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Time Domain Pitch Recognition

I. INTRODUCTION

The following will be described:
1. The advantages of time-domain methods over the frequency-domain methods in digital signal processing.

2. The methods used to identify the pitch, and the collection of the results to either a frequency vector, or to music
notation.

3. The success probabilities of the methods, and the problems that may be encountered at the process.

4. The creation of new music notation symbols, needed to describe music notes that they have slightly different
frequencies than the standard European frequency vector; These symbols will equally apply to other notation systems,
like the Byzantine Notation or the e-notation (MIDI).

5. The application of the methods by experimenting.

The end result will be the ability to detect and display the pitch of a signal automatically from the PC, without the aid,
recommendation, or otherwise interference of a human being, which may be less or more influenced by music

knowledge and/or music experience.

Furthermore, we will be able to write down the recognized pitch with new symbols, to any main notation scheme (e.g.
The European Notation, the Byzantine Notation, the MIDI notation etc.)

There are many applications for our method:
1. We can check and fix an instrument’s accurate tuning, either a conventional instrument or an electric one.

2. The ability to verify the correct performance of a musical piece, e.g. the ability to check if a singer will properly sing
their song, based on known estimated European, Byzantine or other specific-frequency climaxes.

3. The ability to write down any sort of simple of complex vector of music symbols (notes) with altered frequency , in a
compatible format which is easy to be understood and mastered by music students.

II.THE SOUND SIGNAL

The sound signal generated from a sound source (voice, instrument) is always a function of time:

Sty Asinrfg)eAsidnfor. Asin2afp

Where Al, A2, A3 .... are the local peaks of each oscillation (amplitudes) , and f1,f2,f3... fv are the frequencies
generated by the sound source. In theory, a sound source generates an infinite number of signals with a decreasing
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amplitude ; in practice, we are only interested in the few first frequencies because all others’ amplitude is practically
zero.

Fig. 2.1. Sample Sound Signal.

A sound signal passing through a ADC (Analog to Digital Converter) and sampled with a Sampling Frequency S, will
have, according to the Niquist Theorem, a limited number of possible frequencies not over the value S/2.

That signal would be periodic if each of the generated frequencies was an integer multiply of the first generated
frequency, since for the function (1) it is:

S=0te R, apou sin(x)=0e>sin(vx)=0,ve R

III.THE FOURIER TRANSFORM

The Continuous Fourier Transform (CFT) of a continuous function of the time f(t) , is a function of frequency/intensity,

defined as such:
O guvexng HeTaoXnUaTiohog Fourier:

Flo)= | " f(t)e 'd:

O S1aKpITOE HETATYNUATIOUSGE Fourier:

F(o)= 3 F(tye o

Fm —

Fig 3.1. Signal represented as a function of time
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Due to the Heisenberg Uncertainty Principle, we are not able to detect a frequency at a given point of the signal, but we
have to apply a transformation Window to the signal in order to perform the Fourier Transform. Each of the available
Windows has its advantages and its disadvantages; our main problem is that we cannot detect the frequency with great
accuracy.

Mwplc Window

Me Window

-Eméva 3.3. Applying a Window
To use the Fourier Transform and to work on the Frequency Domain would apply the following limits:

1. The Fourier Transform works best with periodic signals. In theory, all signals generated by sound sources should be
periodic; In practice, none of them is. The result of that is the ‘Gibbs Phenomenon’ , the ‘leaks’ generated by the

Amplitude (DB)
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Fourier Transform’s inability to work with such signals. - —_—

Fig 3.4. Gibbs Phenomenon
The second limitation of the Fourier Transform. The Discrete Fourier Transform, used in discrete signals and in the
PCs, accepts as input a fixed number of samples and returns the same number of complex numbers.

The magnitude of each of those complex numbers describes the intensity of a specific frequency found in the signal.
This frequency can be estimated by the following formula:
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Where SR is the sample rate of the signal, and i is the index of the frequency in the complex vector returned by the
Fourier Transform. So we can immediately see that the Fourier Transform can only return information for a fixed
number of frequencies (Between 0 and SR/2) each of them must be calculated from the above formula for integer
values of i.

What happens to the frequencies found for non-integer values of i? Their magnitudes are mixed with the closer
frequency, which would result in false reports by the Fourier transform, especially when trying to detect very slight
pitch changes.

All these would force us not to use Frequency Domain methods for accurate pitch estimation, but rather use Time
Domain Methods instead.

The main advantages of Time domain methods are :
1.They can give better results for non-periodic signals, as much as when they applied to periodic signals.
2. They can work within even a few sample collection.

3. Their results are accurate, especially with higher sampling rate values.



The main difficulty in using the Time Domain Methods is speed. Signals have to be filtered by less or more complex
filters in order to be ready to analyzed in the Time Domain Mode; This filtering and preprocessing, as also the Time
Domain Processing itself can take a lot of time.

Fortunately, with the high-power modern PCs at our service, we need not anymore worry about the performance of our
methods.

IV. PITCH RECOGNITION

We record the signal from the microphone or other sound input. After recording, the signal must be pre-processed.

Preprocessing involves either low pass filters to cut off unneeded frequencies (If we can assume that there are unneeded
frequencies, for example, when recording a human voice which has a limited frequency bandwidth) , or other
algorithms, more or less complex, aiming to simplify the signal as much as possible.

After that, the signal is analyzed by our main algorithm which defines a structure, describing the frequency, the time
and the amplitude, and generates a vector of items describing those elements for the whole signal.

Fig. 4.1. Signal Simplification

The next step is to analyze, connect, possibly edit, possibly reject those results, in order to convert the full signal to the
music notation. This music notation can be either the European:
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Fig 4.2. Results at the European Music Notation

Or , it can be the Byzantine Notation, which is a notation describing relevant steps between notes:
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Fig 4.3. Byzantine Notation



V. THE PROBLEMS

In theory, every signal should be clean and easy to be analyzed. In practice, almost each of the recorded signals has its
problems.

The most common problems encountered are:

. The signal’s amplitude is very low; In which case it must be amplified in order to be further analyzed:

=5

Fig 5.1. Amplifying the signal.

. One of the frequencies of the signal has greater intensity than the fundamental frequency f0. This problem, one
of the reasons that Fourier Transforms also fail, is resolved by analyzing the signal by convolution and statistical methods
to detect if there is a case of a fundamental frequency with a lowered intensity.

| |

Fig 5.2. The Fourier transform shows the first (fundamental)
frequency fO weaker than f1.

. The signal has so much noise that it cannot be analyzed further without noise reduction. This usually involves
high-pass filtering the signal in order to remove as much noise as possible, before retrying the recognition process.

Fig 5.3. Noisy signal
. The signal might be unstable. For example, the human voice is almost always unstable, i.e. when somebody tries
to sing the note ‘C’ , their voice doesn’t keep a fixed frequency. In that case our methods involve statistical analysis and
the ‘amplitude’ hint to detect if there is an actual change to the frequency, or it might be a case for a human instability

feature like vibrato.

Fig 5.4. Unstable signal



VI. CURRENT NOTATION PROBLEMS

At the current European notation scheme, there is no way to represent a note of which its frequency is slightly altered.

For example, we can try to represent the Frequency 130.81 Hz using the note ‘C’ , and the frequency 138.59 Hz using the
note ‘C#’ . But, we are not able to draw a symbol that would represent any frequency between these two numbers:
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Fig 6.1. Frequencies of European notes.

When taking MIDI into consideration, we have the very same problem, since in MIDI, the 128 available notes are
mapped to the European notes (From A0 to B7).

The same problem occurs to the Byzantine Notation. The Byzantine notation is a relative representation of the symbols;
Each symbol is not a fixed note, but rather an indication of how many notes we should go up or down.

For example, When we are in ‘C 130.81° (Byzantine ‘NH’ ) , and we encounter the 1 (Byzantine Symbol

‘OLIGON?”) , we should get to the next note, in which case it is the Byzantine ‘PA’ (D) . The frequency of that D is not
fixed (as in the European notation) , but it depends on the mode definition; In byzantine music, there are 8 different
modes and the octave is divided into 72 equal sections (and not 12 semitones ,as in the European). In the following
example, PA is 146.83. But we still have the problem to represent, say, 144Hz.

Mn — MNae — Bouv - Mn

130.81 - 146.83 —161.70 — 130.81

Fig 6.2. Byzantine notes and their frequencies

VII. THE NEW NOTATION SUGGESTIONS

A proper solution to the above problems should meet the following restrictions:

1.

2.

It should be easily understandable and learnable
It should be subject to further revision

It should be possible to be ignored by human beings or instruments not designed to take advantage of it, and/or
take advantage of the micro-tuning.

It should be compatible with existing symbols and notation.
It should not be confused with existing symbols of sharp and flat.

It should be able to divide the entire octave to any defined number of sections, up to the international standard,
the “cent’.



7. It should take as little space as possible, in order not to confuse the reader.
8. It should be usable in PCs and existing sound and score processing applications.
We define 2 new symbols: The Simple Sharp “/” and the Simple Flat *\" .
We define, as a new symbol for a single sharp, the symbol of ‘/> (forward slash) , to be placed to the left of a note:
Fig 7.1. Simple Sharp

More slashes at the left of the note would suggest double, triple sharp etc.

We define, as a new symbol for a single flat, the symbol of *\" (Backward slash) to be placed to the left of a note:

Fig 7.2. Simple Flat.
More slashes would suggest double,triple flat etc.

In the rare case that we might need more sharps/flats than the available space permits, we can use a number before the
simple sharp/simple flat symbol.

The simple sharp/simple flat symbols can coexisting and can be combined with the existing traditional sharp/flat
symbols:

Fig 7.3. Examples of the new symbols.

We define the symbol “g” to indicate the number of sections that the octave should be divided. A musical score
can contain an indication with the “q” symbol at the start, or at any other place. The syntax is:

g=alb

Where b = the number of sections that the octave should be divided, and a = the number of sections assigned to a simple
sharp or simple flat.

For example:
gq=1/24

Indicates that the octave is divided to 24 sections, and a single sharp or flat should add/subtract 1/24 to the frequency of
the note they were applied.

In case that there is no q indication in the music score, the default is g = 1/12, in which case, the simple flat and sharp

are equals to the traditional flat , and sharp #.

The same symbols apply to the Byzantine notation. We put them above the byzantine symbols:



Fig 7.4. Byzantine symbols with simple sharps/flats.

The same symbols are applied to MIDI. We define :

a) A recommendation at the start of each MIDI track (which may reoccur anywhere at the track) , to indicate the
division, using a META-Event (Midi OXFF message).

b) A controller message (MIDI 0xBX message) to be placed before each MIDI note message (MIDI 0x9X) in order to
alter its frequency by a number of simple flats/sharps.

These extensions are compatible with existing MIDI software, because applications that are not able to recognize our
new symbols will simply ignore them and play the MIDI file as if those symbols wouldn’t exist.

As a result, we have created a simple method of representing any frequency we need to the musical score, that is easy
for both human beings and software to interpret.
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Avayvopion Melmotag oto IIedio Tov Xpdvov

L. EIZATQry

Yty opdia pag Ba Teptypapovv:

Ta mheovektuoto ™G peAéng oto medlo ypovov o€
oyéon pe 1o medio g cuyvoTHTaG.

H péBodog pe v omoia avayveopiletar to nyntikéd onua,
glte cav oelpd amd ovyvOTNTES, €lTE GOV LOVOIKN
peAmdioL.

To xoto mdco ot péBodot emttvyydvovy, Told gival To
TPOPALLOTO GTNV EPAPLLOYT) TOVGE.

H avéykn emvomong véov 1pdnov ameikoviong yio tnv
TOPOVGINGT) VOTOV, Ol OTOIEG EXOVV EAGYLIGTN GLYVOTIKN
Swpopd  amd TG  KOOlEPMUEVEG GLYVOTNTEG OTINV
gupomaik/Bulavivi/MAEKTPOVIKT OTLELOY PG,

Ot gQapproyég Tig LeBOOOV [LE TEPALOTIKT ETIOELEN.

Yav omotélecpo Ba Eyovpe TN dvvatdTnTa  TNG

OVTIKEILEVIKNG OVOTOPACTACEDS  TNG permdiog
QMOKAEIGTIKA Kot povo oamd tov H/Y, yopic
OlOLECOAGPNON KAmolov  ovOpOTIVOL  LOVGIKOD

aVTIOV/EYKEPAAOD, EMNPEAGHEVOD Qb TNV OTOLOSTTOTE
LOVGIKY| TEYVOTPOTICL.

Emumiéov, Ba €yovpe v duvatdTnTa Vo KOTOYPOWOLLE
T peAwdic pe véa ovpPolra, gite oV ELPOTOIKN
onpewypapia, gite ot Pulavrivi] TOPACLOVTIKY, EiTE,
Téh0g, 6TV NAekTpovikn onueoypaeio (MIDI).

Ov epapuoyés ™c neboddov eivar moArEg, peta&d TV
omolov m duvatdmnTa Yopdicpatog &vog opydavov, M
dvvatdtta eAEyyov €VOC TPOyoudloTH| Yl TO €AV
amodidet SLooTNUATIKG COOTA ol LeAmOTe, Kot e T Ve
HOPON  TNG  WPOTEWOUEVNG  onuewoypapioc,  pio
guponaikn/fulaviviy taptitovpa Ba pmopel va mepiéyet
OTOLOONTOTE  KPOOIOIG AT, TO omoie kot  Oo
amodid0VTOL GOGTA [LE NAEKTPOVIKO TPOTO.

II.TO HXHTIKO XHMA

To onuo mov mapdyetor Omd KATOW MYOYOVO GO
(Quvi, 6pyavo), &t TV Hopei:

S(F 4 snQr i) +Asin(n )+ 4 sin(r £

omov Al, A2...An givat To TAGTN TOV TOAOVTOGEDY, TOL
mpokvmrovy, kot f1,f2...fn eivor o1 cuyvoT TG TOLG.

Ewova 2.1. Hmtiké Znipa

"Eva ymoiaxd onpa mov €xel nyoypaendel pe cuyvotnto
detypotonyiog S, Oa mepiéxet, cvpuova pe To Bedpnua
Niquist, ToAavidoelg Tov onoiwv M cvyvotnta dev Oa
Eemepvaet To S/2.To onpo avtd givor TEPLOSIKO, £Q° OGOV
ouyvotteg fn n=2, 3, 4,... frov axépaio moAlamAdcia
g apykng f1, apod yio tnv cvvdptnon oydet

S()y=0,te R, apou sin(x)=0=sin(rx)=0,ve R
II1.O METAXXHMATIEMOX FOURIER

O ovveyng petaoynuaticpog Fourier F(ew) (1 yw
ovvtopion CFT — Continuous Fourier Transform) piog
ovveyovg ovvaptmong f(t) eivor pio  ovvaptmon
ocvyvotntag/evtdoews, kKo opileton @dg  €€ng:

O guveyAc HeETao¥nHaTIoHog Fourier:

Fiw)= [ " ft)e ''dt

O SiakpITOg HETAOXNHATIOHOS Fourier:

F(w)= S f(tye i

Tm = 2
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Ewéve 3.1. Zijpa tpwv Tov petacynpatiopd Fourier

LTI [EI]
[T T
LI [ 1]
. HE

Adyo Tov Bewpnpartog Tng apepordtrog Tov Heisenberg,
Ba Tpémel va epapproGovUE TOV peTooynuatioud Fourier
oyL o€ éva onpeio, oALd og £va ‘Window’ Tov onpotog.

Huwpilc Window

Me Window

i

Ewéva 3.3. APeparétnro Heisenberg

H ypnon 71ov mopomdve petacynuotiopod Fourier
eMPAALEL TOVG TAPAKAT® TEPLOPLOLLOVG:

O petaocynuotiopog Fourier givan katdAAniog yio
mePLOOIKE onpato. v Tpdasn, Kavéva onpa dev ivan
nepodikd. Etot, o petacynpotiopds Fourier mopdyet
avakpifeteg (yvootéc cav leaks) , dniadn otoyeio pun
axpPn yro kovtvég cuyvotntes. To eovopevo avtod
(pavopevo Gibbs) Topovcialetar emedn oty emhoyn
TOV TUNLLOTOG, OV YPELOLOLACTE, OVOYKOCTIKA KOBovTal
OPICLEVEG Al TIG GLYVOTNTEG TOV GNLLOTOG, OKPIBMG
EMELON TO OO OEV EIVOIL TTEPLOOIKO.

Amplitude (DB)

el

Ewéve 3.4. ®ovépevo Gibbs

O 0deltepog meplopiopds etvor o e&ng: O drokpirog
petacynuatiopndg Fourier, mov ypnowyonotgitar 6TOLG
H/Y, déyeton cav €icodo X Odegiypata Tov GNUHOTOG KOt
eMOTPEPEL X yadtkoVs aptOpovg.

To pétpo tov Kabevog pryadikov aptBpod z, vTodNAmdveL
v ‘Eviaon X Sl0QopeTtik®v GLYVOTNT®V, Ol OMOiEg
Bpiokovtar amd TV €QOAPLOYN TOL TOPAKAT® TOHTOV:

(IR
N

o6mov SR 1 cuyvoTTa derypatoinyiog Tov oNpaToc. ATo
Vv TEPLYpaOn ovth yivetar ouécmg caeEs OTL O
aAyop1Bpoc pmopel vo pag dMGEL TANPOPOPIEG HOVO Yl
TIG GLYVOTNTEC, Ol OTOIEG TPOKVITTOLY ATO TOV TOPUTAVD
TOTO Y10 aKEPOO 1 kot Oyl Yoo OTOLONTOTE CLYVOTNTA
a6 0 péypt SR/2, mov mepiéyetatl oto onpo. H evépyesia
TOV ~ VTOAOIT®V ~ GLYVOTNT®V  OLOYETELETOL  GTIG
GUYKEKPULEVEG GLYVOTNTEG, TOL €YeL O  OLIKPLTOG
UETAGYNUOTIONOG.  AvTtd, G€ GLVAPTNON KOU HPE TO
leakage mov €idape TPONYOLUEVMOG, OLGLUGTIKA  HOG
QITOYOPEVEL VO YPNCULOTOMGOVIE TOV LETACYNLOTIOHO
Fourier ywo petpnoelg axpipeic, mphype ovaykoio cto
KOPOWOLA TOV HOVCIKMOV OPYAvmV Kot oTnv oviyvevon
TOV KPOSIACTNLATOV .

Avii  lowmov OV LETOCYNLOTIGLLOV Fourier,
xpnoyLomolovvtor pEBodotl 6To TEGIO TOV XPOHVOU.

Ta Paocwd wAeovektnuota TOV  oAyopiBuw@v, mwov
Baciovtor oto Time Domain, givou:

1.Aivouv  koAOTEpPO. OmOTEAECUOTO. GE UM
TEPLOOIKE GNLOTO, ENEDN CAPDOVOLV TO GNUO GTOV GEoval
X-X" (GEovag ypovov), KAVOVTaG EKTNCELS Y10 TO TG Oa
NTOV TO GNUA, EAV TAV TEPLOSIKO.

2. Agurtovpyohv 1KOVOTOMTIKG OKOLO KOlU OE
EMIY10TO PNKOG ONOTOC, EMEWN O€ ypelaletal va Exovv
OLOKANP®OEL O1 TAAOVIMOELS TANPMG Yoo TNV OVAAVGY|
TOV.

3. Ta omoteléopotd TOLG €ivor okpifn Kot
péAiota yivovior KoAvTepa, OGO HEYOADTEPT TOYLTNTO
SEYLOTOAN YOG YPTGULOTTOUGOVLLE.

To Baocwd pelovékmmua T@v adyopifuwyv, Tov Paciloviot
oto Time Domain, e&ivar n taydtnra. To va
AEITOLPYNOOVY  IKOVOTOUTIKA, TPEMEL TO GNUO VO



outpoplobel  katdAinio. Me TG onuepvég  OUMG
TOYOTNTEG TOV NAEKTPOVIKMOV VITOAOYIGT®V, 1 TOXOTNTO
dgv gtvar TAEov TpOPANLLaL.

1IV. H ANATNQPIXH TOY XZHMATOX

Hyoypapobpe 10 onpa. A@ov 10 onpa nyoypoenoet,
TPEMEL VoL TEPACEL OO Uiot OPIOUEVT Tpoemesepyacia
TPV UTOPEGOVLLE VOL TO GVIYVEVGOLLLE.

H npoene€epyacia amoteleiton ite amd low pass eiktpa
(eav t0 onuo to emuTpémel, m.y. eav yvopilovpe OTL
VIAPYEL £va OPLO AVAOTATNG oLYVOTNTAS GE 0WTo) , &ite
a6 nefddovg ot 0moiol KTocKOTOLY GTO Vo amAomoinOel
0G0 T0 HVVATOV TEPIGGOTEPO OVTO TO GYLLOL.

¥t ouvéyew. TO ONUO TEPVAEL omd TNV Pacikn
enekepyoocio  omoio Pydlet éva mivoko amd SopéG Ot
0T01EC TEPLYPAPOVY TNV CLYVOTNTA, TNV OLAPKELN KL TNV
£VT0.01 TOL KAOE TUNLOTOG TOV OTLLOTOG.

Ewova 4.1. Amhomoinon Tov Znipatog

¥t ovvéyele TO onua mepviel amd TV devTEPN
enekepyacia, £va alydplBpo mov GuVOEEL TOL EMUEPOVG
TUAHoTo peta&d tovg, amoppintel N olopHdver mbava
AGON TG avayvodpiong He BAcN CTOTICTIKAV, KOl TEAIKA
va Ppel Tig ovyvoTTEG TOL YPEWLONACTE, HE TEMK|
KatdANEN TO EVPOTAIKO,

Ewoéva 4.2. Evporaiki Xnpsoypagio

N Pulavtvo keipevo:

L e T — "T‘ L
r [
— — > e -3 —

Ewéva 4.3. Bulavtivi) Znperoypagio

V. TA IPOBAHMATA TOY AATOPIOGMOY

O oAyoplBpog SovAevel 1BaVIKE GE WO0VIKA oNUaTO,
OALAG oV TPEEN KavEva onpa Ogv etvar 100viKO.

O Tepumtdoelg mov mtopovctalovion TpofAnpaTe eivor:

. To onuo éyel eEaupetkd yapnin évioaon. Tote
TPEMEL VO MEPACEL amd EVIOYLT £TCL MOTE Vo Yivel
SuvatdTEPO Yo va LTopel va, oviyvevbel pe akpifeta.

ALY

Ewéva 5.1. Zfjpa wov evicyvetar

. H mepintoon mov 1 Pacikr cvyvotnta €xet
XOUNAOTEPN évtaoon (intensity) omd KAmTO0 OPLOVIKT TNG.
To Packd avtd TPOPANUE TO omoio eivon €vo omd awTd
OV KATAGTPEPOLV Ta amoTeAécpata tov FFT, Advetan pe
GLYKPIGES TOL GNUOTOG HE TO KOVIIVO TOV ONUO KOL LE
OTOTIOTIKI] OVAALON TOV TOAOVIOCEDV TOV Yl VO
SwmoTmlel av TPOKETAL YIOL GO TOL OVIOG VIAPYEL
Baon cvyxvotnta og youmAotepn intensity.

| |

Ewéve 5.2. ®aopo Fourier enpatog mwov n 1" appovikn £xe1 vynrétepn
£vraon amé Ty facuki cuyvoTnTO.

. To onua £xer B6pvPo oe enimedo éviaong mov
KOTOGTPEPEL TNV TOLOTNTO TOv onuatog (B6pvPor oe
WIKPEG EVTAOELS OgV ONUIOVPYOVV TTpofAnuoTa) . XTnv
mepintoon avty evovkvertor to high pass @iltpo pe
OKOTO Vo amopakpuviel TpdTa 0 60pvfog TOV YauNAdV
GLYVOTITOV, EAV AVTO Eivorl duvaTo.

Ewova 5.3. Znjpa pe 06popo

. To onua éxer ootabeic ovyvotntes. [
mapadeypa, N avlpomvny eov, 1 omoia dev dratnpel
oYed0V moté otabepn TV ovYXVOTNTO. ZTNV TEPITTOON
T TO0 TPOYPUU PIATPEPEL 65O Eivar SLVATOV TO GTILOL



v va amhlomomBel, Kkor ypnowwomoel TIc evoeiEels
£VTOONG Y10 VO, dloymPicel Tig vOTeS LETOED TOVG,.

il

Ewoéva 5.4. Zijpa pe a6tadeic suyvoTnTeg
V1. TA TPOBAHMATA THX XHMEIOI' PA®IAX

XTI TPEYOVOES WOVGIKEG onUewypapies (svpomaikn
Buavtivr), MIDI) dgv vapyel TPOTOG VO OTEIKOVIGTOVV
votec ol omoieg €yovv eldyloteg peTOPOAEG otV
KaO1epOUEVT GLYVOTNTA TOVG.

Mo mwopddetypa, oty EVPOTOIKY LOVCIKY, UTOPOVLE VO,
angkovicovpe v vota Nto (130.81Hz) , kor tqv vota
Nrto # (138.59Hz) , 6yt Opm¢ Kdmolo GuxvoTNTO, HETAED
aVTOV TV V0.

r=

| i 2 W]

o =
o) =y ﬁg
Mto MNro #
261.63Hz 277 1B Hz

Ewoéva 6.1. ZoyvoTNTEG OV UVTIGTOLLOVV GE EVPOTUTKEG VOTEG

10 MIDI éyovpe 10 1610 TPOPANLQ, dedopévon 6t ot 128
voteg MIDI gtvan 128 gupomaikég votec.

To 0 ovpPaiver kot oty Poulavtivy, n omoia
amekovilel voTeg oOUPMOVA e TNV andoTOon TG KABE
vOTag amd TNV TPONYOVUEVT], amOcTOoN N omoin givon
otabepn avaloya pe Tov emAeyévo Bolavtivo nyo.

| S — — =
N = MNa — Bou - Nn
130.81 - 146.83 - 161.70 — 130.81

Ewéva 6.2. ZvyvoTnTeS MOV AVTIETOL(0VV 68 BulavTivig voTeg

VII.H NEA ZHMEIOT' PA®IA

Mo koA AOon 6To TPOPANILO TOL TEPLYPAWOLLE TPETEL
va £Yel To. aKOAOVOO Y OLPOKTPLOTIKA:

9. No e&ivar €0koAn omnv vAomoinon Kot oTNV
expadnon

10. Na givar gvéhiktn og oAhayés.

11. Na pmopet va ayvonfet amd opyave/avOpdmovg
mov dgv  umopolV va  gpunvedoovv  éva
HUKPOSIAG TN LLOL

12. Na elvor ovpfory pe Ola To LEAPYOVIO
GULPOAN TNG ONULELOYPOUPLOG.

13. No pnv ovyyéetar pe ta vmedpyovio cOuBolo
dieong kot vEeONG.

14. No. divel v dvvoTOTNTO OLOY@PIGHOD TNG
oKTaPOC o€ 0cOdNTOTE WEPY, HEXPL KOL TO
avatepo debvég otdvtap, To cent.

15. No  katadappdvoov  pikpd  Y®pPoO  GTO
TEVTAYPOpLO/XOpTL , Yoo Vo UV YOvetar m
GUVEYELDL OTIG VOTEC.

16. Noo  pmopet  va  ypnoyomomnbsi
NAEKTPOVIKOVG VTOAOYIGTEG EVKOAOL.

OTOVG

o vo pmopécovpe va omelkovicovpe OAEG TG VOTEC,
glodyovpe 6vo véo oOUPoAio otnv onueloypaeio: TV
am\n dieon ¢/ kou TV amAn veeon V.

Opilovpe cav ovppforo amhig odieong, 1o ovppforo /
(IThdyro kGOETOG), Ko TNV TOTOOETOVNE OPLOTEPE OO
myv vota.

e S—

Ewéva 7.1. A digon

[lepiocdtepeg amiés O1€0€1g 0T OPLOTEPA TNG VOTAG,
GLVIGTOUV SUTAN, TPUTAY|, TETPOTAT dleon KAT.

Opiovpe cav cOppforo aming vV@sons, 10 cOppforo \
(Avamoon ka0etoc) ko TNV TOmOOETOOME OGPLOTEPG
omo TNV voTa.

[epiocodtepeg amAéc VOECELG GTAL OPLOTEPE NG VOTAG,
GLVIGTOVV SITAY|, TPUTAY, TETPOTAN KAT DOEST).

¢ =

Ewoéva 7.2. AT vpeon

Yy (omaviotatn) mepintoon mov ypetaldpacte moArEg
OLEcEIC/VOETEIC Kol O YMPOG dgv emapkel, Lmopodue va
XPNOUYLOTOMOOVUE EVOL LOVOYNPLO/Otyneto aptBpd mpv
v dieon/vpeon.

Ta oOufora TG amAng dleong/vPecNg HTOPOLV Vo
GLVVTIAPYOLV E Ta cuvnBicpéva cVpPora dieong/dumAng
dieong KA.



q= 1196
Fa vl | |
7&' I I 1 - 1

T T T = =

Ewova 7.3. apadeiypato Tov vEOV 61pREiOV 0AAOLOGEMG.

Opilovpue cav cOpforo £EVOEIENG TOV SLOYMPLOROD TS
oktapog og v ica owwotipato, To ovpuporo . Kade
ROVOIKO £pyo pmopel vo mepiEyel TNV évosin pe Tto
ovuporo g o¢ omorodonmote onueio Tov. H pope g
évoeigng sivan:

g=alb

Onov b o apBudc 1oV icev TpuNUATOV 6TV oKTAPA, Kot
a o oplpog TOV TUNUATOV GTO 0Toio OVTIIGTOLXEL Lol
oA dieom.

2TV TepmTmon mov dev vIdpyel EVOEEN ( GTO LOVGLKO
kelpevo, t0te Bempeiton og TpoemAeypévn n €voeldn g =
1/12. Ze autv v mepintoon 1 amkn dieon / Kot 1 amwAn
veeon \ 16odvuvapody e v supoTaikn digon # Kot v

gupOTAIKN VEEST |, AVTICTOLYOL.

Mo mapdderypa, eav g = 1/24, tote koBe amhny dleon
wovtal pe 1o 1/24 g oktdfog, dnAadn To Hicd Tov
nuroviov.

To 1610 1oyvet kot oty Pulavtivi povoikr. Torobetovpe
NV oA dieon/veecn TAvm amd TOV YoPOKTHPOL:

Ewoéva 7.4. Buavtivi) onpsioypogio pe amhd cOppora

Ta ovppfola mov €lGAYOLUE, IKOVOTOLOVV OAEG TIG
TAPATOVE Poctkés CLVONKEG.

Y10 MIDI opilovtot dVo enekTdoels:

H pio tomoBeteiton otqv apyn tov kdbe track coav
povnuo Meta-Data kot dgiyver to péyebog g omAng
dleong/Opeong, kot umopel vo  LTAPYEL KOl OF
omolodnmote GAko onueio Tov mpoypappatoc. (Eav dev
vrapyel, tote Bewpeitan n Tpogmroyn g = 1/12)

H dA\An enéktaon, tomobeteiton mpy amd v Kabe vota
oav ppvopo MIDI controller kou opier 611 n emduevn
vota Bo £xel amAég S1EGEIG 1) VOECELS.

Ti 6o ocvuPei av 1o oapyeio midi 1o dwPdcoovy
wpoypaupato.  mov  ogv  vmootnpifovv  avtég  TIg
enektdoels? Oa tng ayvoncouvv kol to apyeio midi Oa
ekTeLeoTEL YOPIG Ol VOTEG Vv TOipVOLV TIG OmAEG
SLECEIC/VOETELG TOVG.

Etot Aowmév umopovpe mAEOV VA OTEIKOVICOVLE
OTOLONTOTE GLYVOTNTO EITE GTO MEVIAYPOALUO, EITE GTO
MIDI, eite omv Poloviv TOPOCHLOVTIIKY, HE TNV
Bonbeto TV vEmV cuUPBOA®Y TOV EIGAYOVLLE.
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