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Biologically-driven Musical Instrument
Burak Arslan, Andrew Brouse,JulienCastet,Jean-JulienFilatriau, Rémy Lehembre,QuentinNoirhomme,and

Cédric Simon

Abstract— This project proposesto use the analysis of phys-
iological signals (electroencephalogram(EEG), electromyogram
(EMG), heart beats) to control sound synthesis algorithms in
order to build a biologically dri ven musical instrument. This
project took placeduring the eNTERFACE'05 summer workshop
in Mons, Belgium. Over four weeksspecialistsfr om the �elds of
brain computer interfaces and sound synthesisworked together
to produce playable biologically controlled musical instruments.
Indeed, a ”bio- orchestra”, with thr eenew digital musical instru-
mentscontrolled by physiologicalsignalsof two bio-musicianson
stage,was offered to a live audience.

Index Terms— eNTERFACE'05; Electroencephalogram;EEG;
Electromyogram; EMG; Biological signal; Brain Computer In-
terface; BCI; Music; Sound Synthesis;Sound Mapping.

I . INTRODUCTION

RECENTLY there has been much theoreticaldiscourse
about the symbiotic relationship between Art and

Science.This is likely due to the fact that, for many years,
Art and Sciencewere arti�cially segregated as two distinct
and mutually exclusive activities. Science was seen as a
rigourous,methodicalpractice and Art as an expressionof
inner states, thoughts and emotions. Much recent work -
including this project- attemptsto develop a hybrid approach
to solving complex scienti�c andaestheticproblems.

Advancesin computerscienceand speci�cally in Human-
ComputerInteraction(HCI) have now enabledmusiciansto
usesensor-basedcomputerinstrumentsto performmusic [1].
Musicianscan now usepositional,cardiac,muscleand other
sensordatato controlsound[2], [3]. Simultaneously, advances
in Brain-ComputerInterface(BCI) researchhave shown that
cerebralpatternscanbeusedasasourceof control[4]. Indeed,
cerebraland conventional sensorscan be usedtogether, [5],
[6] with the object of producinga 'body-music' controlled
accordingto the musician's imaginationand proprioception.
Someresearchhasalreadybeendonetoward integratingBCI
and soundsynthesiswith two very different approaches.The
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Jean-JulienFilatriau,RémyLehembre,QuentinNoirhommeandCédricSi-

monarewith theCommunicationsandRemoteSensingLaboratory, Universit́e
catholiquede Louvain, Louvain-la-Neuve, Belgium.

�rst approachaims to sonify data issuedfrom physiological
analysis by transforming them in sound [7] [8] [9]. This
processcanbeviewedasa translationof physiologicalsignals
into sound. The secondapproachaims to build a musical
instrument [6]. In this case, the musician tries to use his
physiological signalsto control intentionally the soundpro-
duction.This is easyfor EMG or electro-oculogram(EOG)
but dif�cult for heartsoundor electroencephalogram(EEG).
At the beginning of this workshop,we did not know which
approachwe would chooseand it becamethe subject of
numerousdiscussions.In the following, we �rst presenta
short history of biological instrumentsand then presentthe
architecturewe developedto acquire,processandplay music
basedon biological signals.Next we go into more detail on
signalacquisitionpart followed by an in- depthdiscussionof
appropriatesignalprocessingtechniques.Detailsof the sound
synthesisimplementationare then discussedalong with the
instrumentswe built. Finally, we concludeand presentsome
future directions.

I I . HISTORY

Brainwaves are a form of bioelectricity, or electrical
phenomenain animals or plants. Human brainwaves were
�rst measuredin 1924by HansBerger, at thetimeanunknown
Germanpsychiatrist.He termedtheseelectricalmeasurements
the electroencephalogram(EEG), which literally meansbrain
electricity writing. Berger publishedhis brainwave resultsin
1929 as “Uber das Elektrenkephalogrammdes Menschen”
(“On the Electroencephalogramof Man”) [10]. The English
translationdid not appearuntil 1969.His resultswereveri�ed
by Matthews et al in 1934 who also attemptedto sonify the
measuredbrainwave signals in order to listen to them as
reportedin the journal Brain. This was the �rst example of
the soni�cation of humanbrainwaves for auditorydisplay.
If we accept that the perceptionof an act as art is what
makes it art, then the �rst instanceof the useof brainwaves
to generatemusicdid not occuruntil 1965.Alvin Lucier [11]
had begun working with physicist EdmondDewan in 1964,
performingexperimentsthat usedbrainwavesto createsound.
The next year, he was inspiredto composea pieceof music
using brainwaves as the sole generative source.Music for
Solo Performer was presented,with encouragementfrom
JohnCage,at the RoseArt Museumof BrandeisUniversity
in 1965.Lucier performedthis pieceseveral moretimesover
the next few years,but did not continueto use EEG in his
own compositions.
In the late 1960s,RichardTeitelbaumwas a memberof the
innovative Rome-basedlive electronic music group Musica
Elettronica Viva (MEV). In performancesof Spacecraft
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(1967) he used various biological signals including brain
(EEG) and cardiac (ECG) signals as control sources for
electronicsynthesisers.Over the next few years,Teitelbaum
continued to use EEG and other biological signals in his
compositionsand experimentsas triggers for nascentMoog
electronicsynthesisers.
Thenin the late 1960s,anothercomposer, David Rosenboom,
began to use EEG signals to generatemusic. In 1970- 71
Rosenboomcomposedand performedEcology of the Skin,
in which ten live EEG performer-participants interactively
generatedimmersive sonic/visualenvironmentsusingcustom-
madeelectroniccircuits. Around the sametime, Rosenboom
founded the Laboratory of Experimental Aesthetics at
York University in Toronto, which encouragedpioneering
collaborationsbetweenscientistsand artists. For the better
part of the 1970s,the laboratoryundertookexperimentation
and researchinto the artistic possibilitiesof brainwaves and
other biological signals in cybernetic biofeedbackartistic
systems.Many artists and musiciansvisited and worked at
the facility during this time including John Cage, David
Behrman, LaMonte Young, and Marian Zazeela.Some of
the results of the work at this lab were published in the
book “Biofeedbackand the Arts” [12]. A more recent1990
monographby Rosenboom,“ExtendedMusical Interfacewith
the Human Nervous System” [13], remains the de�niti ve
theoreticaldocumentin this area.
Simultaneously, Manford Eaton was also building electronic
circuits to experiment with biological signals at Orcus
Researchin KansasCity. He initially published an article
titled “Biopotentials as Control Data for Spontaneous
Music” in 1968. Then, in 1971, Eaton �rst published
his manifesto“Bio-Music: Biological FeedbackExperiential
Music Systems”[14], arguingfor completelynew biologically
generatedforms of musicandexperience.

In France,scientistRogerLafossewasdoing researchinto
brainwave systemsandproposed,alongwith musiqueconcrte
pioneerPierreHenry, a sophisticatedlive performancesystem
known asCorticalart(art from thecerebralcortex). In a series
of free performancesdone in 1971, along with generated
electronicsounds,onesaw a television imageof Henryin dark
sunglasseswith electrodeshangingfrom his head,projected
so that the contentof his brainwaves changedthe colour of
the imageaccordingto his brainwave patterns.
In 1990two scientists,BenjaminKnappandHughLusted[15],
began working on a computerinterfacecalled the BioMuse.
It permitteda human to control certain computerfunctions
via bioelectric signals primarily via EMG. In 1992, Atau
Tanaka[1] wascommissionedby KnappandLustedto com-
poseand perform music using the BioMuse as a controller.
Tanakacontinuedto usethe BioMuse,primarily as an EMG
controller, in live performancesthroughoutthe1990s.In 1996,
Knapp and Lusted wrote an article for Scienti�c American
abouttheBioMuseentitled“Controlling Computerswith Neu-
ral Signals”.
Startingin theearly1970s,JacquesVidal, a computerscience
researcherat UCLA, beganworking to develop the �rst direct
brain-computerinterface(BCI) usinga IBM mainframecom-

puterandothercustomdataacquisitionequipment.In 1973,he
published“Toward Direct Brain-ComputerCommunication”
[16].
In 1990 JonathanWolpaw et al [17] at Albany developeda
systemto allow a user rudimentarycontrol over a computer
cursor via the alpha band of their EEG spectrum.Around
the sametime, ChristophGugerandGert Pfurtschellerbegan
researchingand developing BCI systemsalong similar lines
in Graz,Austria [18].
In 2002, the principal BCI researchersin Albany and Graz
publisheda comprehensive survey of thestateof theart in BCI
research,Brain-computerinterfaces for communicationand
control[4]. Thenin 2004anissuededicatedto thebroadsweep
of current BCI researchwas publishedin IEEE Biomedical
Transactions[19].

I I I . ARCHITECTURE

We intend to build a robust architecturalframework that
could be reusewith other biological data,other analysisand
other instrument.Thereforethe signal acquisition,the signal
processingand the soundsynthesisare operatedon different
virtual machinesthat communicateby the network (Fig. 1).
Thedatafrom thedifferentmodalitiesarerecordedondifferent
machines.Onceacquiredthe dataaresentto a Simulink [20]
program.Thenthey areprocessedbeforeto besentwith Open
SoundControl [21] to the musicalinstrumentsandthe sound
spatializationand visualization.The musical instrumentare
build with Max/MSP [22]. Below is a outline of the main
softwareanddataexchangearchitecture.

A. Software

1) Matlab and Simulink: Biosignal analysis is achieved
with various methodsincluding wavelet analysisand spatial
�lter . Due to the �e xibility of Matlab [20] programming,all
the algorithmsarewritten in Matlab code.However sincethe
signalacquisitionfrom the EEG cap is madein C++ we �rst
useda methodin C++ that calledtheMatlabcodes.We know
that EEG activity varies from a personto another, thus, in
order to have a good adaptationto all subjectsand change
parameterslike frequency bandsonline, we implementedour
sourcesin a Simulink [20] block diagramusingLevel-2 M �le
S-functionswith tuneableparametersfor our methods.This
allows us to adaptonline to the incoming signals from the
subjectsscalp.Subsequently, we canproceedwith a real-time,
manuallycontrolled,adaptive analysis.Simulink offers many
possibilitiesin termsof visualisation.For example,we used
thevirtual reality toolbox in orderto have somefeedbackand
helptheusercontrolhis/herEEG.Thegraphicalinterfaceused
hereis quite simpleandconsistof a ball moving to the right
or to the left whetherthe useris moving is right or left hand.

2) Max/MSP: Max/MSP [22] is a software programming
environment optimisedfor �e xible real-time control of mu-
sic systems.It was �rst developed at IRCAM by Miller
Puckette as a simpli�ed front end controller for the 4X
seriesof mainframemusic synthesissystems.It was further
developedas a commercialproduct by David Zicarelli [23]
and others at OpcodeSystemsand Cycling 74 [24]. It is
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Fig. 1. Systemarchitecture

currently the most popularenvironment for programmingof
real-timeinteractive musicperformancesystems.Max/MSPis
interestingto use in that is a very mature,widely accepted
and supportedenvironment. The result of this is that few
problemsare encounteredwhich cannotbe resolved simply
with recourseto the many availablesupportresources.There
are, however, some concernsabout its continueduse in an
academicenvironment where open-sourcesoftware systems
are increasinglypreferredor even required.There are other
open-sourceenvironmentswhich could be more interesting
in the long-term especially in an academiccontext: Pure
Data and jMax are both open-sourcework-alike software
implementationswhich althoughnot as matureas Max/MSP
are nonethelessvery usable.SuperCollideris another, text-
based,programmingenvironmentwhich is alsovery powerful
but is somewhat morearcaneanddif�cult to program.

B. Data Exchange

Data are transferedfrom one machineto anotherwith the
UDP protocol. We chose it mainly for is better real-time
capability. To communicatewith the musical instrumentwe
usea speci�c protocolonelevel higherthanUDP: opensound
control (OSC) [21].

1) OpenSoundControl: OSC[21] wasconceivedasa pro-
tocol for the real-timecontrol of computermusicsynthesisers
over modern heterogeneousnetworks. Its developmentwas
informed by shortcomingsexperiencedwith the established
MIDI standardand the dif�culties in developing a more
�e xible protocol for effective real-timecontrol of expressive
music synthesis.Variousattemptshad beenmadeto produce
a replacementfor the MIDI protocol such as ZIPI which
was proposedand then abandoned.OSC was �rst proposed
by Matthew Wright and Adrian Freed in 1997. Since that
time its use and development have grown such that it is
becomingvery widely implementedin softwareandhardware

Fig. 2. EEG signals

designs(although,still not aswidespreadasMIDI). Although
it can function in principle over any appropriatetransport
layersuchasWiFi, serial,USB or otherdatanetwork, current
implementationsof OSC are optimisedfor UDP/IP transport
over FastEthernetin a Local Area Network. For our project,
we usedOSCto transferdatafrom Matlab (runningon a PC
with eitherLinux or WindowsOS)towardsMax/MSP(running
on a MacintoshOSX).

IV. DATA ACQUISITION

Four typesof dataare consideredwith associatedcaptors:
ECG, EMG, EEG and EOG data.ECG, EMG and EOG are
acquiredon onemachineandEEG on an other.

A. EEG

EEGdata(Fig. 2) arerecordedat64Hz on19channelswith
a DTI cap.Dataare�ltered between0.5 and30 Hz. Channels
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arepositionedfollowing the10-20internationalsystemandCz
is usedasreference.Thesubjectsit in a comfortablechairand
is asked to concentrateon thedifferenttasks.Therecordingis
donein normalworking place,e.g.a noisy room with people
working, speakingand with music. The environment is not
electrical noise free as there are many computers,speakers,
screen,microphonesand lights around.

B. Electromyogram (EMG), heart sound and Electrooculo-
gram (EOG)

To record the EMG (Fig. 3) and heart sounds(Fig. 4),
three ampli�ers of Biopac MP100 systemwere used. The
ampli�cation factor for the EMG was 5000 and the signals
were �ltered between0.05-35Hz. The microphonechannel
has 200 gain and DC-300Hz bandwidth.Another 2 channel
ampli�er, ModularEEG is used to collect the EOG signals
(Fig. 5).

This amplifer has 4000 gain and 0.4-60Hzpassband.For
real time capabilities,theseampli�ed signalsare fed to the
National InstrumentsDAQPad 6052eanalog-digitalconverter
card that usesthe IEEE 1394 port. Thus, the data can be
acquired,processedandtransferredto themusicalinstruments
usingMatlab environmentand the DataAcquisition toolbox.

DisposableECG electrodeswere usedfor both EOG and
EMG recordings.The soundswerecapturedusingthe Biopac
BSL contact microphone.The locations of electrodesare
shown in Fig. 6.

V. BIOSIGNAL PROCESSING

The aim of this work is to control soundand synthesise
music using parametersderived from measuredbiological
signals such as: EEG, EOG, EMG and heart sounds.We
thereforehave testeddifferenttechniquesto extractparameters
giving meaningfulcontrol data to drive musical instruments.
We mainly concentratedon EEG signalprocessingasit is the
richestand most complex bio-signal.The musiciannormally
hasbetterconsciouscontrol over bio-signalsother than EEG
and thereforeonly basic signal processingis done in these
cases.The dataacquisitionprogramsamplesblocks of EMG
or EOG dataof 100 ms duration,andthenanalysesthis data.
It calculatesthe energy for the EOG andEMG channels,and
sendsthis information to the related instruments.The heart
sound itself is directly sent to the instrumentsto provide
a backgroundmotif, which can be also usedto control the
rhythmic structure.The waveform can also be monitoredon
the screenin real-time.

EMG ch1

EMG ch2

Heart sound

EOG horizontal

EOG vertical

Fig. 6. Application of multiple electrodesand transducers

Two kinds of EEG analysisaredone.The �rst onefocuses
on thedetectionof a usersintent.It is basedon thework being
donein the BCI community[4]. A secondapproachlooks at
the origin of the signalandat the activation of differentbrain
areas.The musicianhaslesscontrol over resultsin this case.
At the end of this sectionthereare more detailson both of
theseEEG analysisapproaches(Fig. 7).

A. Detectionof Musical Intent

To detectdifferentbrainstateswe usedthespatialisationof
the activity and the different rhythms presentin this activity.
Indeed,eachpartof thebrainhasa differentfunctionandeach
humanbeingpresentsspeci�c rhythmsatdifferentfrequencies.

For example,threemain rhythmsareof greatinterest:
1) Alpha rhythm: usually between8-12 Hz, this rhythm

describesthe state of awareness.If we calculate the
energy of the signal using the occipital electrodes,we
can evaluatethe awarnessstateof the musician.When
hecloseshis eyesandrelaxesthesignalincreases.When
the eyesareopenthe signal is low.

2) Mu rhythm: This rhythm is alsoreportedto rangefrom
8 to 12 Hz but this bandcan vary from one personto
another, sometimesbetween12-16Hz. The mu rhythm
correspondsto motor tasks like moving the handsor
legs, arms,etc. We use this rhythm to distinguishleft
handmovementsfrom right handmovements.

3) Beta rhythm: Comprisedof energy between18-26 Hz,
the characteristicsof this rhythm are yet to be fully
understoodbut it is believed that it is also linked to
motor tasksandhighercognitive function.

Thereforethe well-known wavelet transform[25] is a tech-
niqueof time-frequency analysisprefectlysuitedfor the task
detection.Each task can be detectedby looking at speci�c
bandwidthon speci�c electrodes.
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This operation,implementedwith sub-band�lters, provides
us with a �lter banktunedto the frequency rangesof interest.
We testedour algorithmon two subjectswith different kinds
of wavelets: Meyer wavelet, 9-7 �lters, bi-orthogonalspline
wavelet,Symlet8 andDaubechy 6 wavelets.We �nally chose
thesymlet8 whichgavebetteroverall results.Oncethedesired
rhythmsareobtained,differentformsof analysisarepossible.

At the beginning we focusedon eye blink detectionand®
bandpower detectionbecauseboth areeasilycontrollableby
themusician.We thenwantedto try morecomplex taskssuch
as thoseusedin the BCI community. Theseare movements
andimaginationsof movements,suchashand,foot or tongue
movements,3D spatial imaginationor mathematicalcalcula-
tion. The main problemis that eachBCI userneedsa lot of
training to improve his control of the task signal. Therefore
we decidedto use only right and left hand movements�rst
and not the more complex tasks which would have been
harderto detect.Sincemore tasksalso meansmore dif�cult
detection,there are the only tasksusedin this project. Two
different techniqueswere used:Asymmetry ratio and spatial
decomposition.

1) Eye blinking and ® band: Eye blinking is detectedon
Fp1 and Fp2 electrodesin the 1-8Hz frequency range by

looking at increaseof the bandpower. We processthe signals
from electrodesO1 and O2 -occipital electrodes-to exctract
the power of the alphaband.

2) Asymmetryratio: Considerwe want to distinguishleft
from right hand movements.It is known that motor tasks
activate the cortex area. Since the brain is divided in two
hemispheresthatcontrolthetwo sidesof thebodyit is possible
to recognisewhen a personmoves on the left or right side.
Let C3 andC4 be the two electrodespositionedon thecortex,
the asymmetryratio canbe written as:

¡ F B =
PC 3;F B ¡ PC 4;F B

PC 3;F B + PC 4;F B
(1)

where PC x;F B is the power in a speci�ed frequency band
(FB), i.e. themufrequency band.This ratiohasvaluesbetween
1 and -1. Thus it is positive when the power in the left
hemisphere(right hand movements)is higher than the one
in the right hemisphere(left handmovements)andvice-versa.

The asymmetryratio gives good results but is not very
�e xible andcannotbeusedto distinguishmorethantwo tasks.
This is why it is necessaryto searchfor more sophisticated
methodswhich can processmore than just two electrodesas
the asymmetryratio does.



ENTERFACE'05, JULY 18th - AUGUST 12th , MONS, BELGIUM - FINAL PROJECTREPORT 6

Wavelets

Spatial Filter

EEG

Classifier

EEG driven

Musical 

Instrument

Selected
Area

Eye blink

Alpha

CSSD

Visualisation

Spatialisation

Asymmetry

Fig. 7. EEG processing,from recording(left) to play (right).

3) Spatial decomposition: Two spatial methods have
proven to be accurate: The Common Spatial Patterns
(CSP) and the Common Spatial SubspaceDecomposition
(CSSD)[26], [27]. We will shortly describeherethe second
one (CSSD):This methodis basedon the decompositionof
the covariancematrix grouping two or more different tasks.
Only the simple caseof two taskswill be discussedhere.It
is important to highlight the fact that this method needsa
learningphasewherethe userexecutesthe two tasks.

The �rst step is to computethe autocovariancematrix for
each tasks. Lets take one signal X of dimension N £ T
for N electrodesand T samples.DecomposingX in X A et
X B , A and B being two different tasks,we can obtain the
autocovariancematrix for eachtask:

RA = X A X T
B and RB = X B X T

B (2)

We now extract the eigenvectorsandeigenvaluesfrom the R
matrix that is the sumof RA andRB :

R = RA + RB = U0¸U T
0 (3)

We can now calculatethe spatial factorsmatrix W and the
whiteningmatrix P:

P = ¸ ¡ 1=2UT
0 and W = U0¸ 1=2 (4)

If SA = PRA PT andSB = PRB PT , thesematricescanbe
factorised:

SA = UA § A UT
A SB = UB § B UT

B (5)

Matrix UA et UB areequalsand the sum of their eigenvalue
is equalto 1, § A + § B = I . § A et § B canbe written thus:

§ A = diag[1...1|{z}
ma

¾1...¾m c| {z }
mc

0...0|{z}
mb

] (6)

§ B = diag[0...0|{z}
ma

±1...±m c| {z }
mc

1...1|{z}
mb

] (7)

Taking the �rst ma eigenvectorfrom U, we obtainUa andwe
cannow computethe spatial�lters and the spatialfactors:

SPa = W Ua (8)

SFa = UT
a P (9)

We proceedidentically for the secondtask,but taking this
time the last mb eigenvectors.Speci�c signal componentsof
eachtaskcanthenbeextractedeasilyby multiplying thesignal
with the correspondingspatial�lters andfactors.For the task
A it gives:

X̂ a = SPaSFaX (10)

A supportvectormachine(SVM) with a radial basisfunc-
tion wasusedasa classi�er.

4) Results: The detectionof eye blinking during off-line
and realtime analysis was higher than 95%, with a 0.5s
time window. For handmovementclassi�cation with spatial
decomposition,we choseto usea 2s time window. A smaller
window signi�cantly decreasestheclassi�cationaccuracy. The
algorithm CSSDneedsmore training datato achieve a good
classi�cation rate so we decidedto use200 samplesof both
right handand left handmovements,eachsamplebeinga 2s
time window. Thus, we usedan off-line sessionto train the
algorithm.However eachtime we usedtheEEGcapfor a new
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session,theelectrodelocationson thesubject's headchanged.
Performing a training sessionone time and a test session
anothertime gave poor resultsso we decidedto develop new
codein order to do both training and testing in one session.
This hadto bedonequitequickly to ensuretheuser's comfort.

We achieved an averageof 90%goodclassi�cationsduring
off-line analysis,and 75% good classi�cations during real-
time recording.Real-timerecordingaccuracy was a bit less
than expected.(This was probably due to a less-than-ideal
environment - with electricaland other noise - which is not
conducive to accurateEEG signal captureand analysis.)The
asymmetryratio gave somewhat poorerresults.

B. SpatialFilters

EEG is a measureof electrical activities of the brain as
measuredon the externalskull area.Differentbrain processes
can activate different areas.Thus, knowing which areasare
active can inform us as to active cerebral processes.Dis-
covering which areasare active is dif�cult as many source
con�gurationscan lead to the sameEEG recording.Noise in
thedatafurthercomplicatestheproblem.Theill-posnessof the
problemleadsto many differentmethodsbasedon differents
hypothesesto get a unique solution. In the following, we
presentthe methods- basedon forward andinverseproblems
- and the hypothesiswe proposeto solve the problemin real
time.

1) Forward Problem, head model and solution space: If
X is a N x1 vector containingthe recordedpotentialwith N
representingthe numberof electrodes.S is an M x1 vector
of the true sourcecurrent with M the unknown numberof
sources.G is the lead�eld matrix which links the source
locationandorientaionto the electrodeslocation.G depends
of the headmodel.n is the noise.We canwrite

X = G S + n (11)

X and S can be extendedto more than one dimensionto
take time into account.S can either representfew dipoles
(dipolemodel)with M · N or representthe full head(image
model- onedipole per voxel) with M À N . In the following
we will usethe latter model.
The forward problem is to try and �nd the potentialsX on
the scalp surface knowing the active brain sourcesS. This
appraochis far simpler than the inverse approachand its
solution is the basisof all Inverseproblemsolutions.
The lead�eld G is basedon the Maxwell equations.A �nite
elementmodel basedon the true subjectheadcan be useas
lead �eld but we prefer to usea 4-spheresapproximationof
the head.It is not subjectdependentandlesscomputationally
expensive. A simplemethodconsistsof seeingthe multi-shell
modelasa compositionof single-shells-muchasFourieruses
functionsassumsof sinusoid[28]. The potentialv measured
at electrodeposition r from a dipole q in position r q is

v(r; r q; q) ¼

v1(r; ¹ 1r q; ¸ 1q) + v1(r; ¹ 2r q; ¸ 2q) + v1(r; ¹ 3r q; ¸ 3q) (12)

¸ i and¹ i arecalledBerg's parameters[28]. They have been
empiricallycomputedto approximatethreeandfour-shellhead
modelsolution.

Whenwe arelooking for the locationandorientationof the
source,a betterapproachconsistsof separatingthe non-linear
searchfor the location and the linear one for the orientation.
TheEEGscalarpotentialcanthenbeseenasa productv(r ) =
kt (r; r q)q with k(r; r q) a 3x1 vector. Thereforeeachsingle
shell potentialcanbe computedas [29]

v1(r ) = ((c1 ¡ c2(r:r q)) r q + c2kr qk2r ):q

with

c1 ´
1

4¼¾kr qk2

µ
2

d:rq

kdk3 +
1

kdk
¡

1
kr k

¶
(13)

c2 ´
1

4¼¾kr qk2

µ
2

kdk3 +
kdk + kr k

kr kF (r; r q)

¶
(14)

F (r; r q) = kdk(kr kkdk + kr k2 ¡ (r q:r )) (15)

The brain sourcespaceis limited to 361 dipoleslocatedon
an half-spherejust below the cortex in a perpendicularorien-
tation to the cortex. This is donebecausethe activity we are
looking at is concentratedon the cortex, the activity recorded
by the EEG is mainly cortical activity and the limitation of
the sourcespaceconsiderablyreducesthe computationtime.

2) InverseProblem: Theinverseproblemcanbeformulated
asa Bayesianinferenceproblem[30]

p(SjX ) =
p(X jS)p(S)

p(X )
(16)

where p(x) standsfor probability distribution of x. We
thus look for the sourceswith the maximum probability.
Since p(X ) is independentof S it can be consideredas
an normalizing constantand can be omitted. p(S) is the
prior probability distribution of S and representsthe prior
knowledgewehaveaboutthedata.This is modi�ed by thedata
through the posterior probability distribution p(X jS). This
probability is linked to the noise.If the noiseis gaussian- as
everybodyassumed- with zero meanand covariancematrix
Cn

ln p(X jS) = (X ¡ GS) t C¡ 1
n (X ¡ GS) (17)

where t standsfor transpose.If the noise is white, we can
rewrite equation(17) as

ln p(X jS) = kX ¡ GSk2 (18)

In caseof zeromeangaussianprior p(S) with varianceCS ,
the problembecomes

argmax(ln p(SjX ))

= argmax(ln p(X jS) + ln p(S))

= argmax((X ¡ GS) t C¡ 1
n (X ¡ GS) + ¸S t CSS

wherethe parameteŗ gives the in�uence of the prior infor-
mation.And the solution is

Ŝ = Gt C¡ 1
n (Gt C¡ 1

n G + ¸C ¡ 1
S )¡ 1X (19)

For a full review of methodto solve the InverseProblem
see[30]–[32].
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Fig. 8. Derived currentat the surfaceof the brain. The scaleis going from
blue the morenegative potentialto red the morepositive potential

Methodsbasedon differentpriorsweretested.Priorsranged
from the simplest -no prior information- to classical prior
suchasthe laplacianandto a speci�c covariancematrix. The
well-know LORETA approach[32] showedthebestresultson
our testset.TheLORETA [32] looks for a maximallysmooth
solution.Thereforea laplacianis usedasa prior. In (19) Cs is
a laplacianon thesolutionspaceandCn is theidentity matrix.

To enablereal time computation,lead�eld and prior ma-
trices in (19) are pre-computed.Then we only multiply the
pre-computedmatrix with the acquiredsignal. Computation
time is lessthan0.01son a typical personalcomputer.

3) ResultsandApplication: In thepresentcaseof a BCMI,
the result can be use for three potential applications: the
visualisationprocess,a pre-�ltering stepanda processingstep.

The current of the 361 dipoles derived using the inverse
method is directly used in the visualisation process.The
currenton every point of the half-sphereis interpolatedfrom
the dipole currents.The result is projectedon a screen(see
Fig. 8). The result of the inversesolution could be useas a
pre-�ltering stepin theclassi�cationprocess.Insteadof using
the 18 electrodesignals,the 361 dipole signalscan be used.
We did not have enoughtime to test this approach.

The resultsof the inversesolutionre�ect the brain activity.
Therefore it could be used as direct control data for our
musicalinstrument.Four brainareaswereselected.They were
the frontal area, the occipital area and both left and right
sensori-motorand motor areas.The frontal areais generally
linked to cognition and memory processes.Left and right
sensori-motorandmotor cortex areasarelinked to movement
andimaginationof movementin the right andleft partsof the
bodyrespectively. Theoccipitalareais inferredin visualisation
processes.For every area,we computethemeanof thesource
signal in the area.The meanof eachareais then scaledand
sentas control datafor the musical instruments.The dipoles
inside eachareawere selectedon a visual basisin order to
adequatelycover the relevant areas(Fig. 9).

Fig. 9. Dipolesaresetin 4 areas.Dark blue dipolesareoutsideall the area.
Light blue dipoles are in right sensorimotorand motor cortex area.Green
dipolesaarein left sensorimotorand motor cortex area.Orangedipolesare
in occipital area.Brown dipolesare in frontal area

VI. SOUND SYNTHESIS

A. Introduction

1) Sound Synthesis: Arti�cial synthesisof sound is the
creation, using electronic and/ or computationalmeans,of
complex waveforms, which, when passedthrough a sound
reproduction system can either mimic a real musical in-
strumentor representthe virtual projection of an imagined
musicalinstrument.This techniquewas �rst developedusing
digital computersin the late 1950sand early 1960sby Max
Matthews at Bell Labs. It does have antecedents,however,
in the musiqueconcrteexperimentsof Pierre Schaeffer and
Pierre Henry and in the TelHarmoniumof ThaddeusCahill
amongstothers.The theoryandtechniquesof soundsynthesis
are now widely developedand are treatedin depth in many
well-known sources.

The chosensoftwareenvironment,Max/MSP, makesavail-
able a wide paletteof soundsynthesistechniquesincluding:
additive, subtractive, frequency modulation,granularetc.With
the addition of 3rd party codelibraries (externals)Max/MSP
can also be usedfor more sophisticatedtechniquessuch as
physical modellingsynthesis.

2) Mapping: The very commonly used term mapping
refers, in the instance of virtual musical instruments, to
mathematicaltransformationswhich are applied to real-time
datareceived from controllersor sensorsso that they may be
usedaseffective control for soundsynthesisparameters.This
mappingcan consistof a numberof different mathematical
and statistical techniques.To effectively implement a map-
ping strategy one must understandwell both the rangesand
behaviour of the controller or sensordata and the synthesis
parameterswhich areto be controlled.For our purposes,it is
most importantto be mindful of the appropriatetechniqueto
be usedin order to achieve the desiredresults.

A useful way of thinking aboutmappingis to considerits
origin in the art of making cartographicmapsof the natural
world. Mapping thus is forming a �at, virtual representation
of a curved,sphericalrealworld which enablesthatrealworld
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to be effectively navigated. Implicit in this is the process
of transformationor projection which is necessaryto form
the virtual representation.This projectionis not a transparent
processbut can involve decisionsandvalue judgements.The
commonly-usedMercatorprojectionof theworld, for example,
givesgreaterapparentlandmassandthusimport to thewestern
and northern parts of the world where that projection was
initially developedandused.BuckminsterFuller attemptedto
redressthis issuewith his Geodesicprojection of the world
which was felt to be a more accuraterepresentationof the
earthssurface.

Thus,to effectively performa musicallysatisfyingmapping,
we mustunderstandwell the natureof our datasources(sen-
sorsand controllers),the natureof the soundsand music we
want to produce(including intrinsic propertiesandtechniques
of soundsynthesis,sampling,�ltering andDSP)

This posessigni�cant problemsin the caseof biologically
controlled instrumentsin that it is not possibleto have an
unambiguousinterpretationof the meaningsof biological sig-
nalswhetherdirector derived.Thereis somecurrentresearch
in cognitive neurosciencewhich may indicate directionsfor
understandingand interpreting the musical signi�cance of
encephalographicsignalsat least.

A simple example is the alpha rhythm or more correctly
alpha spectrumof the EEG. It is well known that strong
energy in the frequency band (8-13 Hz) indicatesa stateof
unfocusedrelaxationwithout visual attentionin the subject.
This hascommonlybeenusedasa primarycontrollerin EEG-
basedmusical instrumentssuchas Alvin Luciers ”Music for
Solo Performer”,wherestrongEEG will directly translateto
increasedsoundintensity and temporaldensity. If this is not
the desiredeffect then considerationhas to be given to how
to transformthe given datainto the desiredsoundor music.

At the end of the workshop, a musical bio-orchestra,
composedby two new digital musical instrumentscontrolled
by two bio-musicianson stage (Fig. 10), offered a live
performanceto a large audience.The �rst instrumentwas a
midi instrumentbasedon additive synthesisand controlled
by musician's electroencephalogramsplus an infraredsensor.
The secondone, driven by electromyogramsof a second
bio-musician,processedaccordionsamplesrecordedin live
situation by granulation and �ltering effects. Furthermore
biologicalsignalsmanagedthespatializeddiffusionover eight
loudspeakersof soundproducedby both previous instruments
and the visual feedback.This wascontrolledby EEGsof the
�rst bio-musician.We here presentdetails of eachof these
instruments.

B. Instrument1 : a new interfacebetweenbrain and sound

EEGanalysiscandetectmany thingsabouteyesandmove-
ments, but it needstraining to give good results. For this
interface,we usedthe following controls(Fig. 11):

² right or left body part movement(Mu bandwidth)
² eyesareopenor closed(Alpha bandwidth)
² the averageactivity of brain (Alpha bandwidth)

Fig. 10. Concertduring eNTERFACE 2005Workshop

Fig. 11. the functionnalinstrumentdiagram

This MAX/MSP patch is basedupon theseparameters.The
soundsynthesisis donewith a plug-in from Absynthwhich is
softwarecontrolledvia the MIDI protocol.This patchcreates
MIDI eventswhich control this synthesis.This synthesisis in
particularcomposedof threeoscillators,threeLow Frequency
Oscillators,and three notche�lters. There are two kinds of
note trigger:

² a cycle of seven notes
² a trigger of singlenote

This work neededhigh-level treatment,so pitch is not con-
trolled continuously. I will try to explain themappingbetween
soundparametersandcontrol parameters.

Regarding the �rst kind of note trigger, the cycle of notes
begin when the artist openshis eyes for the �rst time. Then,
there is anothertype of control using EEG analysis,when
the artist thinks about right or left body movements,he
controlsthe directionof cycle rotationandthe panningof the
result.Thesuccessionof notesis subjectedof two randomised
variations,the notedurationsandthe deltatime betweeneach
note. Regarding the secondnote trigger, alpha bandwidthis
convertedto a numberbetween0 and 3, and is divided into
threeparts:

² 0 to 1 : this part is divided into � ve sections,one note
is attributed to eachsectionand the time proprietiesare
given by the dynamicsof the alphavariations
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² 1 to 2 : representsthe variation of the Low Frequency
Oscillator (LFO) frequency

² over 2 : the soundis stopped
The EEG analysisfor thesecontrolshappensover time, and
to have an instantaneouscontrol,an infraredsensorcontroller
was added.According to the distancebetweenhis handand
the sensor, the artist cancontrol:

² the rotationspeedof the cycle, using the right hand
² the frequency of the two otherLFO, using the left hand

EEGanalysiscandetectif theartistmoveshis right or his left
hand,so this onesensoris the sourceof two kinds of control.

As you can see in the elaborationof this patch, it is
alreadyan aestheticchoicein that the performerdecidesthe
harmony beforeplaying. This is not the only solution,but in
the performancewhich wasdone,it hasproved to be a good
solution(Fig. 10).

Anotheradvantageof this patchis its modularity. An artist
can dependon it to createa lots of different soundsresults.
Thepatchis arealinterfacebetweenasynthesissoftwareusing
MIDI protocolandan EEG analysiswith Matlab.

1) Results: The aim of this work was to createan instru-
ment commandedby electroencephalogramsignals,but can
we actually talk about a musical instrument?Instrumental
relationshipsarealwayslinkedwith gestures.Hereno physical
interactionis present.Further, thecomplexity of theinteraction
with a traditionalmusicalinstrument,like a guitar, assignsan
importantpower of manipulationto theartist.To beinteresting
from anartisticpointof view, amusicalinstrumentmustgivea
largeexpressive spaceto theartist; this wasa big challengein
ourcase,andit is seemsto havebeenpartiallyeffective. In this
instrument,the relationbetweenthe artist andhis production
is really peculiarbecauseit actson two levels: the musician
interactswith soundproductionby meansof his EEGsbut the
producedsoundalso hasa feedbackin�uence on the mental
state of the musician. Future work could turn towards the
biofeedbackin�uence of sound.When the musiciantries to
controlhis brainactivities, thesoundperturbshim. Whatkind
of in�uence could therebe?

C. Instrument 2 : Real-time granulation and �ltering on
accordion samples

In our second instrument, sound synthesisis based on
the real-time granulationand �ltering of accordionsamples
recordedin live situationby the bio-digital musician.During
the demonstration,the musicianstartedhis performanceby
playing and recordingfew secondsof accordionhe will then
beprocessedin real-time.Soundprocessingwasimplemented
thanksto several Max-MSP objectsand controlledby means
of data extractedfrom electromyograms(EMGs) measuring
both armsmusclescontractionof the musician(Fig. 12). An
additionalMIDI surfacecontrol was also usedto extend the
possibilitiesof mapping.

1) Granulation: Granulation techniques [33] split an
original soundinto very small acousticevents called grains
of 50 ms duration or less, and reproducesthem in high
densitiesranging from several hundredto several thousand

Fig. 12. Bio-musiciancontrolling his musical instrumentby meansof his
musclescontraction

grainsper second.A lot of transformations(time stretching,
pitch shifting, backward reading)on the original soundare
madepossiblewith this techniqueand a large rangeof very
strangetimbres,far from the original, canbe obtainedin this
way. In our instrument,the granulationwasachieved by MSP
objectmunger̃ , releasedaspartof the freeMax/MSPtoolkit
PeRColatedevelopedby TruemanandDuBois [34]. Munger̃
takesan incomingaudiosignalinput andgranulatesit, breaks
it up into smallgrainswhicharelayered,mixedandtransposed
asrequested,creatingcloud-like texturesof varying densities.
Furthermore,the munger̃ object hasseveral argumentsthat
enableto modify the resultinggranulatedsound.In order to
give the musicianthe ability, we chooseto control three of
them:

² the grainssize (in ms)
² the pitch shifting : this parametercontrol the playback

speedand allows to transposeall outgoing grains by a
multiplier factor.

² the pitch shifting variation (factor between0 and 1) :
munger̃ enablesto vary randomly the pitch shifting
factor : more precisely, the ”grain pitch variation” pa-
rameterwill control how far into a prede�nedscalethe
munger̃ will look for thepitch shifting factor. Increasing
this parameterhasa strongeffect on the resultingsound
by making it very turbulent. To enhancethis turbulence
sensation,we coupledthis parameterwith swirling spa-
tialization effect. This was the only spatializationeffect
controlledby the EMG musician,the restof the spatial-
ization beingdriven by EEG analysis.

In term of mapping, the performer selectedthe synthesis
parameterhewantedto vary thanksto themidi foot controller
and this parameterwas then modulated according to the
contractionof hisarmmuscles,measuredby electromyograms.
The contractionof left arm musclesallowed choosingeither
to increaseor decreasethe selectedparameter, whereasthe
variation of the parameter, betweenprede�ned range, was
directly linked to right arm muscletension.
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2) Flanging: We tried someof themostwidely used�lter -
ing effects in audio processing(chorus,delay, phaseshifting
etc) and �nally we choseto integrate �ange effect as �lter
processingin this �rst version of our instrument.Flanging
is createdby mixing a signal with a slightly delayedcopy
of itself, where the length of the delay, less than 10 ms, is
constantlychanging(Fig. 13). Insteadof creatinganecho,the
delayhasa �ltering effect on thesignal,andthis effect creates
a seriesof notchesin the frequency response.This varying
delay in the �anger createssomepitch modulation(warbling
pitch).

Fig. 13. Diagramof �anger effect. The delayis varying with time thanksto
a low frequency oscillator (LFO) whosefrequency is user-controllable.The
depthparameterallows to control how much of the delayedsignal is added
to the original one.Feedbackgain speci�es the amountof feedbacksignalto
be addedto the input signal ; a large amountof feedbackwill createa very
'metallic' and 'intense' sound.

In order to processaccordion samplesby �ange effect,
we used in our instrument the example of �ange effect
provided in the MSP tutorial. The musician chose among
different prede�ned parameterscon�gurations. He had also
the ability to modulateeachparameter(depth,feedbackgain,
LFO frequency) separatelyvia his arm musclescontraction,
by the sameway than for the granulationparameters.

3) Balancedry/wet sounds: During the performance,the
musicianchoseto vary whetheror not the soundprocessing
parameters(granulationor �ange parameters).Whenthe mu-
siciandoesnot act on theseparameters,he hadthe possibility
to control the intensities of dry and wet soundswith the
contractionof his left andright arm respectively. This control
gave themusiciantheability to cross-fadeoriginal soundwith
the processedoneby meansof very expressive gestures.

4) Results:Very interestingsonictextures,neareror farther
from original accordion sound, have been createdby this
instrument.Granulationgave thesensationof cloudsof sound,
whereasvery strange sounds, reinforced by spatialisation
effects on eight loudspeakers, were obtained using certain
parametercon�gurationsof the �ange effect. A pleasantway
to usethis instrumentwasto superimposelive accordionnotes
on thesesynthesisedsonic soundscapessuch as to createa
hyper-accordion.Using arm muscle contractions,measured
as EMGs, to control synthesisparametersgave worthwhile
resultsbecausesoundproductionwascontrolledvia expressive
gestures.

5) Future: At the end of the workshop,the designof this
bio-instrumentwas just �nished. Thus, as with a traditional
musical instrument,the �rst thing to do will be to practice
the instrumentin order to properly learn it. Thesetraining

sessionswill especiallyaim to improve the mappingbetween
soundparametersandgestures,by makingit simplerandmore
intuitive.

Regarding the sound processing/synthesisitself, trying
otherkinds of soundprocessingcould give interestingresults.
Among the dif�culties we encounteredin designingthis in-
strumentcontrolledby EMG, wasthelack of availablecontrol
parametersextractedfrom EMGs analysis,hencethe needof
an additional midi controller to build an entire instrument.
Furthermore,this type of mapping relied on arm muscle
contractions,which could also be achieved by meansof data
gloves [35] ; which is why it would be very interestingto
addEMGsmeasuringmusclescontractionin otherbodyareas
(legs, shoulders,neck) in order to give a real addedrichness
to this bio-instrument.

D. Spatializationand Localization

The human perceptionof the physical location of sound
sourceswithin a given physical soundenvironmentaredueto
a complex seriesof cueswhich have evolved accordingto the
physical behaviour of soundin real spaces.Thesecuescan
include:intensity, including right- left balance,relative phase,
early re�ections andreverberation,Dopplershift, timbral shift
and many other factors which are actively studied by re-
searchersin auditoryperception.

The terms 'spatialisation' and ' localisation' are germane
to the study and understandingof this domain. The term
'spatialisation'refersto the creationof a virtual soundspace
using electronic techniques(analogueor digital) and sound
reproductionequipment(ampli�ers and speakers) to either
mimic the sound-spatialcharacteristicsof some real space
or presenta virtual representationof an imaginary space
reproducedvia electronicmeans.Theterm' localisation'refers
to the placementof a given sound source within a given
spatialisedvirtual soundenvironmentusing the techniquesof
spatialisation.Given the greatly increasedreal-time compu-
tational power available in todayspersonalcomputers,it is
now possibleto performcomplex andsubtlespatialisationand
localisationof soundsusingmultiple simultaneouschannelsof
soundreproduction(four or more).

Thusspatialisationis the creationof virtual soundenviron-
mentsandlocalisationis theplacementof givensoundswithin
that virtual environment.

The implementationof a systemfor the the localisation
of individual soundsourcesand overall spatialisationin this
project was basedaroundand 8 channelsoundreproduction
system.Identical loudspeakers were placedequidistantin a
circular pattern around a listening space all at the same
elevation - approximatelyat ear level.

Soundswerevirtually placedwithin theazimuthof this 360
degree circular soundspaceby the use of mixing software
which approximatesan equal-power panningalgorithm. The
amplitudeof eachvirtual soundsourcecan be individually
controlled.Arti�cial reverbcanbeaddedto eachsoundsource
individually in order to simulate auditory distance.Finally,
eachindividual soundsourcecanbeplacedat any azimuthand
pannedaroundthe circle in any directionandat any speed.
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Future implementationsof this software will take into
accountmore subtleaspectof auditory localisationincluding
timral adjustmentsandDopplereffects.

E. Visualization

In a classicalconcert,the public earthe musicbut alsocan
seethemusicians,how they play or move, andwhich aretheir
expressionsandemotions.In EEG driven musicalinstrument,
the musician must sit and stay immobile. We thought that
addinga visual effect linked to the musiccould only improve
the music. Thereforewe study different way of showing the
EEG.Finally we chooseto presentthesignalprojectedon the
brain cortex as explained in sectionV-B.When the musician
is playing, every second,the recordedEEG are processed
with the inversesolutionapproachandthenaveraged.An half
spherewith the interpolationof the 361 solution is projected
on the screen(Fig. 8).

VI I . CONCLUSION

During the workshop, two musical instrumentsbasedon
biological signalsweredeveloped.One is basedon EEG and
theotheron EMG. We chosethemusicalinstrumentapproach
rather than the soni�cation one. Furthermoreall the signals
were usedto spatialiseand visualisethe sound.We had not
enoughtime to play with the heartsoundandEOG.

One of the other main achievementis the architecturewe
build. It enablesthe communicationbetween any record-
ing machine that can be link to a network and a musical
instrument. It is basedon Matlab. Therefore any speci�c
signal processingmethodcan be easily implementedin the
architecture.Furthermorethe bridge build betweenMatlab
andMax/MSPvia OpenSoundControl could be easily reuse
by other project. Finally, we implementbasic and complex
controlsof the EEG. The presentedalgorithm obtained75%
of accuracy for the classi�cation of handmovement.

The presentpaperre�ects the work of a four weekswork-
shop. However the work did not stop with the end of the
workshop.This work is in progress.Signal processingand
musicalinstrumentcanbe improved.First the musicianneeds
more training. On one hand,he will get a better control of
the biological signal.On the otherhandhe mustpracticethe
instrumentto improve the mappingand learn how to play.
Secondothertasksthanmovementshouldbe detectedto give
morecontrol to themusician.Imaginationof movementis one
way but what aboutimaginationof music?Finally, the closer
biologicalsignalsoni�cation will beof themusicalinstrument,
the closerwe will be of the dream.
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APPENDIX I
EEG DRIVEN INSTRUMENT

Max/MSP patchesfor the EEG driven musicalinstrument:
Fig. 14,Fig.15,Fig.16.

Fig. 15. Max/MSPPatch for the EEG driven musicalinstrument

Fig. 16. Patchof soundsynthesiswith Absynth

APPENDIX I I
OPEN SOUND CONTROL

To link Matlab and Max/MSP we used two ap-
proaches.The �rst one is based on a C++ library, li-
blo (http://plugin.org.uk/liblo/), which implementsthe Open-
SoundControlandUDP protocols.The library is compiledas

a Matlab plugin using the mex compiler. The �le sendmat.c
is an example of how to senda messagefrom Matlab. All
the functionsof theOSCprotocolshouldbeaccessiblein this
mannerbut only thosein the example�le wereimplemented.
This hasto dateonly beenimplementedundertheGNU/Linux
OperatingSystem.In ourcase,it workedeffectively in sending
messagesto Macintoshcomputersrunning Max/MSP under
MacOSX. The secondapproachusedthe pnet TCP/UDP/IP
toolboxfreely availablefrom Mathworks.In this case,packets
formattedaccordingto the OSC protocol, were written to a
network socket using the pnetcommand.Example:

% head of the message
pnet(udp,'write','/alpha');
% mandatory zero to finish the string
pnet(udp,'write',uint8(0));
...
% comma to start the type tag
pnet(udp,'write',',');
% number of float to write
pnet(udp,'write','f');
...
% data to send
pnet(udp,'write',single(data(i)),'intel');

This approachworked �ne for mostof our variouscomputers
runningdifferentoperatingsystems,i.e. from Matlabon Linux
or Windows to Max/MSPon Macintosh.However this did not
work properly when we sent data to Max/MSP running on
Windows due to endian problems.The toolbox has a byte
swap function to accommodatefor endianessand the correct
one shouldbe chosen,(seelast commandof the last line of
the above example.)For more detailson which endianessto
chooseseethe pnet toolbox help.
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Fig. 14. Max/MSPPatch for the EEG driven musicalinstrument


