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FOREWORD
Visual and auditory perception of human brain has been the subject of many researches
throughout the years. Many of the great brain computer interfacing systems and ideas
are born with these researches. Musical use of interpretation of how brain reacts to
certain events has been a fascinating area for music scholars for a long time.
Technology developments helped us in the observation of auditory brain responses to
sound events. There are many options for musically using the data we record, such as
determining what our brain is currently listening and what is the emotional response
of the brain to a particular sound.
I would like to thank my thesis advisor Asst. Prof. Gökhan İnce and my co-advisor Dr.
Reuben de Lautour for their help and guidance for all stages of the thesis. In addition,
I would like to thank Çağatay Demirel for helping me sort out the technical issues I
have faced during the experiments.
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ATENTIONAL SOUND MORPHING WITH
AUDITORY P300 BRAIN-COMPUTER MUSICAL INTERFACE USING
DIRECTIONAL CUES
SUMMARY
The sounds and music we hear around us has an undeniable effect on the human neural
activity. Many research has been conducted concerning this effect on the neural
activity of human mind. The two areas where these projects are most active are the
research on systems produced to enhance user experience and for facilitating daily life
challenges of those with a serious disability. The broad name of this field is called the
Brain Computer Interface (BCI). In the following years, a lot of studies have been
conducted for this interaction on sonic extraction and its use in compositions. Many
neurological phenomena have been used in these studies. One of them is the Event
Related Potentials (ERP). As the ERP name implies, this phenomenon is based on the
study of the reaction on the brain waves after an effect of external stimulus such as
sound, visual, smell, and tactile. Some of these brainwave responses are autonomous,
while others are classified as conscious events. One of these events is the P300
component. The P300 component, in short, is a conscious choice that can be examined
in brain waves. This element can be observed at a certain time interval and at a certain
amplitude. This component got its name as P300 or P3 in some sources because of the
300 ms latency value after stimulus onset and its positive deflection of amplitude.
Different methods have been developed since the P300 element is difficult to observe
in a single trail. The most commonly used method is the average method. For example,
for a sound or image stimulus, the average of the brain wave data in a certain window
is taken in every stimulus onset. If the user has focused on this stimulus, it is expected
that a 300 millisecond peak -depending on the polarity of the device- will be observed
on the averaged plot. If the above peak is seen between 300-400 milliseconds, the user
is given the result of focusing on this warning.
This thesis focuses on auditory evoked potentials. 5 different sound stimuli have been
used for the experiment. Relation of these 5 different sounds are distinguished as
frequent and deviant stimulus. The participant is located in the center of 5 speakers
and 3 deviant stimuli, that differs from each other, are played from front right, left and
center speaker. Other 2 back speakers played the same frequent stimuli for a successful
oddball paradigm and to comparison of successful P300 wave. Participants are told to
attend the one of the deviant stimulus of their choice and do a mental count of the
stimulus every time they heard it. If participant successfully focused on the desired
stimulus, as a neurofeedback mechanism, sound of that stimulus will alter depending
on the neural activity of the participant at that time. Neural oscillations are measured
in 5 different states that are named as alpha, beta, delta, gamma and theta. These values
determine the quality of change in the focused sound.
In order to realize a Brain Computer Musical Interface (BCMI) system mentioned
before, a comprehensive testing scheme has been established that utilizes 2 computers.
Max and Python environments are used on these computers and continuously
exchanging information throughout the experiment. Max software determines the
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stimulus that will be played depending on a pre-determined probability and sends
information about which stimulus is being played at the moment to the brain wave
processing system written in python language. Brain wave processing system then
takes this information and labels a corresponding EEG recording and segments it to
chunks that will be averaged and inspected for probable P300 component. Brain wave
processing system to uncovers the auditory perception after a certain pre-processing
and averaging technique and sends a neurofeedback information back to Max software.
A max patch is designed to use this information to change the sonic qualities of the
sound focused or/and introduce an effect to this sound.
Experiments were conducted on individuals who reported that they did not have any
mental or physical disability in their medical records and these individuals were asked
to ignore 2 of 5 different stimuli they hear and to focus on one of the 3 deviant stimulus.
This approach differs from traditional P300 studies. In many traditional P300
experiments participants are told to focus on one deviant while experiment system
focuses finding P300 on that stimulus for each trial segment, while in our system there
are 3 actively controlled deviants. Of course, there are some technical difficulties to
this approach. Along with adoption of different ideologies that have been examined
before for the neuroscientific evaluation of multiple target stimuli. This approach
increases the ease of use for the users. However, this different approach reduces the
success rate of real-time P300 analysis. Several signal processing techniques as well
as computer learning techniques are examined for much more effective and fast
estimation in real-time experiments. First offline results using Artificial Neural
Network (ANN) on 15 averaged EEG window showed %88.04 correctly estimated
target stimulus with 10-fold cross validation. This means that the user can change the
focus to desired stimuli in the span of 15 trials. If the user doesn’t want to change the
focus and wants to continue to focus on the chosen sound, the BCMI system increases
the applied sound effect or the percentage of sound morphing. In addition, the effect
of different class of sound stimuli on the prediction of the P300 wave was investigated.
Three separate sound classes were created for this research. These generated classes
are sounds that can be described as 1) abstract sound created with synthesis techniques,
2) sinusoidal sounds and 3) percussive sounds. As a result of the research, it has been
concluded that the diversity inside a class of sound is much more important than the
difference between classes.
When the experimental results are taken into consideration, it has been decided that
the techniques applied and the system that provides a sound morphing have high
usability. Technical problems experienced during the experiment and the feedbacks of
the participants have been used to plan future improvements. These improvements
include the selection of Electroencephalogram (EEG) instruments, the portability, the
novel techniques that can be used in signal processing as well as the types of
electrodes, key points that can enhance the musical experience, and the
neurobiological phenomena that can increase the feasibility of the experimental setup.
In general sense usability of an auditory P300 system to detect desired stimulus from
directional sound ques and use the neurofeedback information to change the
consciously focused sound is questioned. It showed us that it is possible to build and
develop such a system based on experimental results. Each year more and more BCI,
BCMI and ERP researches are being conducted to help people who are severely
disabled to participate at artistic activity. At the same time, we are developing systems
that helps us to bring out the secrets of human brain that was actively participating in
our musical journey this whole time.
xxii

YÖNELİMLİ ÇAĞRILAR KULLANARAK
İŞİTSEL P300 BEYİN BİLGİSAYAR MÜZİK ARAYÜZÜ İLE
ALGISAL SES BİÇİMLENDİRİLMESİ
ÖZET
Etrafımızda duyduğumuz seslerin ve müziğin, nöral aktivitemize etkisi göz ardı
edilemeyecek düzeydedir. Bu etki üzerine geçtiğimiz yıllarda bir çok çalışma ve proje
yapılmıştır. Bu projelerin en etkin olduğu iki alan, kullanıcı deneyimi ve günlük hayatı
zorlaştıracak nitelikte engelleri olan kişilerin hayatını kolaylaştırmak için üretilen
sistemlere yönelik araştırmalardır. Bu alanın geniş adı Beyin İnsan Arayüzü yani BCI
olarak adlandırılmaktadır. Daha sonraki yıllarda bu etkileşimin sonik çıkarımı ve
kompozisyonlarda kullanımı üzerine bir çok çalışma yapılmıştır.Bu araştırmalarda bir
çok nörolojik olgu kullanılmıştır. Bunlardan birisi Olaya İlişkin Potansiyellerdir yani
ERP’dir. Olaya ilişkin potansiyeller isminin de işaret edeceği üzere, ses, görsel, koku
ve dokunma hissi gibi dış uyarıcıların etkisi sonrası beyin dalgalarında oluşan tepkinin
incelenmesine dayanmaktadır. Bu olguların bazıları otonom olmakla beraber bazıları
ise bilinçli odaklanma sonucu oluşan olgulardır. Bu olgulardan biri ise P300
unsurudur. P300 unsuru kısaca bilinçli bir seçkinin beyin dalgalarında incelenebildiği
unsurdur. Bu unsur, belirli bir zaman aralığında ve belirli bir genlikte
gözlemlenebilmektedir. Uyaran ses veya görsel sonrası yaklaşık 300 milisaniye sonra
çıkması üzerine ismindeki sayıyı ve bu hareketin pozitif yönde olması sebebiyle ise
Pozitif 300 yani P300 veya bazı kaynaklarda gösterildiği üzere P3 ismini almıştır.
P300 unsurunun tek bir denemede gözlemlenmesi zor olduğu için farklı yöntemler
geliştirilmiştir. Bu yöntemlerden en çok kullanılanı, ortalama yöntemidir. Örneğin bir
ses veya görüntü uyaranı için, bu uyaran her çalındığında veya gösterildiğinde belirli
bir süre penceresindeki beyin dalgası verilerinin ortalaması alınır. Eğer ortalaması
alınan denemelerde bu uyarana odaklanılmış ise son ortaya çıkan grafikte 300 milisaniye sonra kayıt yapılan cihazın polaritesine göre yukarı veya aşağı yönlü bir tepe
gözlenmesi beklenir. Eğer 300-400 mili-saniye arasında bahsedilen tepe görülmüş ise
kullanıcının bu uyarana odaklandığı sonucuna varılır.
Tez konusu bu hususta işitsel uyarılmış potansiyellere odaklanmaktadır. Deney için
beş farklı ses uyaranı kullanılmıştır. Bu beş farklı ses sık ve nadir uyaran olarak
birbirlerinden
ayrılmaktadır.
Katılımcılar,
beş
hoparlörün
merkezinde
konumlanmaktadır ve birbirinden farklı olan üç nadir uyaran, sağdan, soldan ve orta
(merkez) hoparlörden çalınmaktadır. Diğer iki arka hoparlör, başarılı oddball
paradigması ve sık ve nadir uyaranlarda kaydedilen P300 dalgalarının karşılaştırılması
için aynı ses uyaranını nadir uyaranlara göre daha sık çalmaktadır. Katılımcılara
seçebilecekleri üç nadir uyaranlardan birine odaklanmaları ve bu ses uyaranını
duydukları her seferde uyaranın zihinsel sayımını yapmaları söylenir. Eğer katılımcı,
arzuladığı uyarana iyi bir şekilde odaklanmış ve saymış ise, bir nöro-geri bildirim
mekanizması olarak o uyaranın sessel özellikleri, katılımcının anlık nöral aktivitesine
bağlı olarak değişecektir. Nöral salınımlar alfa, beta, delta, gama ve teta olarak
adlandırılan beş birbirinden farklı mental durumları gösteren salınımlar olarak ölçülür.
Bu değerler odaklanmış sesin değişim oranı ve kalitesini belirler.
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Bahsedilen Beyin Bilgisayar Müzik Arayüzü (BCMI) sistemini gerçekleştirmek için,
iki bilgisayardan oluşan kapsamlı bir deney ortamı kurulmuştur. Max programı ve
Python kodlama dilinden oluşturulmuş ortamlar bu bilgisayarlarda kullanılır ve deney
boyunca sürekli olarak birbirleri ile bilgi alışverişinde bulunmaktadır. Max yazılımı,
önceden belirlenmiş bir olasılığa bağlı olarak çalınacak olan uyaranı belirler ve python
dilinde yazılmış beyin dalgası işleme sistemine anlık olarak hangi uyaranın çalındığı
hakkında bilgi gönderir. Beyin dalgası işleme sistemi ise daha sonra bu bilgileri alır ve
ilgili anlık EEG kaydını ses uyaranına göre etiketler ve olası P300 bileşeni için
ortalaması alınacak ve incelenecek olan parçalara bölüştürür. Beyin dalgası işleme
sistemi, belirli bir ön işleme ve averaj alma tekniğinden sonra olası işitsel algıyı açığa
çıkarır ve bir geri bildirim bilgisi ile Max yazılımına geri gönderir. Elde edilen bu
bilgiyi, sesin sonik niteliklerini değiştirmek ve/veya bu sese bir efekt eklemek için
kullanacak şekilde tasarlanmış bir Max Patch’i tasarlanmıştır.
Deneyler medikal kayıtlarında herhangi bir mental veya fiziksel engelin bulunmadığı
belirtilen bireyler üzerinde yapılmıştır ve duydukları 5 farklı sesten 2’sini
duymazlıktan gelmeleri ve diğer 3 sesten birine odaklanılması istenmiştir. Bu yaklaşım
geleneksel P300 çalışmalarından farklıdır. Geleneksel P300 çalışmalarında deneye
katılan bireylerden sadece tek bir uyarana belirli zaman aralıklarında odaklanmaları
belirtilirken bu tez projesinin deney senaryosunda bu seçki 3’e çıkarılmıştı. Bu
yaklaşımın doğurduğu bazı teknik zorluklar vardır. Bununla birlikte beyin
dalgalarından elde edilen verinin nörobilimsel olarak değerlendirilmesi için yapılan
tekniklerde farklı yaklaşımların benimsenmesine neden olmuştur. Bu yaklaşım,
kullanıcılar için kullanım kolaylığını artırmaktadır. Fakat, bu farklı yaklaşım gerçek
zamanda yapılan analizin başarı oranını basit bir P300 sistemine göre düşürmektedir.
P300 olgusunun gerçek zamanlı deneylerde çok daha etkin ve hızlı kestirimi için bir
kaç sinyal işleme tekniğinin yanı sıra bilgisayar öğrenmesi teknikleri uygunlanmıştır.
Elde edilen gerçek zamanlı olmayan veri ile yapay sinir ağı ile 15 ortalaması alınan
EEG penceresinde çapraz geçerlilik %88.04 doğru kestirildi sonucuna varılmıştır. Bu,
kullanıcının sese olan odağını 15 uyaran denemesinde %88.04 doğru oranda
kestirebilineceği anlamına gelmektedir. Eğer kullanıcı odağını değiştirmek istemiyor
ve odaklandığı uyarana odaklanmaya devam etmek istiyorsa Beyin İnsan Müzik
Arayüzü (BCMI) sistemi uygulanan ses efektini veya sesin değiştirilme yüzdesini
arttırmaktadır.
Bunun yanı sıra farklı sınıf ses uyaranlarının P300 dalgasının kestirimine olan etkisi
de araştırılmıştır. Bu araştırma için üç ayrı ses kümesi oluşturulmuştur. Bu oluşturulan
kümeler 1) sinüzoidal, 2) perküsyon sesleri ve 3) bir takım sentezleme teknikleri
kullanılarak oluşturulan abstract olarak nitelendirilebilecek sentezlenmiş seslerdir.
Araştırma sonucu olarak bu üç farklı sınıfın kendi aralarındaki çeşitliliğin bir birleri
ile olan farktan daha önemli bir unsur olduğu kararına varılmıştır.
Deney sonuçları göz önünde bulundurulduğunda uyguladığımız teknikler ve ses
dönüşümünü sağlayan sistemin kullanılabilirliğinin yüksek olduğu kararına
varılmıştır. Deney süresince yaşanan teknik problemler ve kullanıcıların geri
bildirimleri doğrultusunda geleceğe yönelik iyileştirmeler belirlenmiştir. Bu
iyileştirmeler EEG aletinin seçimi, taşınabilirliği, elektrotlarının türlerini içerdiği gibi
sinyal işlemede kullanılabilecek özgün teknikler, müzikal deneyimi güçlendirebilecek
püf noktalar ve deney düzeneğinin fizibilitesini arttırabilecek nörobilim olgularını da
içeren hususlardan oluşmaktadır.
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Genel çerçevede çok yönlü işitsel uyaran kullanılarak P300 dalgalarının elde edilmesi
ve bu elde edilen bilgi sonucu işitsel uyaranların sessel özelliklerinin değiştirilebildiği
bir sistemin elverişliliği sorgulanmıştır. Deney sonuçlarına dayanarak böyle bir
sistemin oluşturulması ve geliştirilmesi mümkündür. Her geçen yıl daha da gelişmekte
olan beyin bilgisayar arayüz (BCI) ve beyin bilgisayar müzik arayüzü (BCMI) alanı
için önem teşkil eden olaya ilişkin potansiyel (ERP) araştırmaları bir çok, ciddi
derecede fiziksel engeli olan insanların hayatlarına yardımcı olmak ve onların sanatsal
fikirlerini daha da kolay ortaya koymasını sağlamaktadır. Aynı zaman da müzikal
yolculuğumuz süresince bizimle beraber aktif olarak çalışan beynimizin çalışma
mekanizmalarını da sanatsal ve oldukça farklı bir biçimde ortaya çıkarmaya çalışan
sistemleri geliştirmektedir.
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1. INTRODUCTION
This thesis describes a system that makes use of conscious auditory perception data
from recorded brain waves to influence musical sounds. The goal is to create a system
where a user can alter a given sound using only their thoughts, by choosing one of a
number of different sounds that are heard simultaneously and focusing their attention
on it. The system will accomplish this by collecting brain wave data and determining
conscious auditory evoked potentials using the Max/MSP software and Python coding
environments.
There is a growing body of research investigating the potential to use brainwaves to
generate meaningful musical outcomes. This field of study is usually referred to as
Brain Computer Musical Interfacing (BCMI), a sub-discipline of Brain Computer
Interfacing (BCI) (Miranda, 2014). Although the term BCMI is fairly recent, the first
examples of BCMI systems date from the 1960. Representative musical works from
this decade include Alvin Lucier’s Music for Solo Performer (1965), Richard
Teitelbaum’s Organ Music and IN TUNE (1968) and David Rosenboom’s On Being
Invisible (1976/77) (Brouse, 2002). Since that time powered by advances in
computational science and computing power, the field of BCI has changed
considerably. These advancements have made possible the design of systems where a
human can control computer applications with brain waves. Outside of musical
applications, other areas of interest for BCI that include systems that enhance quality
of life for seriously disabled people , for example patients suffering from locked in
syndrome (Laureys, et al., 2005).
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1.1 Electroencephalogram
Electroencephalogram (EEG) is a device that measures neural activity on the human
scalp. Electrical activities are caused by firing neurons in the brain. Moreover,
electrodes placed on the scalp can detect these electrical activities. EEG is a noninvasive technique to read brain waves, which means it does not involve any injections
or radiations. Very first examples of this device dates back to few decades (Berger,
1929; Adrian & Yamagiwa, 1935; Jasper, 1937).
EEG has uses in medical science for diagnosing epilepsy, sleep disorders, memory
impairment and many more. Aside from the use in medical science, there are various
advantages of using electroencephalogram for BCI systems, such as low cost, high
temporal resolution and portability (Käthner, et al., 2013).
1.1.1 Layout of the Electrodes
Electrodes measuring the neural activity on the scalp are distributed based on a
standard configuration called 10-20 system (Jasper, 1958). Figure 1.1 shows the
electrode placements on the scalp.

Figure 1.1: 10-20 system. Adapted from “The ten-twenty electrode system of the
International Federation. The International Federation of Clinical Neurophysiology,”
by Klem, G.H., Lueders, H., Jasper, H., & Elger, C.E., 1999,Electroencephalography
and Clinical Neurophysiology, 10, p. 6. Copyright by the International Federation of
Clinical Neurophysiology.
The name “10-20 system” comes from 10% and 20% distance of the electrodes to each
other and the nasion and inion. These percentages are the relative distance from the
length between nasion and inion. In this thesis, this system is also used for the
placement of electrodes. However, reference and ground electrodes are placed by 1010 system that is modified version of the 10-20 system.
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1.2 Event Related Potentials
Event Related Potentials (ERP) are representations of the EEG data of time specific
sensory information to a certain event. This sensory information includes selective
attention, memory updating, semantic comprehension and other types of cognitive
activity (Duncan, et al., 2009). Many BCI systems focus on ERP studies as they
represent the cognitive operations of the human brain. It can be examined even before
the behavioral response to the event (Woodman, 2010).

ERP components are

determined by their amplitude value, the latency of this value, and the scalp
distribution of where the high (negative or positive) amplitudes are being recorded.
ERP studies focus on the induced brain wave patterns of the human brain to specific
events, meaning stimuli. The main principle of ERP is having a stimulus or stimuli
that change the correlation of the brain waves when sensed. There are various stimulus
types in ERP, such as visual, auditory, and tactile (Davis, 1964; Cooper, Winter, Crow,
& Walter, 1965; Spong, Haider, & Lindsley, 1965; Donchin, 1969).
There are various reactions of the brain waves to these types of stimulus. These
reactions are described as ERP components. ERP components are labeled by their time
latency after the stimulus onset. They are also named by their positive or negative
amplitude position. As shown in Figure 1.2, the P100 or P1 component label signifies
the positive correlation of the brain wave at 100ms after the stimulus onset. Ergo, N200
or N2 signifies the negative peak at 200ms latency.
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Figure 1.2: Idealized ERP Components and their labels. Adapted from “A Brief
Introduction to the Use of Event-Related Potentials (ERPs) in Studies of Perception
and Attention,” by Woodman, G. F., 2010, Attention, Perception & Psychophysics,
72(8), p. 2035. Copyright 2010 by the Psychonomic Society, Inc.

1.2.1 Averaging
Low Signal to Noise Ratio (SNR) of the EEG recordings makes some ERP
components hard to distinguish in a single trial basis. For better analyses, many ERP
researchers use an averaging technique for ERP components like P300. This technique
involves recording of the EEG data in chunks corresponding to time windows that are
related to stimuli that is presented to the subjects. As shown in Figure 1.3, the EEG
response is recorded starting from stimulus onset or a fixed time in milliseconds before
the stimulus. Every time the participant exposed to the stimulus, these chunks are
recorded and averaged to provide a clearly visible ERP component. This way one
might eliminate the noise factor of EEG devices to a certain level.
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Figure 1.3: Averaging process. X and O are different stimuli. Adapted from An
Introduction to the Event-Related Potential Technique by Luck J. S., 2005, Boston:
MIT Press Copyright 2005 by the MIT Press.
The downside of using the averaging procedure is the time it takes to distinguishing
an ERP component, since accurate results require many time windows. A solution to
this problem is to use machine learning algorithms in order to identify the ERP
component faster. There are many ways to implement a machine learning algorithm to
identify the ERP component. Different algorithms are required depending on the
system that is used to detect the P300.
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1.2.2 P300 Component
P300 is an ERP component that represents the cognitive responses of the human brain
to specific tasks. In order to elicit a P300 response there should be at least two different
stimuli. One is called the target stimuli and the others are called non-target stimuli.
The participant is asked to focus his/her attention on the target stimulus while
performing a specific task, for example hearing or seeing a series of sounds or images
and counting them, or pressing a button on every target stimulus onset. Another
example can be taking a note of the target stimuli whenever it is present. It is important
that the participant actively counts the target stimuli, since the attention of the
participant plays a big role in evoking the P300 component. For this reason the
experimenter should carefully consider the feasibility of the tasks. For example if the
stimulus-to-stimulus time interval is low, the participant might have a hard time
counting target stimuli, which would make the P300 component harder to distinguish.
Another important factor is the uniqueness of the target stimulus. The participant
should actively search for the target stimulus and should not expect or get used to it.
To this end an “oddball” paradigm is used to elicit P300 components. Oddball
paradigm is an experimenting setup used to achieve cognitive ERP responses. In this
experimenting setup frequently presented stimuli is differentiated with a deviant
stimulus. As this deviant stimulus are presented less compared to frequent stimuli,
cognitive focus to this deviant stimulus will yield an ERP response since subjects will
actively waiting for deviant to be presented again. Briefly, oddball paradigm is a
technique to distribute the target and non-target stimuli on a probability based
sequence. A larger P300 is elicited for a lower probability condition of target stimuli
(Fabiani, Gratton, Karis, & Donchin, 1987). Therefore 80-to-20 percent non-target to
target stimuli chances is used in the experimentation of this thesis.
In addition, differences in the target stimuli are important for clear distinction of each
stimulus. For instance, the color of flashing lights or the pitch, timbre or volume of a
sound can be used to distinguish target from non-target stimuli. Non-target stimuli can
be self-similar but target stimuli should be different in at least one aspect, especially
in auditory scenario
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1.2.3 Auditory Evoked Potentials
In Auditory Evoked Potentials (AEP), different sound stimuli are sent to participants
in order to elicit an ERP component. Participants listen to these sound stimuli from
either headphones or speakers. One basic approach is to use tone bursts to elicit the
ERP component. In many early AEP experiments tones of different frequencies were
used. For example in an early experiment to elicit the P300 component, tone bursts of
1000hz and 1500hz were used (Duncan-Johnson & Donchin, 1977).
However, in their article Furdea et al. (2009) states that in their comparison
experimentation setup, visually evoked potentials showed better results than auditory
evoked potentials. In their article, Vamvakousis & Ramirez (2015) reported the
auditory evoked potential only experiment is scored significantly lower than visually
aided auditory evoked potential (audio-visual). Therefore, use of both of these
phenomena (visual and auditory) is beneficial for achieving higher amplitude in the
expected P300 region.
Having said that, use of visual evoked potentials in the experiment will introduce
unavoidable noises to recorded EEG data. These are eye movements and blinking. As
ERP studies works with rather small range of amplitude (+/-20µV) these types of
ocular action results in peaks in the EEG data between 60-150µV which could easily
corrupt the objective of the experiment. To avoid these types of ocular actions,
alongside with bodily movements, swallowing, restlessness and cable movements, a
series of pre-processing procedure has to be applied. These procedures are called
artifact rejection and reduction (Luck, 2005). Detailed explanation of these processes
are examined in the following chapter.
1.3 Literature Review
The first studies into the response of the human brain to sound stimuli took place in
the 1930s. The first trials were observations of the positive deflection of EEG readings
that happen after an unexpected sound stimulus (Davis, 1939), where they observed
two large amplitude deflections of the averaged EEG data at 100ms and 300ms. In the
following decades, experiments focused on auditory evoked potentials in the 300ms
latency zone led to increasing interest in the P300 phenomenon (Sutton et al., 1965;
Donchin, 1969; Duncan-Johnson & Donchin, 1977; Fabiani et al., 1987). Now there
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is an extensive amount of literature dealing with the P300 component. These
improvements helped severely disabled people who do not have the ability to control
muscular activity or have a hard time maintaining a gaze. The development of artistic
BCI applications emerged to aid disabled people to participate in artistic activities such
as painting and composing music (Rhodes, 2014).
Composers like Alvin Lucier, Richard Tietelbaum, David Rosenboom and many more
experimented on inclusion of brain waves in their compositions. These people later
became the pioneers of the BCMI field (Rosenboom, 1990).
Alvin Lucier was one of the first people to experiment with controlling a musical
parameter or musical instruments with brain waves (Straebel & Thoben, 2014).
In his work Music for Solo performer in 1965, Lucier used amplified alpha brain waves
to control percussion instruments. It was the first step in what later became known as
BCMI (Miranda, 2014).
David Rosenboom worked on a number of issues including the relationship of alpha
waves to musical perception, human consciousness and perception of aesthetic
experience, and music performance (Rosenboom, 1990). Rosenboom contributed
greatly to BCMI by helping to found the Laboratory of Experimental Aesthetics at
York University in Toronto. Artists like John Cage, David Behrman, La Monte Young,
Marian Zazeela and many more visited the Laboratory, leading to an increased interest
in the field (Brouse, 2002). Brouse states that Rosenboom shared the results of the
work done in the Laboratory in his book Results of early experiments (Rosenboom,
1976) and later with the 1990 monograph (Rosenboom, 1990)
One other researcher from the early years of BCMI was Manford L. Eaton. In his 1971
manifesto Bio-Music: Biological Feedback Experiential Music Systems Eaton
described

musical

possibilities

of

biofeedback

devices

such

as

the

electroencephalograph, electrocardiograph and galvanic skin response (Eaton, 1974).
Eaton was also maybe the first researcher to speculate on the use of ERP’s for making
music. However, this task required better analysis techniques than those available in
the 1970s (Rosenboom, 1990).

In the following decades, improvements in computer technologies and the increased
availability of EEG devices led to a sharp rise in research activity, with many music
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scholars developing their own BCMI systems. Relatively cheap single or multichannel
consumer grade EEG devices helped to make creating music with brain waves a hot
topic from 1990s to the present day. As computing power grew exponentially, different
techniques to detect perception and consciousness in musical acts have appeared. The
BCMI field turned its attention to more intuitive musical devices that work
immediately upon data acquisition.
There are various examples of newer BCMI works. Miranda, Sharman, Kilborn and
Duncan (2003) realized a BCMI system that determines whether the user is listening
in an active listening mode or not. Along with this they have investigated whether a
user is listening with musical focus (listening to a particular element of a piece of
music) or casual listening (listening without paying attention to specific details of the
music). This system is unique in that it uses both neurofeedback and stimulus for that
specific neurofeedback at the same time. In their system they have used power
spectrum analysis in different music listening situations and examined whether there
is a distinct difference in the power spectrum of the EEG data that is being recorded.
Afterwards the data is fed into a Convolutional Neural Network (CNN) to determine
if differences between states can be determined (Miranda, Sharman, Kilborn, &
Duncan, 2003). Filatriau and Kessous worked on a system that observes the
psychological representations of brain signals and uses these observed values to drive
a subtractive synthesis instrument (Filatrou & Kessous, 2008).
Rosenboom speculated that ERP’s, in this case P300 or P3, are the future of BCMI
(Rosenboom, 1976). Even though the incorporation of P300 into musical systems is
relatively recent, a large amount of work has been done in a short time. The first
visually controlled P300 ERP system for music making was the P300 composer
(Grierson M. , 2008). This system basically works as a P300 speller. Various note
choices are displayed on a matrix grid. The user attends to a desired note and a specific
task like mentally counting every time it flashes. The matrix grid will randomly flash
for each note and after each session system will determine the choice of the use by
averaging the responses to randomly flashed stimuli. There are much more simplified
versions and variations of the P300 composer system such as the P300 Scale Player
(Grierson & Kiefer, 2014). This system serves changes a predetermined monophonic
pitch up or down a semitone based on the choice of the user. The user has to attend the
visual stimuli to change the direction (semitone-vise) of the pitch that is being played.
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Another recent work that uses P300 wave to compose music is Pinneger, Hiebel,
Wriessnegger and Müller-Putz’s (2017) research. In their work, they implemented a
control system similar to P300 speller but instead of letters they use are music
notations. With the help of P300 wave user can control an open source score writer
software. They reported high accuracy with their system (Pinegger, Hiebel,
Wriessnegger, & Müller-Putz, 2017). Vamvakousis and Ramirez’s (2011) BCMI
research is one of the P300 experiments that is related to this thesis’ focus subject. In
their research Vamvakousis and Ramirez works on a sequencer which user can change
and vary the melody by listening to desired note. Their BCMI system both constitutes
visual and auditory feedback. (Vamvakousis & Ramirez, 2014).
There is an extensive amount of research being conducted under the name of Auditory
Evoked Potentials. One of the best known figures in this field is Risto Näätänen.
Näätänen has undertaken various studies for determining the correlation between
auditory stimuli and the perception of the human brain. He is also the pioneer of the
Mismatch Negativity (MMN) event related potential paradigm. This paradigm refers
to the attention related brain responses to deviant sounds/stimuli (Näätänen,
Paavilainen, Tiitinen, Jiang, & Alho, 1993). Näätänen also worked on the automatic
responses of the human brain to sound stimuli along with responses to the stimuli
concerning users expectations to the heard sound (Näätänen, 1990). In fact, many
works done by Näätänen and his colleagues led to increased possibilities for the BCMI
field that aims to use attention of the user to control musical parameters and/or
instruments.
1.4 Methodology
For the system proposed for this particular study, experiments were held inside an
insulated room to decrease possible noises that could affect the participants’ attention
to the sound stimuli. Nine people participated in the experiments. Each subjects
reported that they have no previous mental or physical illness in their medical records.
The subjects were aged between 24-30 years. Four of the participants were master’s
students from the Center for Advanced Studies in Music at Istanbul Technical
University (Turkish acronym MIAM), One participant was a professional musician
and three others had participated in BCI related experiments before. Participants were
asked for their consent to use the data recorded in the project. One person had corrected
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to normal sight with glasses and the rest of the participants had normal sight. The
experiment took approximately one hour for each participant. Five minute breaks were
given after each run. At the end of every run the user was asked if they would like to
have a small break or continue. Longer breaks were given on the participants’ request.
After each run the motivation the participant was asked to rate their motivation on a
scale from 1 to 10.
Two experiment setups are designed to compare the feasibility of multiple target
stimuli paradigm. Depending on the experiment setup type the participants were placed
in the center of five or three equally distanced ATC SCM-20 speakers. Speakers were
angled and distributed according to speaker count to ensure an even sound field. A
monitor was placed halfway between participant and the speaker for visual feedback.
The participant sat an equal distance from all of the speakers. The speakers all played
different sound stimuli except for two speakers, which played an identical tone or
sound sample that is called frequent stimuli in the experiment. Each sound was played
according to their calculated probabilities. In this case probabilities for the five stimuli
test, three “front” speakers are 6,67% while two “back” speakers are 40% each and for
the three stimuli test, deviant stimulus 20% and frequent stimuli 40% each. The sounds
were generated and played via Max/MSP. Loudness of each sound stimulus was
measured and calibrated so that all were equal.
The data acquisition was performed via a 16 channel wet electrode V-amp 16 from
Brain products which can be seen in Figure 1.4. Analysis of the brain wave was done
with a custom written python script named brain wave processing system. The EEG
recordings were sent to the brain wave processing system from Brain Products
software named Brain Vision Recorder. Data was then sent from remote data access
of the Brain Vision Recorder. Detailed diagram of work flow of the system is given in
the next chapter.
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Figure 1.4: V-amp 16 EEG Device
Participants were told to count the desired target stimulus whenever they heard it. The
EEG was recorded from the mid region of the scalp. Fp1, Fz, Cz and Pz electrodes
were used for acquisition as shown in Figure 1.5. The placement for the electrodes that
was used for recording the brain waves was determined by the 10-20 system. The
Ground electrode was placed on Afz and the reference electrode placed on the FCz
region (Figure 1.5).
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Figure 1.5: Electrode placement. Black electrode is ground and blue electrode is
reference electrode.
Preprocessing and analysis of the EEG data is made with the custom written Python
script. The Max/MSP patch sends the stimulus info that is being played in real time.
Data can be processed both real time or stored for offline analysis at a later point.
Analyzed data is sent to Max/MSP software for neurofeedback and change of the
desired sound. Notch filtering is used for cancelling the 50Hz DC hum. EEG data is
band passed between 0.1 Hz to 30 Hz and baseline correction is carried out. Artifact
rejection is applied to the data in order to remove unintentional muscle movements,
eyes movements and blinks that can cloud and produce noise in the data. Artifact
rejection is set to 70µV. EEG data from 3 electrodes (Fz, Cz, Pz) is segmented for
each stimulus separately. 600ms chunks of EEG reading is segmented and averaged.
These averaged data are fed to an Artificial Neural Network (ANN) to determine
which stimuli – in this case which speaker- the user is focusing on. Each of these
processes is explained in more detail in the next chapter.
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1.5 Hypothesis
This thesis focuses on the Auditory Evoked Potential driven musical system. In this
thesis the feasibility of a Brain Computer Musical Interfacing system that uses
Auditory Evoked Potentials to change sounds that is being used as stimuli was mainly
investigated. Considering aims of this thesis, three main research topic is specified.
1) Possibility of making a BCMI with auditory evoked potentials where user can shape
the sound stimuli relating to their neural oscillations.
2) Feasibility of multiple target stimuli oddball paradigm for the BCMI systems.
3) Effects of sound stimuli class on the focus of the subject ergo the P300 wave.
Experiment setups have been developed to verify the posed questions. Two types of
oddball paradigm experiment setup are conducted to verify feasibility of multiple
target stimuli oddball paradigm. Different sound classes created to compare the effects
on the P300 wave. Possible implications and techniques are developed in search of
answers to these questions.
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2. SOUND MORPHING USING AUDITORY P300 BASED ATTENTIONAL
BRAIN COMPUTER MUSICAL INTERFACING
2.1 General Outline of the System
Proposed BCMI system consists of five main components: 1) EEG device, 2) computer
A which is running Max, 3) computer B which is running Brain Vision Recorder
software and brain wave processing system written in Python language, 4) 5 ATC
SCM-20 speakers and 5) a display for visual feedback. These components are
continuously in communication between each other. Figure 2.1 shows the work flow
process of the BCMI system.
Max patch plays auditory stimuli and sends the label of which sound stimulus it is
playing at the moment to brain wave processing system. After receiving the stimulus
information from Max, brain wave processing system then labels a specific window of
EEG data starting from the onset of the stimulus accordingly (e.g. stimulus #1 or
stimulus #2 or stimulus #3 and so on). After labeling the EEG chunks, various signal
processing techniques is applied to achieve neurofeedback responses from recorded
EEG. One of these responses is instantaneous neurological oscillations of the
participant to the sound stimulus heard. Other is attentional response to the focused
and non-focused to sound stimulus heard. This response is basically comparison of the
P300 waves. By comparing each averaged stimulus responses and detecting the
stimulus that is closest to being a P300 wave gives the participants’ attentional focus
on selected sound. Max patch is implemented to change the quality of each sound
stimuli by the information of these two neurofeedback responses.
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Figure 2.1: Flow diagram of the proposed BCMI system
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2.2 EEG Recording Process
First step of every BCI project starts with getting proper readings from the
electroencephalogram devices. There are various EEG devices that range from one
electrode (commercial) ones to up to 128 electrode (medical) ones. In this experiment
16 channel Brain products vamp-16 is used. These 16 electrode channels are active
electrodes, meaning its signal-to-noise ratio is higher compared to passive electrodes.
The electrodes we used are wet electrodes. Special conductive gel is used for each
electrode. This gel is highly conductive and helps to get better readings from the scalp.
With the recent development in bio medical engineering, new high performance dry
electrodes are introduced. Dry electrodes are much more convenient because of easy
setup and take off ability. Changing this BCMI system to dry electrode in the
upcoming iterations of the system can be essential to get better user experience out of
the system.
In wet electrode EEG system, however, connection between scalp and the electrodes
are important. Therefore, any hair that can remain between skin and the electrode
should be pushed away from the direction of the electrode. Super conductive gel
should be used at correct amount to ensure good connection between electrode and
skin. There should be no air left in the gel that could cause a poor connection and
reduce the low impedance. These considerations to have a good connection with the
EEG device increases the setup time which lowers the user accessibility experience.
Imp box is used for adjusting the impedances. In order to have better signal to noise
ratio, impedance value of the electrodes should be as low as possible. In our case
impedance kept under 10kΩ. This value is enough for ERP studies.
To record the readings from brain waves V-amp 16 has to use manufacturers own
program called Brain Vision Recorder. In Brain Vision recorder it is possible to record,
segment and filter data and save it for offline analysis. The term offline analysis refers
to analysis of the recorded EEG data after the experiment ended. On the other hand,
online analysis refers to real time analysis of the EEG data. For our purposes online
analysis of the data is important so Python Remote Data Access (RDA) client from
Brain Products’ website has been used and modified for the purposes of this thesis.
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In Brain Vision Recorder, sample rate is set to 500Hz. This means, it is recording 1
sample every 2 milliseconds. In addition, electrodes have been implemented as Fp1,
Fz, Cz and Pz in the software.
2.3 Max Software
Max is a visual programming language for sound and multimedia design. Max is a
convenient software for sound design since implementations inside Max is easy to
understand and fast to incorporate to any kind of multimedia or sound related project.
For these reasons Max visual programming language is a good choice to use in sound
design and implementation of control systems.
As its shown in Figure 2.1 Max patch has two main duties. One is organization and
regulation of the sound stimulus depending on the probability defined. Probability
calculator implemented inside the Max software that chooses stimulus to be played
depending on the given probability out of each stimuli and at the same time sends the
chosen stimulus information to Brain Wave Processing System and visual feedback
sections. While doing that, max patch keeps the log of how many stimuli has been
played in a successful run. Second thing max patch is implemented to do is sound
morphing depending on the two neurofeedback received from Computer B’s Python
script. One of the neurofeedback information is the P300 component information that
represents the attentive focus on one stimulus and the other is neural oscillations of
each segmented EEG data. In addition, Max patch is initiates the BCMI system. After
5 seconds of silence system starts to record raw EEG from the subject and sound
stimuli starts to play.
2.3.1 Probability Distribution Depending on Oddball Paradigm
Determining the probabilities of each stimuli depends on the type of oddball paradigm
that is going to be used in a BCI system. This paradigm is one of the main qualities
that effects the amplitude and the latency of the P300 wave. Many BCI systems use
standard 20/80 probability of deviant/frequent stimulus. This refers to 20% possibility
of a unique sound played out of 80% frequent sound. If user attends to this deviant
sound it is expected to achieve P300 wave in the collected and averaged brain waves.
Figure 2.2 shows a normal oddball paradigm with 20/80 probability base.
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Figure 2.2: Standard Oddball Paradigm
In Figure 2.3, articulation of sound stimuli results in a distinctive P300 wave for the
deviant stimulus. This can be seen in many BCI and BCMI system. By assigning a
task every time participant hears the infrequent -meaning deviant- sound, attentional
focus aimed to be kept constant. Figure 2.3 shows the difference between frequent and
non-frequent stimulus responses of brain.

Figure 2.3: Existence of visible P300 component in frequent stimuli compared to
absence of the P300 component in infrequent stimuli. Adapted from “P300- longlatency auditory evoked potential in normal hearing subjects: simultaneous recording
value in Fz and Cz,” by Duarte, et al., 2009, Brazilian Journal of
Otorhinolaryngology, 75(2), p. 234.
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In order to test the possibilities of achieving a P300 component with 20/80 probability
auditory evoked potential system, a three stimuli test setup has implemented. Figure
2.4 shows the speaker set up for the 3 stimulus test setup.

Figure 2.4: Speaker and stimulus placement for 3 stimuli paradigm
In this setup one deviant stimulus with the probability of 20 percent and two frequent
stimuli with the total probability of 80 percent were used. Frequent stimuli play the
same sound stimuli. Each sound stimuli have its own corresponding speaker. This
makes localization of the sound source easier for the participants which may increase
the P300 component peak.
While standard oddball paradigm with one deviant could be useful for many cases such
as making a speller system, different approaches have been experimented by Johnson
and Donchin (1977) concerning the number of deviants and the probability rate of the
target and non-target stimulus effecting the P300 amplitude to certain extend according
to Johnson and Donchin. This extend could be manipulated with subjective probability
of the event. They have further backed their hypothesis with experiments where they
changed the probability of the oddball paradigm of 3 stimulus to 33 percent each and
came to conclusion that subjective probability have far more impact from objective
probability (Johnson & Donchin, 1980). Many experiments done in search of the role
of probability and the target stimulus number on the amplitude of P300. Rosenfeld,
Biroschak, Kleschen and Smith (2005) experimented on the effect of the target and
non-target stimulus count and their probabilities on the P300 amplitude. They have
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used 2 different experiment mechanism where they have implemented 2 stimuli (one
target and one non-target) paradigm with differing probabilities, such as 0.2 for target
0.8 for frequent, which is the same as many traditional oddball paradigms and 0.67 for
target and 0.933 for frequent. Two more non-target stimulus added to other experiment
group. For the multiple stimuli test they have implemented a probability of the stimuli
as 0.67 for three stimuli (1 target and 2 non-targets) and 0.8 for frequent. With these
experimental design they have concluded that in-fact subjective probability affects the
amplitude of P300 (Rosenfeld, Biroschak, Kleschen, & Smith, 2005).
Promising results from these great works helped in formalization of five stimuli
oddball paradigm used in this project. As stated before 5 speaker system with 4
different auditory stimuli are used for eliciting P300. The difference is the placement
of speakers around the user which benefits from the localization of the sound source
to categorize each stimulus as their own. Figure 2.5 shows the representative layout of
the oddball paradigm used.

Figure 2.5 : Oddball paradigm with 5 stimuli
Even though these 3 deviants are at the same probability, probabilistically high two
other frequent stimulus changes the subjective objectivity. If the participant focuses
on one of these deviant sounds, low probability of the target stimulus will contribute
to the subjective probability making it seem rarer than other sounds.
Basic structure of the five stimuli system setup is shown in Figure 2.6. From that it can
be seen there is a distinct border between frequent and rare stimuli. Participant is
located in the center of this border for better distinction of each sound category.
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Deviant 2
(0.0667)

Deviant 1
(0.0667)

Deviant 3
(0.0667)

Frequent (0.4)

Frequent (0.4)

Figure 2.6: Speaker and stimulus placement for 5 stimuli paradigm
2.3.2 The Patch
The term “patching” comes from the inner dynamics of the Max software. Max works
by patching two objects together. This establishes a connection between this two
objects depending on a specific hierarchy. As it is stated before, Max patch is realized
for the purposes of probability calculation, distribution of the sound stimulus to 5
speakers and sound morphing of this stimulus. For these purposes Max patch used in
this thesis can be examined under 3 tasks.
2.3.2.1 Probability Calculation
Probability calculation is rather simple operation. The important step is to make system
flexible for consecutive picks of stimulus, meaning that the system does not pick the
same stimuli twice in a row instead runs the algorithm once more to elicit a different
stimulus. By doing that better user experience is ensured since the task of counting the
number of times of focused stimulus played. If focused stimulus plays twice or three
times in a row and in 400 milliseconds Interstimulus interval (ISI) would be a hard
task for the users. This would result in a disrupted attention. However, for more
experienced BCI users this option is left available. In Figure 2.7, upper number boxes
22

correspond to each stimulus from 1 to 5 (left to right). Probability is calculated over
1000 for convenience and better precision while entering detailed decimal values.

Figure 2.7: The probability calculator
Input values of probability are first sent to funnel object. Funnel object delivers the
values for corresponding stimuli. Table object stores probability values. These values
can be recalled with a bang. This bang causes table object to output randomly from
one of its stored values. As funnel object before hand stores each probability values
for corresponding stimulus multiplied times it is set, this random output would be
according to the percentage that is entered earlier. Bang is sent from a clocker object
which repeats itself every 400 milliseconds. This value is the same as ISI value. If
same stimulus is selected again change object detects a repeating selection, it sends a
feedback to run selecting processing again. This feature can be closed with a gswith2
object.
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2.3.2.2 Distribution of the Sound Stimulus
Distribution of the sound stimulus is done by patching each sound channel for each
stimulus to the corresponding stimulus. For this process Presonus Audiobox 1818vls3
audio/midi interface is used. Each channel has the same underlying sound generators.
There are 3 kinds of audio generators. These are sfplay object for playing percussion
samples, a custom patch for synthesizing unique sounds with neural oscillations and
sinusoidal wave generator cycle object. Alongside with these audio generators there
are reverb, delay, EQ and saturator audio effects that can be used to apply to the audio
generators depending on the possible P300 component and neural activity information
sent from the Python script.
Another important aspect to consider on auditory P300 systems is the amount of
silence after each stimulus. Silence between stimuli would help users to distinguish
stimulus much better. In this aspect there are 100 milliseconds silence between each
stimulus in total up to 400 milliseconds ISI with 300 milliseconds audio.
2.3.2.3 Sound Morphing
Only custom patch mentioned before can inherit changes in the generated sound itself
depending on the neurofeedback information sent from the Python script.
Neural oscillations are the oscillations that reside in certain bandwidth of the raw EEG
recording mostly related to cognitive and bodily functions of the participant. These are
called alpha, beta, theta, delta and gamma activity (Liu, Chiang, & Chu, 2013). As
seen in Table 2.1 each brain wave represents a state of mind and body.

3

https://www.presonus.com/products/AudioBox-1818VSL
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Table 2.1 : Neural Oscillations
α activity

Alpha activity is closely related to resting state of the mind

(8 -12 Hz)

along with calmness.

β activity

Beta activity is high when brain is attentive, thinking and

(12 - 38 Hz)

focusing. It inherits state of awareness.

θ activity

Theta waves generally occurs in sleep state also while in

(3 - 8 Hz)

deep meditation.

δ activity

Delta waves is related to deep sleep and prominent if one is

(0.5 - 3 Hz)

in a very deep meditation state.

γ activity

Gamma waves are highest oscillating brain wave type. It is

(38 - 42 Hz)

generally related to information exchange and processing
between parts of the brains.

These brainwaves are also in relation to actions of the user. Kridsakon, Setha and Pasin
(2012) states that alpha waves are slightly elevated when in relaxed state and beta
waves are slightly higher while participants are attentive (Kridsakon, Setha, & Pasin,
2012).
Therefore, neural oscillations such as alpha, delta, beta, gamma and theta are recorded
every time a stimulus plays. This process is done within Python script. Python script
takes 600 milliseconds of EEG data of reactions to stimuli and determines these
oscillations after passing them through a power spectrum analysis. Each neural
oscillation is separated to specific bands and sent to Max patch. Figure 2.8 shows the
first part of the patch. In this the part of patch, we get neural oscillation values of the
participant and change them to usable parameters.
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Figure 2.8: First part of the custom patch
Neural responses are taken every time a stimulus plays, therefore every 400
milliseconds Max is fed with 600ms of EEG data converted to specific power
bandwidths. If Max were to implement these values to a 5 musical parameter, there
would be a lot of jumps between each value changes cause of the episodic information
fed to the Max from Python. In addition, these values are relatively expressionless
considering the leaps between them. In order to tame this multiple inputted values
ml.som object is used. Ml.som object is a part of Max package ml.star made by
Benjamin D. Smith4 (2017). It is a Self-organizing Maps (SOM) algorithm to reduce
the data at hand to low dimensionality. SOM is an Artificial Neural Network (ANN).
ANN is trained with unsupervised learning. SOM helps to find connection between
inputted values and classes them accordingly. As an end product two dimensional map
is outputted. By clicking anywhere on the colored map above it is possible to get
corresponding inputted values. As SOM classifies these values to relation to each
other, it is possible to do a transition between similar values. Smooth transition is

4

http://ben.musicsmiths.us
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possible while changing parameters. A walk patch is implemented in Max to get the
values from the corresponding coordinates on the map. Direction of the walk is driven
by the alpha and beta values. Change in parameters happens between 100 millisecond
silence in ISI. These 5 values are scaled for the second part of patch. Figure 2.9 shows
the second part of the synth patch. Here a subtractive synthesis algorithm is realized.

Figure 2.9: Second part of the custom patch
Values coming from the ml.som objects are scaled to achieve good overtone change
based on the change parameters. Parameters basically changes the overtone values
based on fundamental value of the synthesized sound. Along with frequency change
gain of the overtones are changed in relation to the frequencies.
These values are sent to fffb object. This object is a filter bank. 11 peak filter is
accumulated inside fffb object that filters out a pink noise depending on the frequencies

27

mentioned earlier. This results in a unique synthesized sound made out of a pink noise.
At the end of the signal chain a high pass and a notch filter is applied for better listening
experience.
2.4 Brain Wave Processing System
Pre-processing and the determination of the neurofeedback from the brain waves are
done inside a custom written python script. This script is named brain wave processing
system. Script can be examined under two groups. One is pre-processing where raw
EEG is handled from various steps such as filtering, segmenting, artifact rejection and
averaging for better interpretation of the data. Second step is the determination and
analysis of the P300 wave along with analysis and recording of the neural oscillations.
2.4.1 Pre-processing Stages
Pre-processing step is very important for an ERP study these steps could change the
interpretation of the brainwaves drastically (Luck, 2005). As it has been mentioned
earlier, raw EEG data is sent from Brain Vision software. RDA client is used to receive
the data from a port. After that data at hand feed to the pre-processing applications that
is implemented inside brain wave processing system. These implementations are the
result of extensive trial and error experimentation. Therefore, all the coding inside the
brain wave processing system are custom codes specifically written for this thesis’
project.
2.4.1.1 Filtering
Filtering is the one of the most important stages of an ERP research. Since there are
various types of ERP studies been done in the past few decades, there are many
different filtering techniques have been used to filter the raw data. However, filtering
can also alter the EEG data in a counterproductive way if not applied correctly
(Rousselet, 2012). In order to keep the alteration at minimum, filtering should be used
as little as possible in ERP studies (Luck, 2005). Figure 2.10 shows the raw EEG data
recorded from Cz electrode at 500 Hz sampling rate.
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Figure 2.10: Raw EEG data recorded from the Cz electrode
As it clearly shows in the upper figure there are 2 prominent characteristics of a raw
data. One is the units value of the EEG data is superordinate for a normal EEG reading
which is around -/+ 200 µV. Other is, EEG data is making a wide downwards drifting
movement, considering this recording is around 70 seconds. Two of these major
problems can be solved with filtering techniques. In order to change the units value to
amplitude value resolution value for each electrode is multiplied with the raw data
units to ensure data that is being recorded is in µV. Resolution value for each electrode
is automatically determined by the Brain Vision recorder program and sent to the brain
wave processing system through the port connection. After this step in order to
eliminate these amplitude drifts, a 3rd order Butterworth filter is implemented.
Butterworth filter is a good reliable filter for filtering unwanted values –noises- from
the raw data.
In further observation of drifting shown in Figure 2.10 showed that this movement
caused by a low frequency oscillation. This oscillation could be classified as
neurofeedback alongside with many human or machine related problems. However,
for our purposes very low oscillations are eliminated with filtering. 0.1 to 30 Hz band
pass filter is used for filtering process. By doing that we eliminated the drifting
alongside noise over 40 Hz and DC hum that can be observed around 50 Hz. End result
can be seen at the figure 2.11 It should be noted that 10 seconds of EEG data is chopped
in the filtered version to avoid side artifacts that can be caused from high pass filtering.

29

Figure 2.11: Band pass filtered EEG data
2.4.1.2 Baseline Correction
Segmentation of an EEG data according to stimulus information leads to a problem
that can be handled with baseline correction step. This problem shows itself with the
eminent drifts in the brain wave which cannot be eliminated with a filtration as there
are certain neural oscillations that resides between 0.1 Hz to 30 Hz which could lead
to incorrect analyses if filtered (Luck, 2005). For example, there are certain differences
between two segmented EEG chunks taken in varied times. First of all, the mean
amplitude can be different between these two chunks. If the small drifts mentioned
before was to progress upwards until the second EEG chunk is segmented, second
chunk will have higher mean amplitude along with higher starting base. Taking in to
account that if these two chunks are to be averaged without correcting their starting
base point relative to their own mean amplitude it can give the observer an incorrect
analysis on a particular ERP study. Recorded chunk could be at the rising slope or in
the falling slope of EEG data as shown in the Figure 2.11. This would result in a series
of fluctuated averages for each stimulus types in the end. On behalf of eliminating
fluctuated averages baseline correction operation is utilized. Figure 2.12 and Figure
2.13 show difference of the averaged EEG chunks depending on the baseline
correction. Data used from C3 electrode and auditory evoked potentials was used in
this experiment.
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Figure 2.12: EEG data chunk without baseline correction

Figure 2.13: EEG data chunk with baseline correction
In Figure 2.12 and Figure 2.13 three colors represent each sound stimulus. For this
short test, two frequent and one deviant sound stimulus have been used from the three
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stimuli test setup. Sound stimuli was tone bursts differing in frequency (500 vs 1500
Hz). 1500 Hz target stimulus had the low probability of 0.2 and 500 Hz frequent stimuli
had the probability of 0.8 in total. Participant has been told to listen and do a mental
count of the target sound stimulus (labeled as 1) which is colored green in the plot and
ignore the other two sound stimuli.
Difference between these two figures shows that baseline correction could change the
interpretation of the recorded EEG data greatly. To able to implement necessary signal
processing for the baseline correction, calculating the mean amplitude of a small
window –for example first 25 milliseconds or first 100 milliseconds before the
stimulus onset– inside each recorded EEG window and subtracting it from the rest of
the window to ensure displacement in the amplitude value is fixed to baseline
amplitude. By doing this each recorded window will be relatively closer to each other,
resulting in a better executed average calculation and P300 component analysis.
2.4.1.3 Artifact Rejection
P300 studies focuses on the relatively small amplitude ranges compared to a blink that
can be observed clearly in an EEG recording. Figure 2.14 shows how blinking affects
the EEG data. Not only blinking also eye movements, body movements and
swallowing may also greatly effect EEG data. For this reason, in order to minimize
noise in the EEEG data participants are told to move as little as they can in their relaxed
state and try to blink and swallow less often.
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Figure 2.14: Eye blink shown on an EEG recording. Adapted from “A New EEG
Acquisition Protocol for Biometric Identification Using Eye Blinking Signals,” by
Abo-Zahhad M., Ahmed S. M., Seha S. N. A., 2015, p.50, Copyright 2015 by the
MECS
As it shows in the Figure 2.14, blinking could introduce an amplitude peak around
100-150 µV in the EEG data from frontal region electrodes like FP1 or FP2. However,
averaged EEG for a normal P300 component experimentation is ration is around +/15 µV. Therefore, it is certain that blinking or body movements could introduce a big
amount of noise in the EEG data which should be eliminated for a successful P300
component analysis.
For this purpose, simple algorithm that detects peaks over specified values have
implemented inside the brain wave processing system code. Threshold value of 70 µV
is used for artifact rejection in order to eliminate signals that can introduce noise to the
BCMI system whenever participant moves blinks or swallows. FP1 electrode has been
used to monitor possible artifacts because in this electrode region eye movements are
much more apparent and their amplitudes are higher than the other electrode regions
used for the project, such as Pz electrode.
The EEG data that is filtered and baseline corrected, passed over the artifact rejection
algorithm. If algorithm detects a blink, body movement, swallowing or eye movement
that can show themselves usually over the threshold value, current 600 millisecond
window is erased from the array.
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2.4.2 Analysis of the EEG data for Determination of P300 Component
Determination of the P300 wave can be made visually but this process is time
consuming. Therefore, computer algorithms can be used to determine if the averaged
EEG data at hand has the expected P300 component. However, low signal to noise
ratio of the EEG data could complicate the process and lower its reliability. Aside from
that, slow determination of the P300 component could undermine the real time BCI
system process. To achieve fast analyzing and reliable system, machine learning
algorithms are used as tool for determining the possible P300 component.
For our purposes, two layered artificial neural network (ANN) is used.
Hyperparameter optimization was used to generate 50 + 50 neurons, and the dropout
value was set to 0.1. Rectified Linear Unit (ReLU) function is used for activation
function. ANN has been trained P300 candidates for each stimuli. This system has
been tested with the P300 component candidates for each three stimuli in real time.
Then P300 component is decided based on the comparison of probability of being a
target stimulus. By choosing the maximum probability out of this three stimuli ANN
decides on a target stimulus. 10-fold cross validation was used for performance
determination. SVM, KNN, and Random Forest algorithms have also been tried but
revealed unprofitable results.
2.5 Visual Feedback
As it is stated before, use of visual feedback along with auditory stimuli would be
beneficial on the success rates of prediction of target stimulus. Localization is one of
the key elements in the proposed BCMI system. Therefore, having a visual feedback
also will help participants determining the location of the target stimuli much better.
Considering the proposed five stimuli BCMI system, auditory only task decided to be
hard to attain desired focus for the participants. Therefore, visual feedback is added to
the BCMI system. A display is placed between participant and the front speaker.
Participants shown 5 different dots on the display that lights up corresponding to the
sound stimulus playing at that moment. This visual feedback is created inside the max
patch. Visual feedback that is shown on the display is shown in Figure 2.15.
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Figure 2.15: Visual feedback. Each dot has different colors. Back left speaker is
playing the sound stimuli.
2.6 Network Between Two Computers
In order to establish a successful connection between two computers. Set of
experiments have been done to determine best suitable connection strategy between
computer A and computer B. User Datagram Protocol (UDP) is used for the network.
Max software uses Open Sound Control (OSC) messaging system. Python script is
written for brain wave processing system to send OSC messages to Max software
through UDP control protocol. UDP is much more reliable since it achieves low
latency for critical networking applications such as connection between computer A
and computer B. In order to converse between two computers IP numbers and ports
are used. Startup signal for brain wave processing system comes from the max
software through UDP protocol.
A test is realized for the efficiency wireless connection between computer A and
computer B regarding latency. In this test Max software sent only one type stimulus
information to the brain wave processing system in 400 milliseconds ISI. Sent
information is logged for the measurement of latency between sent time and received
time. Resulting plot showed substantial amounts of big latency hiccups as shown in
Figure 2.16.
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Figure 2.16: Wireless UDP latency based on received stimulus
As it can be seen in Figure 2.16, apparent latency hiccups could lead to an incorrect
analysis of the processed EEG data. In order to have lower latency between two
computers Ethernet connection is used rather than wireless connection. In Ethernet
connection 1 millisecond standard deviation is achieved which points to highly usable
low latency for the purposes of this thesis.
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3. EXPERIMENTATION AND RESULTS
3.1 Offline Experiments and Results
BCMI system is firstly examined in offline scenario. There are 4 different scenarios
tested for the offline experimentation. 1) Three stimuli test, 2) five stimuli test, 3)
effects of different sound classes on P300 component.
3.1.1 Three Stimuli Test
In the three stimuli test scenario, participant have to focus one of the three sound
stimulus. One deviant stimulus and two was frequent stimuli have been used.
Probability of these stimuli were 20 percent (target) against 80 percent (non-target).
Deviant sound stimulus was 1500 Hz sinusoidal tone and the frequent sound stimuli
were 500 Hz sinusoidal tone. Participants have been told to listen the higher frequency
sinusoidal tone (target stimulus) and do a mental count of the stimulus whenever they
hear it. EEG data recorded from Fp1, Fz, Cz and Pz electrode regions. Each sound
stimuli were directional, meaning a sound stimulus whether frequent or deviant plays
from only one of the speakers. This helps participant for the localization of the sound
stimulus and the much better focus on the origin of the sound. ISI was 400
milliseconds. Each run took about 3 minutes (around 450 stimuli). 5 seconds of silence
have given before each run. Speaker that plays target stimulus changed in every run.
Instructions have given to participants along with the demonstration of the location of
each sound stimulus before the experiment. The averaged data for analysis of P300
components was inspected visually.
This first scenario is also helpful for comparison of subjective probability with five
stimuli scenario along with it being much faster to conduct considering the high
probability of the deviant tones in three stimuli test rather than five stimuli test.
Figure 3.1 - 3.3 show the averaged EEG data for subjects A, B and C. Noisy and invalid
results that makes detecting P300 wave harder are excluded from the figure list and
visually P300 present versions are used for convenience.
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Figure 3.1: Offline results of the three stimuli test. Subject A - Fz Electrode. Target
stimulus is one (orange)

Figure 3.2: Offline results of the three stimuli test. Subject B - Pz Electrode. Target
Stimulus is one (orange)
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Figure 3.3: Offline results of the three stimuli test. Subject C - Cz Electrode. Target
stimulus is two (Green)
This test shown that it is possible to elicit P300 component with auditory stimuli with
two speaker playing the frequent stimuli and one speaker playing the target stimulus.
Distributed frequent stimuli haven’t had any effect on the auditory focus asked from
the participants.
Users are asked for a first impression feedback after the first trial to show how the
system works. Participants reported having the visual feedback for each stimulus
helped with their localization of sinusoidal sound source. However, they indicated hard
time to localize sound sources just with the auditory stimulus. With this feedback it is
concluded that use of more transient onset sounds is adequate for localization aspect.
Sine waves that are used as sinusoidal sounds are changed into the triangle waves
which was reported by users as much easier to localize. This also showed the
importance of using an additional visual feedback along with auditory stimuli.
3.1.2 Five Stimuli Test and Subjective Probability
Five stimuli test is the proposed BCMI system for the thesis. Similar approaches to
three stimuli test was followed in the test. Only difference was the ANN algorithm that
is trained and used to detect P300 wave (component). In addition to machine learning
algorithm visual inspection has been done. Figure 3.4 shows the full experiment setup.
Middle ATC STC- 20 speaker had to be swapped with ADAM F5 speaker due to
malfunction with the speaker.
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Figure 3.4: Experiment setup
Six healthy people participated in the experiments. Test consisted two phases. In the
first phase in order to train ANN to find desired P300 component 6 set of run has been
done. In these runs participants were asked to focus on the specified stimulus (out of
3 front speaker) and mentally count the numbers of time that stimulus played. Target
stimulus has been changed in every run until two averaged P300 responses from each
deviant stimuli are gathered. Each training run was 200 seconds (498 stimuli in total).
These data were fed to ANN with the information of which stimulus was being
focused. The location of deviant stimuli is changed for each participant. After ANN
learned to detect the P300 component EEG behavior second phase of the experiment
starts. In this phase participant is asked to focus on one of the three stimuli that is
played from three front speakers and mentally count the occurrences. After 10-to-15
windows from each deviant are recorded, ANN starts to give prediction results for the
P300 component. By these real-time results Max patch adds reverberation effect to the
chosen (focused) sound if its percussive or sinusoidal and changes the sound based on
the neural oscillation recorded at the same time if its synthesized sound class. The
sound class choice was given to participants ensuring each sound class used in at least
one run throughout the experiments. Gathered data also used for comparison of effects
of different sound classes on P300 component.

40

There are few particular points came out from the results of this experiment. Results
showed that Auditory evoked P300 component in this experiment is highly personal.
This means P300 wave shows difference in latency and amplitude for each participant.
This makes building a machine learning tool to predict P300 harder because of
differing qualities of evoked responses for each user. Some of the averaged plots shows
very close relation between target and non-target sounds. For this reason, ANN
algorithm is train specifically for one user.
For 10 cross fold validation ANN scored between 76.79% and 96% for all participants.
Mean value of the cross fold validation is 88.04 %. Which is a fairly high probability
to find elicited P300 wave.
Figure 3.5 - 3.7 show the results of proposed BCMI system on auditory event related
P300 waves. This plots are the closest to ideal response to predict P300 component
both visually and with ANN results. It should be noted that, no smoothing techniques
are used in these plots. Noisy and insignificant results are eliminated from the figure
list.

Figure 3.5: Results of BCMI system for subject H. Fz electrode. Target stimulus is 1
(orange), non-target stimuli is 0 and 2 (blue and green), frequent stimuli are 3 and 4
(red and purple).
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Figure 3.6: Results of BCMI system for subject H in a different run. Fz electrode.
Target stimulus is sound stimulus is zero (blue)
In Figure 3.4 a clear P300 wave can be observed. From this plot it can be clearly
concluded that user is focusing on the sound stimulus 1. Figure 3.6 and Figure 3.7 have
the similar results in terms of P300 component clarity. In Figure 3.6 and Figure 3.7
non-target 0 and 2 is closer to the target stimuli. Also there P300 wave is shifted around
the 400 millisecond latency area.

Figure 3.7: Results of BCMI system for subject E. Fz electrode. Target stimulus is
sound stimulus is one (orange)
As stated before few of the results was differentiated from each other. Figure 3.8 and
Figure 3.9 shows the plots that P300 component was apparent for all three deviant
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stimuli. This kind of results challenges the ANN algorithm since they may differ from
the training data or similarities can alter the results. This plots have similarities with
Biroschak, Kleschen and Smith’s (2005) experiment results. In their article, 4 different
stimuli were plotted and stimuli with the lower probabilities had similar P300
component even though there was 1 target, 2 non target and 1 frequent stimulus.
The reason for this tendency for non-targets’ tendency for P300 wave could be because
of very low probability of the deviant stimuli.

Figure 3.8: Results of BCMI system for subject F. Pz electrode. Target stimulus is
sound stimulus zero (blue)

Figure 3.9: Results of BCMI system for subject G. Pz electrode. Target stimulus is
sound stimulus zero (blue)
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Subjects F and H showed high success with the experiments while subject-I had the
lowest score from the ANN. In addition, subject D showed higher P300 appearance in
the FP1 region which is less likely because of eye artifacts in this area is rather too
much compared to midline electrode regions. Offline analysis showed higher tendency
of P300 wave than Fz, Cz and Pz regions which is normally was the three of the best
place to observe P300 wave in the experimentations. An offline plot has been prepared
for better inspection of the P300 wave related to non-target and frequent stimuli. Figure
3.10 - 3.12 shows the three trial run which P300 wave was clearly separable from the
rest of the EEG data recorded from the Fp1 electrode region. Average of the nontargets are taken in this plotting system. In a way this plot shows an oddball paradigm
of 5 stimuli as 3 stimuli experiment. Target stimulus probability is 6.67% while
cumulative non-target stimuli probability is 13.33% and the frequent is 80%.

Figure 3.10: Plot of P300 component comparison of the subject D. Fp1 electrode.
Target sound is first deviant sound stimulus.
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Figure 3.11: Plot of P300 component comparison of the subject D. Fp1 electrode.
Target sound is second deviant sound stimulus.

Figure 3.12: Plot of P300 component comparison of the subject D. Fp1 electrode.
Target sound is third deviant sound stimulus.
Given these varied results ANN scored lower than the cross validation value on the
online scenario. The success rate is determined by correct prediction of the target
stimulus. For this participant verbally announced which stimulus he/she chose to focus
beforehand. If stimulus is predicted right, this was counted as success out of all trails
that inherited same scenario. Feasibility percentage for the real time online system was
between 54.5 % to 75 %. ANN was looking the last 15 windows/chunks of averaged
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EEG data for the determination of P300 component. This means user can change the
focused stimuli if they desire and after maximum 15 windows this change will be
predicted by the ANN. While ANN can be trained with more trials for better results,
this would lower the practicality of the system since it takes time to train the algorithm.
Alongside ANN, Linear Discriminant Analysis (LDA) algorithm is also been tested.
Since appearance of P300 similar component on non-target stimuli observed in some
of the trials, LDA didn’t give the desired prediction.
Aside from successful experiment results, few of the runs was noisy. Concurrently,
there are averaged EEG responses that shows idealized P300 wave pattern alongside
with few insignificant results. Figure 3.13 and 3.14 show noisy averaged trails that
observation of a clear P300 wave was not possible.

Figure 3.13: Noisy averaged results of subject I from Pz electrode.
However relatively better results were observed in following runs. Figure 3.15 shows
relatively better P300 component deflection on the averaged EEG data. However, it
was noted that participant was focusing on the stimulus 1 (orange). In these runs it is
extrapolated that participant could not maintain a desired focus to have a correct P300
component.
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Figure 3.14: Noisy averaged results of subject I from Pz electrode in a different run.

Figure 3.14: Relatively better later run of the subject I from Pz electrode.
3.1.3 Effects of Different Sound Classes
There were three sound categories for testing the effects of sound categorization on
the P300 wave. Different sound samples and frequencies have been tested to determine
the effect of sound stimuli types on P300 wave. In the end 3 sound categories are
picked for the BCMI system. These categories previously mentioned as sinusoidal
sounds, percussive sounds and abstract sounds. Each class had sounds that are different
from each other (if frequent stimuli counted as one stimulus). Sinusoidal and
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synthesized sounds had the varied sounds that are different from each other in
frequency aspect and for the percussion sound stimuli, different sound samples for
each stimulus was used. Table 3.1 shows the last version of chosen sounds and
frequencies.
Table 3.1: Variance in the sound classes
Sinusoidal

Sample

Synthesized

800 Hz

Kick

800 Hz

1200 Hz

Snare

1200 Hz

1700 Hz

Clap

1700 Hz

440 Hz (Frequents)

Hi-hat (Frequents)

440Hz (Frequents)

The reason for using relatively narrow bandwidth for the frequencies is, to lower the
difference between three possible target sounds so the focus for one sound stimulus is
not interrupted by possible marginal difference in frequency. When the differentiation
in the sound class range was broad, participants reported that it is rather distracting
and hard to focus. Participants also reported they tend to focus more on the lower target
stimuli sounds rather than high frequency ones.
Frequencies used, are chosen as close as possible to participant’s reported
identification. In addition, human hearing range is sensitive between 3000-4000 Hz
(Robinson & Dadson, 1956). This effects the perceived loudness for the ear. Moreover,
this could create hierarchy between the perceived loudness of target stimuli.
Experiment results showed no difference in elicited P300 waves between different
sound categories. It has been concluded that difference between sound stimuli inside
a class of sound is much more important for maintaining continuous auditory focus
ergo, eliciting P300 wave with auditory evoked potentials used in this thesis.
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4. CONCLUSION
Main idea of this thesis is to investigate the possibility and feasibility of developing an
auditory P300 based Brain Computer Musical Interfacing system that detects the
focused sound and change the focused sound in relation to neural oscillations recorded
from the participant or/and add a sound effect to chosen sound. Study mostly focused
on the use of auditory event related potentials in a music making or sound shaping
scenario with the help of Max software. In order to realize such system, techniques of
developing a BCMI system that uses auditory event related potentials along with
neural oscillations and visual feedback systems are investigated. Also the role of
subjective probability on a BCMI system and possible implications for a better
controllable Brain Computer Interaction systems are investigated and formulated.
Tools for determining the P300 component are investigated and developed.
Experiment results showed that it is possible to use auditory evoked potentials in a
multiple target stimuli oddball paradigm with the help of localization and visual
feedback. P300 component was observed in the offline analysis for both three and five
stimuli scenario. This pointed out positive results on the usability of such system.
Feedbacks from the participants on the localization of sound stimuli pointed out that
sound class should remain intelligible with each other while showing diversity. Sounds
with sharp transients are to localized better that is to say, these type of sounds will
work much better with localization in BCMI system like this. However, more in-depth
experimentation needed regarding the effects of sound type on the P300 component.
Subjectivity of the stimulus showed an important effect on the P300 component. It is
concluded that it is possible to use auditory evoked potentials with five stimuli
paradigm. However low repeatability of target stimulus could end up disrupting the
user’s focus. Also the possibility of the non-target stimuli can act as a target stimulus
for users that have low focus on chosen stimuli. These may be the reason for P300
component similarities on target and non-target stimuli in some of the trials.
Considering the motivation report from the participants after each trial, it is concluded
motivation value is directly proportional for eliciting a successful P300 component.
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Subjects that had the highest motivation mean had the also had the highest score from
the offline ANN results.
Using the neural oscillations as a driving phenomenon to alternate focused sound gave
sonically interesting results as it is in a sense shoving a mental process of participants
at specific intervals while listening the sound stimuli. ANN used for the determination
of the P300 wave gave promising results which pointed towards to usability of the
proposed BCMI system. Experiments showed high feasibility based on 10-fold cross
validation percentage on determining which sounds user is attending actively. It is
concluded that such BCMI system that uses the same approaches to make a musical
system based on auditory evoked potentials is feasible.
Study showed that it is possible to realize such system under carefully constituted
conditions. However, some limiting aspects of these conditions, such as the
randomness and the time interval of the sound stimuli played, restriction on body, head
and ocular movements of the user makes developing a definitive BCMI system hard.
On top of that it is concluded that high focus is needed in extensive paradigms like
multiple target stimuli oddball paradigms. Also, quality of the EEG device and preprocessing techniques effects the results majorly. Taken into consideration of these
conditions that plays role on eliciting a successful P300 wave, makes developing a
high output auditory event related BCMI system to achieve euphonious results is no
easy task. Therefore, advanced computational signal processing techniques may be
required to lower the limitation proportion of the mandatory conditions described
earlier.
Deeper investigation of possible improvements on initial processes for the Auditory
P300 based BCMI system along with use of commercially available EEG devices to
achieve better user experience has a possibility as a future work. Considering a
successful P300 wave is achieved from one of the subjects at the Fp1 electrode region
which is easily available in any commercial EEG device. Many extensive and more
complex machine learning algorithms can be implemented to solve the problems that
are faced during the P300 component prediction phase. Another topic for the future
work could be further research in the proposed system for the effects of time difference
of sound stimuli and variable interstimulus intervals, since these two features could
improve the musicality of the BCMI system. Rather than implementing low objective
probability and subjective probability for each observed stimulus, use of complex
50

rhythmic structures to elicit Auditory Evoked P300 component is also another possible
topic for further research.
Building a Brain Computer Musical Interfacing system where one can change a sound
just by attentively listening is a task that is worth researching for, since it may contain
interesting information about human auditory perception, psychoacoustics and
understanding of human mind in an aesthetic act.
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