

User Preference in Music Selection

Currently, the system does not take into account user preferences when selecting music
content for the portable player, nor when playing back music during exercise. Because
a broad range of algorithms for the selection of user-preferred music already exists, we
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decided to focus on other, more distinctive aspects of the system for the present research.
However, it is likely that motivational increases can be gained by playing back much-liked
songs when a boost in exercise morale is required. To allow this playback behaviour, a mix
of user favourites and not-so-well-known songs should be available on the portable player.
It would also require additional constraints and knowledge for the music selection.

Training Program Recommendation

In the current implementation, training programs are considered user input. A user needs
to know exactly what goals she wants to reach and, more importantly, how to achieve those
goals by putting together a well-balanced training program. Obviously, not all exercisers
are able to determine what a good training program is, let alone create one. As a possible
extension, the system could suggest a training program based on the desired goals, which
could be very broad, such as ‘loose weight’ or ‘get more fit’. In this way, the system could
act as a virtual coach with respect to exercise preparation.

Virtual Fitness Coach

The feedback capabilities of the IM4Sports system, which utilise logging all data that can
be collected using the attached sensors and system decisions, can be used to further improve
this ‘virtual coach’ behaviour. For example, the system could praise the user for sticking
to the training program, or help the user to determine what went wrong by asking specific
questions. Such a virtual coach could use exercise data to influence decisions on a new
training program recommendation. For example, if a user is known to have problems with
sticking to running exercises that exceed 3 km, the system could learn to split these exercises
in shorter runs divided by stretching exercises.

Internet Community

One last suggestion on possible extensions is linking the system to an virtual community
on the Internet. This potentially provides the user with many opportunities: compare
training programs and goals, compare and discuss performance, discuss training-related
topics in a forum, or chat with professionals that can help the user overcome particular
training problems. Such a community could enhance user bonding and commitment to
the system and hence the user’s training program. From a system perspective, an online
database with user data could allow for the automatic determination of user similarity.
From that, the automatic comparison of similar music collections to suggest new songs and
artists to the user based on similar user’s preferences, the comparison of training programs
and the comparison of personalisation states could enhance the system by making it more
interactive, more enjoying and more surprising to its users.

8.3.3 Further Research

Themost important aspect of the system that requires further investigation is itsmotivational
quality. As we described above, we have firm grounds to believe that the system will be
able to motivate people while exercising, but a practical test will be required to address
problems with the current implementation. We have performed a small evaluation of the
on-line stage of the system which shows no major problems, but in a comprehensive user
evaluation of the entire system in all its three stages might indicate additional focus points
for improvements.
A test of the entire system will require the design of a user interface and interaction

process. Suggestions for both in the most important stages in the system have been made
in this thesis. For example, we have indicated the functionality of the buttons in the on-line
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stage, and described the user interaction process of the preparation stage. Further research,
however, will have to point out how people prefer to interact with an interactive music
system during exercise.
To successfully evaluate the off-line preparation stage, a large number of gender/age

group music tempo distributions for a number of exercise types need to be obtained. This
requires extensive research with hundreds of participants, but can greatly enhance user
satisfaction by limiting the calibration of the system in its simplest way to the input of
gender and age.
For the personalisation capabilities of the system we have suggested an inference

method called Mean Distance-Based Personalisation. We have indicated its advantages
over traditional inference methods for our application. These need to be evaluated properly,
with real running data, after gender/age group music tempo distributions are available. It
would be interesting to learn whether the method is able to provide advantages in other
applications, as well, by applying and comparing it in other situations. Further research
could also compare this method with other learning algorithms such as machine learning,
neural networks, and evolutionary algorithms.

8.4 Commercial Opportunities

As the research for the IM4Sports project was conducted at Philips Research, Eindhoven,
we will place the project in a commercial context and suggest opportunities for its further
development towards consumer applications.
In the introduction to this thesis, we have mentioned the trend of people exercising

more. We have also suggested that people need help with finding motivation to continue
exercising. In this chapter, we have concluded that, based on literature, the IM4Sports
system presented in this thesis can be a valuable help for giving motivation to exercisers,
and hence, a solution to the problem presented in the introduction. For the system, if it
were implemented according to the presented specifications and developed into an end-user
system, this means a large potential user base, which could make a commercial roll-out an
interesting opportunity.
Philips, as a high-tech company, has recently formed an alliance with Nike to bring

their respective digital and athletic expertise towards sport. They have described their
goal as to "develop innovative technology product solutions which create a richer, more
motivating environment for physical activity". Currently, the line-up includes digital audio
players which all have excellent anti-shock properties and can be attached to the body
during exercise. Only one, the MP3Run (Nike-Philips, 2004), offers capabilities that go
beyond playing music like all other players do. It features a speed and distance sensor
which can register time and tempo during training sessions, and can communicate this info
using speech synthesis when prompted by a button press. Surprisingly, music playback is
considered a separate function and is not adapted to the training data at all. Hence, music
playback does not differentiate these players from competitors such as Apple’s iPod shuffle
and other flash-based audio players.
If not implemented in full, parts of the IM4Sports system could enhance players like

the MP3Run and thus provide an extra unique selling point for these audio players. For
example, the inclusion of pace match and cruise control modes would help exercisers and
provide an interesting feature not currently matched by any competitor. In a next stage,
when the market is ready, the pace influence mode can then be introduced to get further
ahead of the competition, feature-wise. The reason to not include this feature from the start
is because it requires the development of a new and easily attached sensor for heart rate
measurement, while the step frequency sensor is available in an end-user version right now.
Another application for the IM4Sports system is another division of Philips, which re-

cently has gotten a large amount ofmedia attention: Customer Health&Well-being (CHW).
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Philips’ mission statement has seen a shift in focus towards personal health applications
and Philips consequently has become a large player in health. One of the applications for
an IM4Sports-based system could be rehabilitation.
Rehabilitation is a form of medical treatment, often physical therapy, aimed at the

restoration of lost capabilities. These are often caused by disease or a serious accident. For
example, after a brain stroke, certain physical functions may be lost or may be incomplete.
A patient would need to learn to walk or bike again, or might need to build up muscular
tissue after being forced to stay in bed for extended periods.
The treatment consists of daily exercise routines, which largely consist of repetition.

There is a large common ground between these exercises and repetitive solo sports such as
running and cycling, as these exercises often combine parts of these solo sports, quite often
are done alone (after initial clinical treatment) and are repetitive in nature. Hence, rehabil-
itation exercises could potentially be made much easier with proper music background, in
a fashion similar to those of repetitive solo sports.
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Appendix A

Terminology

Beat pattern See: ↪→rhythmical structure

Bpm See: ↪→beats per minute

Beats per minute The tempo of the song is often notated in the amount of beats per minute.
The beat in this definition is the same that is defined in the ↪→meter. Often there are
four beats per measure ( 4

4 ).

Crescendo A gradual increase in music volume.

Decrescendo See: ↪→diminuendo

Diminuendo A gradual decrease in music volume.

Genre Musical genres are categories which contain music which share a certain style or
which have certain elements in common (Musical genre, from Wikipedia, n.d.).

Harmony Harmony is the art of using pitch simultaneity (or chords, actual or implied) in
music. It is sometimes referred to as the "vertical" aspect of music, with ↪→melody
being the "horizontal" aspect - a harmony are several melodic lines or motifs being
played at one particular moment in time.

Heart rate The times the heart beats per minute.

Heart rate capacity The theoretical maximum on the times the heart beats per minute.

Heart rate zone The percentage of the maximum heart rate (See: ↪→heart rate capacity)
at which you exercise in order to meet certain goals. For example, you exercise at
50-60% to burn fat.

Key The key of amusical piece is the tonal center of that piece, and is defined by the ↪→scale
the music uses. From music theory we know that certain keys are compatible with
each other.

Measure Ameasure is defined inmusic as distance in time. Themeasure divides a rhythmic
pattern in equal parts of 2, 3, 4 or more beats, and thus establishes a ↪→beat pattern.
The ↪→meter defines the length and advancement of the measures.

Melody A melody is a series of linear events or a succession of tones (pitches) in music.
In this succession, phrases and motifs are created. These are usually repeated within
songs in various forms.
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Meter How many beats go in each measure of a song. Most often a song is ‘in the meter
of’ 4

4 beats per measure, in which each measure has four beats and each beat has the
length of a quarter note. Other common meters include 2

2 ,
4
8 and

3
4 (the meter of a

waltz). The meter defines the length of the ↪→beat pattern of the music. A duple
meter means that the music features 2 or 4 beats per measure, triple meter that it has
three beats per measure.

Pace The step frequency in times per time unit (n/t), that is,how many times a minute the
runner’s feet hit the ground.

Rhythmical structure The rhythmical structure of a song is the pattern in which accents
in the music are structured. When a song has a ↪→meter of 4

4 , and the accents are
‘on the beat’, there’s often a strong accent on the first and a less strong accent on the
third beat (to make things more complex, this is because 4

4 is a so-called ‘composed’
meter, which means it is really in a 2

2 +
2
2 meter). The accent structure is sometimes

denoted as ‘• · • ·’ or, more frequently, ‘X · x ·’ (the large X denotes the strongest
accent). When the accent is on the ‘off-beat’ (second and fourth beat, of which the
second beat is most important), the beat pattern is ‘· X · x’.

Scale A scale contains all the notes of a certain ↪→key. The tonica or base of the scale
is the first and defining note of the scale. An example is the c major scale, which
contains the notes c d e f g a b. The e minor scale contains e f] g a b c d.

Speed The distance per time unit (d/t).

Staccato The term staccato denotes that a particular note to which it is assigned should
be played shorter. Nevertheless, the tempo of the music remains the same, so the
remainder of the note is silent. Hence, the notes are played loose from each other,
implied by themeaning of the Italianword fromwhich it is derived, staccare, meaning
‘to pull loose’.

Tempo The tempo is the speed in which the music moves. In other words, tempo is the
speed with which the ↪→measures follow each other. In classical music, tempo
was notated with Italian words and categorised in five main groups: the very slow
tempi (e.g. largo, adagio), the slow tempi (e.g. andante), the moderately fast tempi
(e.g. allegretto, moderato), the fast tempi (e.g. allegro) and the very fast tempi (e.g.
allegro vivace, presto, veloce).
All these tempo names only give an approximation of the real tempo. The invention
of the metronome (a device that can be set to tick a certain times per minute) gave
musicians a possibility to find the exact tempo. Tempo is measured in ↪→beats per
minute).

Tenuto The term tenuto denotes that a particular note should be played a little stronger than
the surrounding notes. It is often combined with a ↪→staccato sign if the articulation
should be joined by playing the note shorter.
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Appendix B

Requirements Overview

Functional Requirements

FR 1. The aim of the system is to use music to provide a more stimulating and more
entertaining running experience

FR 2. The system takes a given training program as input

FR 3. The system should select music that fits the users (projected) performance

FR 4. The system should select songs from the database that best fit the characteristics of
the different exercises in the fitness program, and suggest these as the new contents of the
Player

FR 5. The system should adapt the played back music to the user performance

FR 6. The system should allow easy interaction during exercising, more specifically:

• pause song: because the system may be used in complex environments, such as
alongside roads with heavy traffic, a pause button is important - in the example figure
any part of the screen can be used to pause the music;

• play/repeat song: depending on the mode the system is in, the button changes to allow
the user to indicate she wants to play a song (in a mode that does not automatically
start playing music) or to indicate the song should be repeated (in modes when the
song is automatically changed when finished);

• skip song: the user wants to skip to another (similar) song;

• stop exercise: the user wants to stop exercising;

• skip exercise: the user wants to skip the remainder of the current exercise, regardless
of whether the exercise is finished or not;

• mode: the user can select the playback/exercise mode of the device.

FR 7. The sensors used by the system should be easily attachable, removable and usable,
and their number should not exceed two

FR 8. The collected data should be used to personalise the system’s music selection
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Data Requirements

DR 1. The training program should fit a specific profile that allows for standardised
processing. This profile includes:

• Kind of exercise (Warm Up, Stretch, Walk/Run/Jog, Recover, Cool Down, etc);

• Duration (in seconds or in distance);

• Intensity (in heart rate percentage).

DR 2. The following meta data on the music should be available to the system:

• Song title

• Artist

• Album

• Song duration

• Genre

• Tempo

• Meter

DR 3. The effects of a change in a music parameter on the user performance should be
available

DR 4. During operation, the system should collect data on:

• songs played;

• music characteristics adapted by the system;

• sensory data;

• user interaction.
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Appendix C

Training Program XML Schema

<xs:element name="trainingprogram">
<xs:complexType>
<xs:sequence>

<xs:element maxOccurs="unbounded" name="exercise">
<xs:complexType>

<xs:attribute name="type" type="xs:string" use="required" />
<xs:sequence>

<xs:element name="duration">
<xs:complexType>

<xs:attribute name="type" type="xs:string" use="required" />
<xs:attribute name="val" type="xs:unsignedShort" use="optional" />

</xs:complexType>
</xs:element>
<xs:element minOccurs="0" name="parameter">

<xs:complexType>
<xs:attribute name="val" type="xs:unsignedShort" use="required" />

</xs:complexType>
</xs:element>
<xs:element minOccurs="0" name="intensity">

<xs:complexType>
<xs:attribute name="type" type="xs:string" use="required" />
<xs:attribute name="min" type="xs:unsignedByte" use="optional" />
<xs:attribute name="max" type="xs:unsignedByte" use="optional" />
<xs:attribute name="val" type="xs:unsignedByte" use="optional" />

</xs:complexType>
</xs:element>
<xs:element name="afterExercise">

<xs:complexType>
<xs:attribute name="val" type="xs:string" use="optional" />

</xs:complexType>
</xs:element>

</xs:sequence>
</xs:complexType>

</xs:element>
</xs:sequence>

</xs:complexType>
</xs:element>
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