1 Introduction

Transcription of musigs defined to be the act of listening to a piece of music and of writing
down musical notation for the notes that consitute the piece [Martin96a]. In other terms, this
means transforming an acoustic signal into a symbolic representation, which conmpiisgs
their pitches(see Table 1)timings and a classification of thestrumentaused. It should be
noted that musical practice does not write down lh&lnesse®f separate notes, but deter-
mines them by overall performance instructions.

A person without a musical education is usually not able to transcribe polyphonic music, in
which several sounds are playing simultaneously. The richer is the polyphonic complexity of a
musical composition, the more experience is needed in the musical style and the instruments ir
guestion, and in music theory. However, skilled musicians are able to resolve even rich poly-
phonies with such a flexibility in regard to the variety of instrumental sounds and musical
styles that automatic (computational) transcription systems fall clearly behind humans in per-
formance.

The automatic transcription ahonophonicsignals is practically a solved problem since sev-
eral algorithms have been proposed that are reliable, commercially applicable and operate ir
real time. Attempts towardpolyphonictranscription date back to the 1970s, when Moorer
built a system for transcribing duets, i.e., two-voice compositions [Moorer75b]. His system
suffered from severe limitations on the allowable frequency relations of two simultaneously
playing notes, and on the range of notes in use. However, this was the first polyphonic tran-
scription system, and several others were to follow.

Until these days transcription systems have not been able to solve other than toy problems. It is
only the two latest proposals that can transcribe mipgwith more than two-voice polyphony,

2) with even a limited generality of sounds, a8ylyield results that are mostly reliable and
would work as a helping tool for a musician [Martin96b, Kashino95]. Still, these two also suf-
fer from substantial limitations. The first was simulated using only a short musical excerpt, and
could yield good results only after a careful tuning of threshold parameters. The second system
restricts the range of note pitches in simulations to less than 20 different notes. However, some
flexibility in transcription has been attained, when compared to the previous systems.

Potential applications of an automatic transcription system are numerous. They include tools
that musicians and composers could use to efficiently analyze compositions that they only have
in the form of acoustic recordings. A symbolic representation of an acoustic signal allows flex-
ible mixing, editing, and selective coding of the signal. Automatic transcription would facili-
tate a music psychological analysis of performed music, not to speak about the help it would
provide in maintaining acoustic archives and their statistical analysis. Some people would cer-
tainly appreciate a radio receiver capable of tracking jazz music simultaneously on all stations.

As can be seen, applications of a music transcription system may be compared to those of ¢
speech recognitiogystem. Both are very complicated tasks, but the massive commercial inter-
ests in speech coding and recognition have attracted much more attention, in contrast with the
relatively little amount of research on music recognition. This is why the authors of transcrip-



tion systems have often been single enthusiastic individuals in research groups that also mak
manifold audio research on topics that are more readily commercially applicable.

The automatic transcription of music is related to several branches of science. A fundamental
source of knowledge is found ipsychoacoustigswhich studies the perception of sound,
including, e.g., speech and mus@omputational auditory scene analyg@san area of research

that has a somewhat wider scope than that of ours. It sets out to analyse the acoustic informa
tion coming from a physical environment and to interpret the numerous distinct events in it
[Ellis96]. The analysis of musical instrument sousdpports music transcription since music
consists of the sounds of various kinds of musical instruments and of human JDiggsal

signal processings a branch of information science that, along with psychoacoustics, is of
fundamental importance for us. It is concerned with the digital representations of signals and
the use of computers to analyse, modify, or extract information from signals [Ifeachor93].

In Chapter 2, we describe a literature review on automatic music transcription and on the
related areas of interest. In Chapter 3, we discuss a decomposition of the transcription problern
into more tractable pieces, and present some approaches that have been taken. Chapter 4
devoted to rhythm tracking (defined in Table 1) and Chapter 5 to methods that can be used in
tracking the fundamental frequency of sounfise most important chapters are 6 and 7, since
they constitute the original part of this thesia. Chapter 6, we develop a number theoretical
method of observing sounds in polyphonic signals. The performance of the algorithm will be
evaluated when we apply it to an automatic transcription of piano music in Chapter 7. Finally,
in Chapter 8 we discuss perception-based primitive dependencies in music and so-called top
down processing, which utilizes internal, high-level models and predictions in transcription.

Table 1: Term definitions

fundamental [Seepitch.
frequency

loudness |Perceivedattribute of a sound that corresponds to the physical measure of
soundintensity the degree of being loud. Loudness is a psychological
description of the magnitude of an auditory sensation [Moore95].

pitch Perceivedattribute of sounds, which enables an ordering of sounds on a
scale extending from low to higkundamental frequendg a corresponding
physical (not perceptual) term. We use pitch and fundamental frequency as
synonyms.

note We use the wondotein two roles: to refer to a symbol used in musical nota-
tions and to refer to a sound that is produced by a musical instrument, when
that symbol is played.

rhythm 1) Finding the times when separate sounds start and stop playing in an
tracking  |acoustic signaR) Giving a description of the rhythmic structure of a musi-
cal piece, when the timings of separate sounds have been given.

A rhythm tracking systemay comprise only the latter or both.




2 Literature Review

“The interesting jobs must also be done by someone.”
-Esa Hamalainen, physics student at TUT

A literature review was conducted on the automatic transcription of music and related areas of
interest. These are psychoacoustics, computational auditory scene analysis, musical instrumert
analysis, rhythm tracking, fundamental frequency tracking, and digital signal processing. The
meaning of these terms was given in the introduction.

In this chapter, we first describe the methods that were used in search of the literature. Then we
briefly describe the state-of-the-art and history of designing automatic transcription systems.
Finally, we summarize and discuss the most important references we found in the abovemen:
tioned research areas.

2.1 Methods

The research in the Signal Processing Laboratory at Tampere University of Technology com-
prises several areas of interest, including audio signal processing, but an analysis of musica
signals had not been attempted before this project. Therefore, the first step in finding music
transcription literature was to contact the Acoustic Laboratory of Helsinki University of Tech-
nology. The staff of that department provided us with initial references and a wider framework
of the research topics that should be involved.

After becoming familiar with the relevant topics, we started searching for publications on
them. A major facilitating observation was that most universities of technology give their pub-
lication indices on-line on th&orld Wide Webln addition to that, we conducted searches in

the proceedings of international signal processiogferencesand inEi Compendexwhich is

the most comprehensive interdisciplinary engineering information database in the world. Key-
words that we used in the search operations were the topics of the research areas and their prir
cipal concepts. The most importainternational journalsin the search were Journal of the
Acoustic Society America, International Computer Music Journal, IEEE Transactions on
Acoustics, Speech and Signal Processing, and Journal of the Audio Engineering Society.

We studied again and in detail the publication indices of the most promising research institutes,
which were Machine Listening Group of the Massachusetts Institute of Technology, Center for
Computer Research in Music and Acoustics of the University of Stanford, and Institut de
Recherche et Coordination Acoustique / Musique in Paris. After having publications we stud-
ied their reference lists. In the very final phase we followed reference chains and, when neces-
sary, corresponded with the authors via e-mail. This resulted in a collection that we consider
covering enough.

Our scope and treatise is limitdaly several factors, but especially by the limited amount of
resources compared to the wide range of topics that are related with music transcription. More-
over, engaging in a research that is quite new to our laboratory, analysis of musical signals,
called for paying the required attention to just finding the right points of emphasis and avoiding
wrong assumptions in an early pha@dtainingthe publications was easier than we expected -



we failed to have only a very few publications.

2.2 Published transcription systems

The state-of-the-art in music transcription will be discussed in coming chapters, where the sub-
problems of the task are taken under consideration. There we will also refer to the most up-to-
date research in different areas. In this section we will take a glance at the different transcrip-
tion systems that have been presented until now.

We summarize some figures of merit of the different systems in Table 3. These performance
statistics were not explicitly stated in some publications, but had to be deduced from the pre-
sented simulation material and results. For this reason, the figures should be taken as roug!
characterizations only. Furthermore, it is always hard to know how selective the presentation of
simulation results of each system has been, and how much has been attained just by a carefl
tuning of parameters. In the tablgolyphonyrefers to the maximum polyphony in presented
transcription simulationsgoundsepresent the istruments that were involvedte rangegives

the number of different note pitches involved, datbwledge usedolumn lists the types of
knowledge that were incorporated into each system. Syatehitectures such as a straight-
forward abstraction hierarchy or a blackboard, will be discussed in Chapter 8.

Table 2: Transcription systems

Reference Institute Performance Knowledge used
Moorer75a,b | StanfordPolyphony 2 (severe limitations on content)Heuristic
University|Soundsviolin, guitar.Note range 24. approach.
Chafe82,85,8q StanforgPolyphony 2 (presented simulation results |Heuristic
University|insufficient).Sound piano.Note range19. |approach.
Maher89,90 lllinois |Polyphony 2. Soundsclarinet, bassoon, trunideuristic
University|pet, tuba, synthesizeNote rangessevere |approach.
limitation, pitch ranges must not overlap.
Katayose89 Osaka|Polyphony5 (several errors allowed). Heuristic
University|Soundspiano, guitar, shamiseNote r: 32. |approach.
Nunn94 Durham|Polyphony up to 8 (several errors allowed, [Perceptual rules.
University|perceptual similarity). Architecture
Sound organ.Note range 48. bottom-up abstr-
action hierarchy.

Kashino93,95 Tokyo |Polyphony 3 (quite reliable). |Perceptual rules, timbre mod-
University|Soundsflute, piano, trumpet, els, tone memories, statistical
automatic adaptation to tone.chord transition dictionary.
Note range18. Architecture blackboard,
Bayesian probability network.
Martin96a,b MIT |Polyphony 4 (quite reliable). |Perceptual rules.
Sound piano.Note range 33. |Architecture blackboard

The first polyphonic transcription system, that of Moorer’s, was introduced in Chapter 1
[Moorer75b]. Moorer’s work was carried on bygeoup of researchers at Stanfoinlthe begin-

ning of the 1980s [Chafe82,85,86]. Further development was made by Maher [Maher89,90].
However, polyphony was still restricted to two voices, and the range of fundamental frequen-
cies for each voice was restricted to nonoverlapping ranges.



In the late 1980sDsaka University in Japastarted a project which was aimed at extracting
sentiments (feelings) from musical signals, and at constructing a robotic system that could
respond to music as a human listener does [Katayose89]. Two transcription systems were
designed in the course of the project. One of them transcribed monophonic Japanese folk-
songs, and employed knowledge of the scale in Japanese songs to cope with the ambiguity o
the human voice. The other transcribed polyphonic compositions for piano, guitar, or
shamisen. The polyphony of this system was extended tipa@imultaneous voicglsut only

at the expense of allowing some more errors to occur in the output.

In 1993, Hawley published his research on computational auditory scene analysis, and also
addressed the problem of transcribing polyphonic piano compositions [Hawley93]. We failed
to have his publication, but according to Martin [Martin96b], Hawley’s system was reported to

be fairly successful.

Douglas Nunrworks with transcription at Durham University, UK. His transcription system is
characterized by a mainly heuristic signal processing approach, and has been applied to syn
thetic signals which involve even up to eight simultaneous organ voices [Nunn94]. However,
Nunn emphasizes perceived similarity between the original and transcribed pieces, allowing a
few more errors to occur in the output.

A significant stride was taken in the history of automatic transcription, when a group of
researchers at thdniversity of Tokygublished their transcription system, which employed
several new technigues [Kashino93]. They were the first to clearly list and take into use human
auditory separation rules, i.e., auditory cues that promote either fusion or segregation of simul-
taneous frequency components in a signal. Further, they introduced tone model based proces:
ing (using information about instrument sounds in processing), and proposed an algorithm for
automatic tone modeling, which means automatic extraction of the tone models from the ana-
lysed signal. In 1995, they further improved the system by employing a so-called blackboard
architecture, which seems to be particularly fitted to transcription since it allows a flexible inte-
gration of information from several diverse knowledge sources without a global control mod-
ule [Kashino95]. The architecture was used to implement a Bayesian probability network,
which propagates the impact of new information through the system.

Another recent transcription system, thatKdith Martin's (MIT), also uses a blackboard
architecture [Martin96a]. He has put quite a lot of effort in implementing the blackboard struc-
ture, but does not utilize high-level musical knowledge to the same extent as that of Kashino’s,
and does not build a probabilistic information propagation network. Automatic tone modeling
is not addressed, either. However, along with Kashino’s system, Martin’s approach represents
the state-of-the-art in music transcription. Later, Martin still upgraded his system by adding a
perceptually more motivated front end, which employs correlograms (discussed in Chapter 3)
in signal analysis [Martin96b].

2.3 Related work

The discussion above concerned implemented transcription systems that are purported to tran
scribe polyphonic music consisting of harmonic sounds (no drums). As stated earlier, there are
several other fields of science that are related to music transcription. Here we introduce some
of the most important research.

Two excellent sources of information in the field of psychoacoustics are [Bregman90] and



[Moore95]. Albert Bregmais book “Auditory Scene Analysis - the Perceptual Organization of
Sound” (773 pages) comprises results of a three decade research work of this experimenta
psychologist, and has been widely referenced in the branches of computer science that ar
related to auditory perception. Music perception is also addressed in the book. Another, newer
and not so well known, is “Hearing - Handbook of Perception and Cognition” (468 pages),
which is edited byBrian Moore and also covers research on auditory perception over times.
Both of these are excellent sources of psychoacoustic information for the design of an auto-
matic transcription system.

Computational auditory scene analysis (CASA) refers to the computational analysis of the
acoustic information coming from a physical environment, and the interpretation of numerous
distinct events in it. In 1991David Mellingerprepared a review of psychoacoustic and neu-
ropsychological studies concerning the human auditory scene analysis [Mellinger91]. He did
not implement a complete computer model of the auditory system, but tested them computa-
tionally, actually using musical signals as test material. More recently, the wa@kmtl Ellis
represents the up to date research on CASA [Ellis96]. His study also comprises prediction-
driven processing, which means utilization of the predictions of an internal world model and
higher-level knowledge. Ellis evaluated his computational model, and obtained a good agree-
ment between the events detected by the model and by human listeners.

Our research on the analysis of musical instrumental sounds was limited by time, and mainly
covers the sinusoidal representation, which we found the most useful. This will be discussed in
Section 3.3. Some references on that area are [McAulay86, Smith87, Serra89,97, Qian97].
Meillier's comment on the importance of the attack transient of a sound is worth noticing
[Meillier91].

Some systems have been proposed that are aimed at transcribing polyphonic music which con
sists of drum-like instruments only [Stautner82, Schloss85]. Since they are more related to the
systems that track rhythm, we will discuss them in Chapter 4. Table 4 in that chapter summa-
rizes the rhythm tracking systems. Monophonic transcription, more generally taligamen-

tal frequency trackingwill be treated in Chapter 5.

2.4 Roadmap to the most important references

In Figure 1 we summarize the most important references of this thesis (see References for ¢
complete list). Researchers’ names are arranged on horizontal and vertical axes into geograpt
ical and institutional groups, and the space in between represents the reference relations of th
researches.

Several disclaimers must be stated. First of all, the interrelations have been constructed from
the material which we used in writing this thesis and which was found using the literature
review method explained earlier. Some researchers may be well aware of each other, althoug|
it does not appear in our material. Second, the research interests, such as ‘rhythm tracking’
only represent the topics that we utilized, definitely not characterizing all their work. Third, the
institutional position may not correspond to the recent situation, but reflects the position at the
time of writing the referred material. Fourth, the selection of researchers to this map from
among all references is according to our judgment.

Despite these disclaimers, some structure is brought to the pile of literature that literally lies on
our desk. The more there are dots dmaizontalline of a researcher, the more he/she has been



referred to, and the more relevant his/her work is likely to be from the point of view of those
who refer. Reading theertical lines tells how much a researcher has referred to the others, and
how much he/she has studied the same material aBlMeks of crossingbetween two insti-
tutes give some cues about how much the institutes utilize each other’s work.

I psy = psychoacoustics

: casa = computational auditory scene analysis
: rhy = rhythm tracking

 fO = fundamental frequency tracking

: ins = analysis of musical instruments

Ldsp = digital signal processing
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2.5 Commercial products

Not even the first commercial transcription system has been released which would be able to
transcribe polyphonic music. On the contrary, monophonic transcription machines have been
integrated to several studio equipment. They include pitch-to-MIDI changers and allow sym-
bolic editing and fixing of mistuned singing, for example [Opcode96]. The achronym MIDI
stands for Musical Instrument Digital Interface, and is a standard way of representing and
communicating musical notes and their parameters between two digital devices [General91].



3 Decomposition of the Transcription Problem

Comparing the approaches of different transcription systems reveals a significant overall simi-
larity in decomposing the transcription problem into more tangible pieces and in the way infor-
mation is represented at successive stages of abstraction from an acoustic signal to not
symbols.

In this chapter we discuss potential approaches, abstraction hierarchies and selections of cor
cepts in a transcription system. This is needed to reveal underlying potentially wrong assump-
tions in our approach, and to avoid overlooking approaches that do not seem to be promising ai
a first glance. We first discuss the relevance ofrib&e as a target symbol, and then list the
basic components of a transcription system.

Most of this chapter is devoted to finding an appropriafgesentation for information at mid-

level between the acoustic signal and its musical notation. The term mid-level is used to refer
to the level of processing in auditory perception which occurs between an acoustic low-level
signal reaching the ear and its cognitive high-level representation [Ellis95].

At the end of the chapter, we present a design philosophy that was formed in the course of
studying these matters.

3.1 Relevance of the note as a representation symbol

Scheirer remarks on two implicit assumptions in most transcription systems: a unibtect
tom-upflow of information from low-level processes to high-level processes, and the use of
noteas a fundamental representational symbol in music perception [Scheirer96a]. The first of
these, a pure bottom-up flow of data, does not apply to the most recent transcription systems
[Kashino93,95, Martin96a,b]. Top-down processing will be defined and treated in Chapter 8.
The second question, whether a note is an appropriate symbol in representation or not, will
now be discussed to a certain extent.

We cannot assume notes being the fundamental mental representation of all musical percep
tion, or there being a transcription facility in brains for that [Scheirer96a]. Experimental evi-
dence indicates that, instead of notes, humans exrtatitory cueghat are then grouped into
percepts. Predictive models that utilize musical knowledge and context are used in grouping.

Bregman pays attention to the fact that music often wants the listener to accept simultaneous
sounds as a single coherent sound with its own striking emergent properties. The schind is
mericin the sense that it does not belong to any single physical source. The human auditory
system has a tendency to segregate a sound mixture to the physical sources, but orchestration
often called upon to oppose these tendencies and force the auditory system to create a sing|
chimeric sound, which would be irreducible into perceptually smaller units [Bregman90]. This
IS a problem in music transcription, as will be seen when an attempt is made to resolve poly-
phonic musical signals in Chapter 6.

In this thesis we do not try to understand the mental processes in human music per€jtion.
intention is to transcribe acoustic musical signals into a symbolic representation which musi-



cians could use to reproduce the acoustic signal using a limited variety of musical instrument
soundsWhen chimeric sounds are in question, they must be decomposed to musical instru-
ment sounds in order to be reproducible.

The symbol note expresses the fundamental frequency of a sound that should be played using
certain musical instrument. Thus, it is most appropriate and relevant as far as we require that &
selected symbolic representation should enable transforming it back to an acoustic signal using
those instruments. Additional symbols, such as the loudness of the sounds and the rhythmic
structure of a musical composition must be added, but the symbol note is fundamental among
them.

3.2 Components of a transcription system

Figure 2 illustrates the basic components of a transcription system and their interrelations. The
different facets of transcription, rhythm tracking, multipitch tracking and top-down processing,
will be discussed in indicated chapters of this thesis.

Internal models,
musical knowledge

effect of context and higher-level knowledge

T T T T T T T T } f use, reconcile
v v ! v
Sound onset detection Multipitch tracking Top-dawn processing
Goal to track rhythm Goal to resolve each Goal to correct errors,
and to segmentate the polyphonic segment to guide analysis, to
—» signal into atomic sounds build internal models——»
acoustic seg- notes con-
waveforn Chapter4 mented| Chapterssand6 Chapter8 firmed
acoustic notes
waveform

Figure 2. Basic components of a transcription system and their interrelations.
Overall goal of each and the corresponding chapters of this thesis are indicated.

The transcription system that we design and simulate does not implement top-down process:
ing, although that topic will be extensively discussed in Chapter 8. Thus the simulation results
will be presented in Chapter 7, right after the first two components have been designed, and
before taking top-down processing into consideration.

Multipitch tracking is the most involved component, since the path from an acoustic signal to
notes is long and complicated. It also plays a crucial role in determining the general approach
of a transcription system. Therefore in the rest of this chapter, we focus on discussing a suita-
ble chain of information representations on the path to yield notes.

3.3 Mid-level representation

Auditory perception may be viewed as a hierarchy of representations from ‘low’ to ‘high’,
where low-level representations are appropriate to describe an acoustic signal reaching the ea
and high-level representations are those to which we have cognitive access, such as a compre
hended sentence of a language. Knowledge of the physiological and psychological processes ¢
mid-levelbetween these two is most restricted.

We consider the waveform of an acoustic signal to be a low-level representation, and a musical
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notation (notes) to be a high-level representation. Between these two, intermediate abstractior
level(s) are indispensable, since the symbols of a musical notation cannot be straightly
deduced from the information that is present in the acoustic signal. Mid-level representations
of several transcription systems were reviewed, and are listed in Table 3. As stated earlier, this
reveals a fundamental resemblance in the signal analysis of the different systems.

Table 3: Transcription systems and their mid-level representations

Reference Mid-level representation
Moorer75 filterbank, periodicities
Pisczcalski77,81 local maxima in frequency domain
Chafe82,85,86 local maxima in frequency domain
Niihara86 sinusoid tracks
Katayose89 sinusoid tracks
Nunn92 sinusoid tracks
Kashino93, 95 sinusoid tracks
Martin96a sinusoid tracks
Martin96b correlogram

In his doctoral thesis, Daniel Ellis makes an extensive study on computational auditory scene

analysis [Ellis96]. He has also published a paper comprising an excellent analysis and compar-

ison of the mid-level representations [Ellis95]. Ellis classifies different representations accord-

ing to three conceptual ‘axes’

» the choice between a fixed and a variable bandwidth in frequency analysis

» discreteness, the degree to which the representation is structured to meaningful chunks

» dimensionality of the transform - some representations possess an extra dimension in addi
tion to the usual pair of time and frequency

Using these axes, Ellis places the different representations to the corners of a cube, which act

as a ‘representation space’ (Figure 3). The benefits of each representation are now discussed

The general requirement of a mid-level representation is that it may be computed efficiently
from the input, and that it can readily answer the questions asked of it by the higher levels of
processingFast Fourier Transform (FFTan be efficiently calculated, but is not satisfying,

since the human ear has a logarithmic frequency resolution and has the ability of trading
between time and frequency resolutions, which is not possible with a fixed bandwidth. From
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_~ model
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Figure 3. Three dimensions for the properties of sound representations define a cube,
upon which representations may be placed [Ellis95, reprinted by permission].
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the music point of view, frequencies that make up the scale of Western music are logarithmi-
cally spaced.

Thus we move along the ‘variable bandwidth’ axistmstant Q transform (CQTyvhich pro-

vides logarithmic frequency resolution. The transform is explained in [Brown88], and an effi-
cient algorithm for calculating it is given in [Brown92]. A fundamental shortcoming of FFT is
removed, but CQT fails to fulfil a certain criterion given for a mid-level representation: it nei-
ther reduces the number of objects in representation nor increases the meaning of each objec

Both FFT and constant Q transform have been used in monophonic fundamental frequency
tracking [Brown91b], but it is only by moving along the two remaining axes that we arrive at
the two representations that have been used in recent polyphonic transcription systems. W
acquire a discrete representation by tracking contiguous regions of local energy maxima in
time-frequency, calledinusoid tracksThis representation is particularly successful in making

a discrete representation of the signal, since resynthesizing the sound from the sinusoid track:
produces a result that possesses a high degree of perceptual fidelity to the original, in spite o
being a poor approximation in mean-squared error sense [Ellis95, Serra97]. This representa
tion will be further described and motivated in Section 3.4, since it is our selection among the
mid-level representations.

Moving along the third axis of Ellis’s cube, to the direction of adding extra dimensions to a
representation, is motivated by some psychoacoustic observations. Patterson proposes a pe
ception model, which leads to a mid-level representation cal@telogram [Patterson92,
Slaney93]. A correlogram is calculated by applying a short-time autocorrelation to the outputs
of a constant Q frequency filter bank (typically 20-40 frequency bands). This will result in a
three-dimensional volume, where the dimensions are time, frequency, and lag time of short-
time autocorrelations applied to the outputs of filter bank filters.

Practically a correlogram means searchinggderiodicitiesfrom the outputs of a filter bank.
Common periodicities found at different frequency bands can be further associated to compose
a more discrete representation, to which Ellis gives the naefeWeft is a contiguous perio-

dicity in time-frequency-periodicity volume, having a certain length in time and extending over
the frequency bands that share the same periodicity. Weft representation fulfils another crite-
rion for a good mid-level representation: it tries to organize sounds to their independent
sources. Actually wefts, as defined by Ellis, track periodicities in the amplitude envelope of the
signal, not in the signal itself. A straightforward discretization of a correlogram is sometimes
called a summary autocorrelogramperiodogram.

Although quite complicated, periodograms and wefts are motivated by the fact that they
explain a wide range of psychoacoustic phenomena and oddities, and have proved to be practi
cally efficient in computational auditory scene analysis. A publicly available implementation
of Patterson’s model has been released by Slaney [Slaney93].

Only one transcription system uses the correlogram as its mid-level representation
[Martin96b]. A certain analogy with correlograms can also be seen in some rhythm tracking
algorithms, where a bank of filters is followed by a network of resonators to detect the strong-
est periodicities [Scheirer96b]. Rhythm tracking will be discussed in Chapter 4.

3.4 Reasons for rejecting the correlogram and choosing sinusoid tracks

We studied carefully the psychoacoustic motivations of the correlogram and its practical
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appropriateness to solve concrete transcription problems. We also made simulations using
Slaney’s implementation of the auditory filterbank and correlogram [Slaney93]. We came into
the conclusion that the correlogram and wefts suit computational auditory scene analysis well
in general, but are not very appropriate to the transcription of polyphonic music. This result is
definitely not evident, and is therefore justified in the following.

The problem with the correlogram and weft analysis

Let us repeat what was said earlier about chimeric sounds: “music often wants the listener to
accept simultaneous sounds as a single coherent sound with its own striking properties”. We
want to emphasize that this is an important principle in music in general, not only at single par-
ticular points. A certain tendency in Western music is to pay attention térelqeency rela-
tionsof simultaneously played soundBvo sounds are in armonicrelation to each other, if

their frequencies are in rational number relations. In Section 6.3 we will show that the closer is
the relation, the more perfectly the notes play together and the more chimeric is their mixture.

Even the most typical mixtures of three notes may be so chimeric that they cannot be resolved
using a straightforward periodicity tracking algorithm. We pick one example from a wider set
that will be given in Section 6.3: In a basic major chord, the two lower n@es\dE, overlap

60 percent of the frequency partials of a third n@eThis means that sixty percent of the par-
tials of the notes would be found from the signal even in the absence of the @péad in that

case a straightforward periodicity tracker will easily be misled to find a ‘gBost’

In Section 3.1 we reviewed Scheirer’s problematization of the note being a relevant representa-
tional symbol in music perception. What was not emphasized there is that, indeed, the note is
not a representational symbol for mugierception.t was accepted especially because of our
intention to produce a symbolic representation that could be used by musicians to reproduce at
acoustic signalWe suggest that human perception model as such is not appropriate for the
transcription of musicAn average person is not able to transcribe even the mixtures of only a
few musical sounds, even if the individual sounds had been clearly introduced before posing
the transcription problem. Since music transcription is not a ‘natural’ perceptual task, but can
be seen as separating chimeric sounds, we suggest that specific methods are needed instead
a general computational auditory scene analysis.

Both correlograms and weft analysis apply a short-time autocorrelation to the outputs of a cer-
tain auditory filter bank. The filter bank is not intended to provide a sufficiently precise fre-
guency resolution, but it is the subsequent autocorrelation that is used for tracking periodicities
in the signal. Utilization of autocorrelation is a problem here, saugecorrelation fuses infor-
mation on perceptual grounds in such a way that it prevents a separate treatment of each har-
monic partial that we consider necessary in order to resolve musical polyphonies. The
correlogram and wefts were motivated by their plausibility from a perceptional point of view,
but it should be noted that these representations are so involved that they also tie the subse
guent algorithms to themselves.

Advantages of sinusoid tracks

A weakness of sinusoid track representation is that it remains at a lower abstraction level, not
assigning sinusoids to their due sources of production. However, this can also be seen as a
advantage: the representation is very compact, but different pieces of information are still sep-
arated from each other. This is important since in musical signals there is no straightforward
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way of assigning sinusoidals to their sources of production, so that it could be done already at
mid-level. Keeping the sinusoids distinct allows the higher levels to apply specific algorithms
that take into account the particular characteristics of musical signals.

Another advantage of sinusoid tracks is their high invertibility: the representation is discrete
and compact, but resynthesizing the sound from its sinusoid tracks still produces a result that
possesses a high perceptual fidelity to the original. Sinusoid track representation is in accord-
ance with recent research on sound modeling, where sinusoid models (sometimes called addi
tive synthesis) are considered most appropriate [McAulay86, Smith87, Serra89,97, Qian97].
These models do not presume the sound to be harmonic, although it helps. Noisy component:
can be separately modelled if needed [Serra89,97].

Sinusoids are tracked in the frequency domain, since separate sinusoids cannot be tracke
without making a frequency transform. As reminded earlier, autocorrelation tracks periodici-
ties, not single sinusoids. Some time domain pitch detection algorithms will be discussed later
in Chapter 5.

3.5 Extracting sinusoid tracks in the frequency domain

Frequency transforms

The human ear is charactericed by a logarithmic frequency resolution, i.e., the absolute resolu-
tion is better at the low end. This is why the frequencies that have been chosen to make up the
scale of Western music are on a logarithmic scale, totasA Fourier transform (FFTYields
components that are separated by a constant frequency interval. Thus FFT does not map t
musical frequencies efficiently, despite its other benefits.

The solution is a frequency transform, in which the frequency bins are geometrically spaced,
i.e., resolution is constant in thegarithmic frequency scale. This is callemnstant Q trans-

form (CQT) since it yields a constant ratio between the center frequency and a resolution of
each frequency domain bin. The transform is explained in [Brown88] and an efficient imple-

mentation via the fast Fourier transform is proposed in [Brown92]. However, the efficient

implementation of CQT relies on FFT in such a way that it practically combines several bins of
FFT to produce a logarithmic frequency resolution. It therefore fails to interchange the weaker
frequency resolution at the high end to a better time resolution which would be desirable to
model human hearing. On the other hand, straightforward calculation of CQT is too laborious
to be practically useful.

Bounded Q transform (BQ1T3 a hybrid technique that makes efficient use of FFT to produce a
constant number of binger each octavgKashima85]. BQT is calculated as follows. FFT is
calculated and half of the frequency bins are discarded, storing only the top octave. Then the
time domain signal is low pass filtered and downsampled with a factor of two, and FFT is cal-
culated with the same time window length, which now gives twice the previous resolution.
From this transform, the top half of bins is again stored, which now corresponds to the second
highest octave and comprises an equal number of frequency bins with the highest octave. This
procedure is repeated until the lowest octave of interest is reached. The advantage of this
method is that it practically has the speed of the FFT, with variable frequency and time resolu-
tion and is thus able taptimize both time and frequency resolutiBnown88].

The results of BQT can still be refined so that the resolution of each individual bin is the same
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in a logarithmic scale. This can be done by applying Brown'’s algorithm for an efficient calcu-
lation of constant Q transform to the results of BQT. However, since this practically just loses
some of the information of BQT, it should not be done, if an exactly logarithmic resolution or
visual inspection of sounds is not wanted [Brown91b]. We concluded sinusoidal tracks to be an
appropriate mid-level representation, and thus it is enough to efficiently extract the time-fre-
guency information to be used in tracking sinusoids. This is achieved by bounded Q transform.

A musical sound often consists of attack transienfollowed by a steady sound. This struc-
ture is due to a short-lived interaction of an external force, which drives the sound playing. In
Section 8.4 we will discuss the significance of the attack transient, and consider high-resolu-
tion spectral estimation methods that are needed to observe it.

Building sinusoid tracks in the frequency domain

Sinusoids appear as local energy maxima, peaks, in the frequency domain. Their evolution in
time can be traced by a series of frequency transforms at successive time points. There is ¢
multitude of approaches towards spectral estimation and tracking of sinusoids [McAulay86,
Smith87, Serra89,97, Qian97, Depalle93, Ding97]. Some of them are presented in the contexi
of a transcription system [Katayose89, Kashino93]. At present, our transcription system does
not utilize the time evolution of the sinusoids, but only their instantaneous amplitudes. Thus,
we cannot give a comparison of these methods that would be justified by simulation results.

3.6 Selected approach and design philosophy

In Section 3.2 we illustrated the basic components of a transcription system and remarked tha
decisions in the multipitch tracking module play a crucial role in defining the approach of a
system. The selected representations in multipitch tracking are summarized in Figure 4, where
they are placed in the earlier presented overview.

Internal models,
musical knowledge

effect of context and higher-level knowledge

T TTTTTTT T T T T e ‘I fuse, reconcile
v v ) v
Multipitch tracking.Representations
Sound Top-davn
onset low-level mid-level | high-level processing
—» detectio . . —>
acoustic segmented waveform | sinusoid tracks  notes notes con-
waveform acoustic firmed
waveform notes

Figure 4. Selected representations at different abstraction levels, and their
position in our transcription system that will be described later.

It should be noted that a hierarchy of representations does not imply a unidirectional flow of

information from low-level processes to the higher levels. Mid-level representations may be

introduced, and the effect of high-level internal models and predictions still propagates down

through the representational layers. Therefore, ggieesentationand processinglgorithms

should be discussed separately, according to the desirable properties of each. Top-dowr
processing will be discussed in Chapter 8.

The distinction between onset detection and multipitch tracking is not evident. Rhythm track-
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ing might also take place together with the sinusoid tracking, in which case the onset times are
deduced from the onsets of the sinusoids. Figures 2 and 4 just depict our approach.

A certain design philosophy was formed in the course of studying the literature that has been
shortly reviewed. It is: at each abstraction level we must first kwnatinformation is needed,

then decidéowto extract it, and finallyanalysethe reliability and dependencies of the obser-
vations. This philosophy is reflected in the selections and motivations presented above.

The order of questions “what” and “how” means that we use psychoacoustic and physiological
knowlegde primarily for knowing what information should be observed in a music transcrip-
tion system, not for knowing how to extract the information. In other words, the mechanism of
the human ear must not determine the information of interest. Instead, weastdigry cues

of a human listener in segregation and fusion of musical sounds, and seach for analysis tools tc
extract that information.

How to know the relevant psychoacoustic information in music perception? Two excellent
sources in the field of psychoacoustics are [Bregman90] and [Moore95]. What is the most suit-
able analysis method? The one that extracts the desired pieces of information as separately ar
precisely as possible. How to analyze the observations we obtain? Properties and dependencie
of musical signals will be discussed at length in Chapter 6, other sources of error may be found
in the analysis methods chosen.

In coming chapters, the different components of a transcription system are discussed in more
detail.
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4 Sound Onset Detection and Rhythm Tracking

“There is no doubt that music devoid of both harmony and melody can still contain con-
siderable expression. Percussive music is a case in point, as anyone who has truly
enjoyed traditional music from Africa, India, or Central or South America knows.”

-Jeffrey Bilmes [Bilmes93]

Expressive decisions in even performing a certain sequence of drum hits can carry a lot of con-
tent and meaning. This fact motivates the design of models that computers can use to product
expressivesounding rhythmic phrases instead of artificial quantized sequences [Bilmes93].
Further, interpreting the rhythmic role of each sound or finding the downbeat and upbeat auto-
matically from a musical signal is anything but trivial.

But let us grossly drop out both understanding the expressive meaning and interpretation of the
rhythmic role of each sound, trying first just to detect the onset times of the sounds. By an
onset timewe mean the time instant when a sound starts playing. As transcription of poly-
phonic music is concerned, we consider the detection of the onsets of the sounds by far easie
than a subsequent analysis of each rhythmic segment. And truly: commercial devices have
been released that synchronize to musical rhythm, but not even the first transcriber of poly-
phonic music.

Rhythmic meteis a framework in which musical events are located in time. It comprises beats,
hierarchies and grouping. We did not have the possibility to study rhythm tracking with the
same thoroughness and attempt as polyphonic transcription. This is why we practically stop at
the level of sound onset detection and do not make a further analysis of the underlying rhyth-
mic structure. Our original contribution to onset detection will also be quite limited.

4.1 Psychoacoustic bounds

A human ear is able to distinguish successive onsets of sounds from each other if they are sep
arated by at least a 20 ms time interval, varying somewhat from an individual to another, and
depending on the loudness of the sounds. If the interval is shorter, the former or louder onset
maskghe other one, and if there is a series of such successive onsets, they are perceived as
single rolling, low frequency sound. However, humans can detect even down ttiraendevi-
ationsin a rhythmic repetition of equidistant events [Bilmes93, Scheirer95].

We use the worghrominenceo refer to the strength at which an onset event stands out in a
musical signal. The prominence of an onset is a result of several attributes: frequency of the
attacking sound, its relative change in the amplitude, and the rapidity of the change.

4.2 Onset time detection scheme

A system capable of extracting rhythmic meter from musical signals is presented in
[Scheirer96b]. On a corresponding web page, Scheirer provides a psychoacoustic demonstre
tion on beat perception. The given set of audio signals shows that certain kinds of signal
manipulations and simplifications can be performed without affecting the perceived rhythmic
content of a musical signal. The demonstration is roughly as follows. First, a filter bank is

17



designed which divides a musical signal into six frequency bands, and the amplitude envelope
of the signal at each frequency band is calculated. Then the corresponding frequency bands o
a noise signal are controlled by the amplitude envelopes of the musical signal. For many kinds
of filter banks, the resulting noise signal has a rhythmic percept which is significantly the same
as that of the original music signal. Even with just four frequency bands, the pulse and meter
characteristics of the original signal are easily recognizable. It should be emphasized that
Scheirer’s system is predominantly concerned with musical signals having a ‘strong beat’. The
above simplifications cannot be made for, e.g., classical music, which consists of non-percus-
sive sounds only, such as a violin or an orgarpeicussive sound defined to be the sound of

a musical instrument in which the sound is set on by striking, or by a short-lived contact of a
driving force.

Since the only thing preserved in the above transformation is the amplitude envelopes of the
filter bank outputs, it seems reasonable that only that much information is necessary to extract
pulse and meter from a musical signal [Scheirer96b]. On the other hand, certain kinds of sim-
plifications arenot possible. For example, using only one frequency band, i.e., the amplitude
envelope of the signal as a whole, will confuse the rhythmic percept. This observation led
Scheirer to make a psychoacoustic hypothesis regarding rhythm perception: some sort of
cross-band rhytmic integration, not simply summation across frequency bands, is performed
by the auditory system. Based on the above considerations, Scheirer concludeytiaina
processing algorithm should treat frequency bands separately, combining results in the end
rather than attempting to perform beat-tracking on the sum of filter bank outputs.

We take this result as a foundation to our onset detection system, which therefore bears mos
resemblance to that of Scheirer. A couple of years earlier Bilmes proposed a system that was
on a way to the same direction, but his system only used two bands, a high-pass and a low-pas
filter, which was not as effective [Bilmes93]. Older rhythm tracking systems have typically
used the amplitude envelope of a signal as a whole [Chafe85].

Distinct frequency bands and extracting their amplitude envelopes

As motivated above, the input signal is first divided into distinct frequency bands. We used
seven one-octave bands and basically the same filter bank implementation as Scheirer. The fil
ters are sixth order band-pass elliptic filters, the lowest being a low-pass filter and the highest a
high-pass filter. Frequency band boundaries were set to 127, 254, 508, 1016, 2032 anc
4064 Hz.

The output of each band is rectified (i.e., the absolute value of the signal is taken) and then dec-
imated to ease the following computations. Amplitude envelopes are then calculated by con-
volving the signals with a 50 ms half-Hanning (raised cosine) window. This window performs
much the same energy integration as the human auditory system, emphasizing the most recel
inputs but masking rapid modulation [Scheirer96b, Todd92].

Calculating bandwise onset times

Until now, our system has been essentially analogous to Scheirer’s one, but here we take ou
own direction. Both Scheirer and Bilmes calculatdirat order difference functiorof the
amplitude envelopes, taking the maximum rising slope of the amplitude envelope as the onset
time of a sound [Bilmes93]. For us, it seems that a first order difference function is a good
measure for thgrominenceof the onset, but its maximum values fail to precisely mark the
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onsettimes This is due to two reasons. First, especially low sounds may take some time to
come to the point where their amplitude is maximally rising, and thus that point is crucially
late from the physical onset of a sound. Second, the onset track of a sound is most often no
monotonically increasing, and thus we would have several local maxima in the first order dif-
ference function near the physical onset (see plots with a dashed line in Figure 5).

We took an approach that effectively handles both of these problems. We begin by calculating
a first order difference function, and take into account only the signal segments where the first
order difference, i.e., the prominence of incoming activity, is above a certain threshold. Then
we divide the first order difference function by the amplitude envelope function to get a first
orderrelative difference functign.e., the amount of change in relation to the absolute signal
level. This is the same as differentiating the logarithm of the amplitude envelope.

We use the relative difference function to track onset times. This is psychoacoustically rele-
vant, since the perceived increase in signal amplitude is in relation to its level, the same amount
of increase being more prominent in a quiet signal. Moreover, the relative difference effec-
tively handles the abovementioned problems by detecting the onset times of low sounds earliet
and, more important, handling complicated onset tracks, since oscillations in the onset track of
a sound do not matter in relative terms after its amplitude has started rising. To clarify this, we
plotted the absolute and relative difference functions of the onset of a piano sound in Figure 5.
Both of the benefits discussed can be seen clearly.

6 f\ . .d
JK Dashed I|ne.a—x(f(x))

I Solid line: (—%{(Iog(f(x)))

frequency band

where f(x) denotes the
amplitude envelope function.

T

Figure 5. First orderabsolutg(dashed) andklative(solid) difference functions of the
amplitude envelopes of different frequency bands. Picked onset times are circled.

A set of potential onsdimesare collected from each band by performing a thresholded peak
picking operation to the relative difference signals. The correspongiiogninencesof the
potential onsets are found by taking the time of an onset, scanning forward to the next maxi-
mum in theabsolutedifference function, and taking the maximum value as the prominence.

Combining the results from different frequency bands

In the final phase we combine the results from different frequency bands to yield the onset
times and prominences of the overall signal. First the potential onsets from different bands are
all sorted in time order. Then each onset candidate is assigned a new prominence value, whicl
is calculated by summing the prominences of onset candidates within a 50 ms time window
around them. We drop out onset candidates whose prominence falls below a certain thresholc
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value. Then we also drop out candidates that are too close (< 50 ms) to a more prominent can
didate. Among equally prominent but too close candidates, the middle one (median) is chosen
and others are abandoned. Remaining onsets are accepted as true ones.

4.3 Procedure validation

The presented procedure was validated by testing its performance in finding sound onsets ir
polyphonic piano recordings and in rhythm music. Polyphonic piano recordings are separately
taken into consideration, because our transcription system (see Chapter 7) uses piano music ¢
simulation material, and will utilize the presented onset detection procedure for signal segmen-
tation. The onset detection procedure was not tailored for each simulation case, but all pre-
sented results have been computed using the very same set of parameter values and threshoilc

Polyphonic piano recordings

Chosen piano compositions were played and recorded to evaluate onset detection efficiency
We used two microphones to pick the sound of an acoustic upright piano (Yamaha) and stored
the signals on a digital audio tape using a 48kHz sampling rate. The microphone setup was
according to a typical studio convention [Pawera81]. Note onsets were tracked in two excerpts
of ten seconds, and the results are presented in Figure 6.

Bach: "Inventio 8" for two voices
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Figure 6. Tracked onsets in two piano compositions. Erroneous extra onsets
are marked with arrows, missing onsets were added and are circled.

A recording comprising several instruments

Onset detection results are given for an example recording comprising several instruments anc
drums [Grusin91]. We consider one example sufficient, since reviewing the onset detection
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results is a laborious task without the notes of the piece. The results are presented in Figure 7
This test case was successful, too. However, we noticed that more reliable detection of the
onsets in musical signals that comprise different kinds of musical styles would call for rhytmic
meter generation and rhythm analysis after onset detection (see Section 4.4). This would allow
using prediction rules to recognise the weakest onsets and still not inserting erroneous extre
onsets.

Dave Grusin: "Punta del Soul"
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Figure 7. Tracked onsets in a recording comprising several instruments and drums. Erro-
neous extra onsets are marked with arrows, missing onsets were added and are circled.

4.4 Rhythmic structure

Several attempts have been made to understand the human rhythm perception and to automa
cally determine the rhythmic meter of a musical signal. Determining rhythmic meter means
classifying the structure of a musical piecekiy signaturessuch as 3/4 or 4/4, and parsing
musical events into units calledeasureshat are separated from each other by vertical lines in
musical notation [Brown93]. Still one step further is to understand the rhythmic role of each
note. We summarize the different rhythm tracking proposals in Table 4, describe the objective
of each, and indicate if they comprise onset detection in an acoustic signal or rhythmic struc-
ture determination, or both. Those that do not implement the former take their input in a sym-
bolic form, for example in MIDI streams.

In his doctoral thesis, David Rosenthal describes a computer program which models the proc-
esses by which humans perceive rhythm in music [Rosenthal92]. His program reads a MIDI
stream and gives a complete description of the rhythmic structure of the piece, its meter and
the rhythmic role played by each note.

Jeffrey Bilmes aimed at designing algorithms and learning strategies that computers can use tc
produce expressive sounding rhythmic phrases, instead of artificial, exactly quantized
sequences. He describes four elements with which he characterizes musical rhythm: metric
structure, tempo variation, deviations, and ametric phrases. For a closer review on Bilmes’s
studies, see [Bilmes93].

Peter Desain and Henkjan Honing have published a lot about human rhythm perception and its
computational modeling. To review their work see, for example, [Desain88,91,92,95]. Also
several other approaches have been taken, the earliest being e.g. [Moorer75b] and [Chafe85
Brown employed autocorrelation to determine the rhythmic meter in MIDI-streams
[Brown93]. The abovementioned system of Scheirer’s is unusual in the sense that it includes
real-time acoustic pattern recognition, which allows the subsequent models to work with
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Table 4: Rhythm tracking systems and the objective of each.

Reference Onse_t Rhythmig Objective
detection structure
Mont- X Finding rhythmic patterns in musical notations.
Reynaud85
Rosenthal92 X Givind a complete description of the rhythmic structure of
a piece, and the rhythmic role of each note.
Brown93 X Rhythmic meter determination.
Desain88,91 X Rhythmic meter determination and quantization of the
timings of each note.
Desain92 X Theory on rhythm perception and definition of predictive
expectancy of musical events.
Desain95 X Computational modeling of the temporal structure in
music cognition.
Bilmes93 X X Modeling performance nuances in rhythm, so that comput-
ers could producexpressivesounding rhythmic phrases.
Scheirer95 X Extraction of the expressive performance information
from an acoustic signal, when the musical notation of the
piece is known in the process.
Scheirer96b X X Determining the rhythmic meter of an acoustic musical
signal.

acoustic data instead of symbolic representation.

We did not implement algorithms for recovering the rhythmic meter of musical signals, but
stopped at the level of finding the onset times of sounds. This is done although rhythmic meter
would allow utilizing predictive rules to detect weak onsets. Further, rhythmic structure plays
an important role in top-down processing, where repetitions, redundancies and regularities of a
musical signal are exploited in resolving its contents.
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5 Tracking the Fundamental Frequency

This thesis is primarily concerned with the transcription of music which consigiarafionic
sounds. Inharmonic sounds, such as drums, are detected and used in the rhythm tracking phas
but classifying them in the subsequent analysis is not discussed - we just refer to some tran-
scription systems that perform that task (see Section 2.3 and Chapter 4).

From a music point of view, the most important attribute of harmonic sounds isfthla-

mental frequengywhich allows arranging the sounds on a scale extending from low to high.
Thus the most important requirement for a music transcription system is to detect the funda-
mental frequencies of the sounds, and write them down using the corresponding musical nota:
tion, notes.

There is a multitude of different methods for determining the fundamental frequency in an
acoustic signal. In this chapter we make a short review of the different approaches by introduc-
ing a representative set of quite recent examples. Our intention is not to go to algorithmic
details, and not even to provide a complete list of methods, but to give an idea of the potential
approaches and principles that can be used in solving the problem. A more detailed compara:
tive study can be found, for instance, in a relatively old but still relevant study of Rabiner et al.
[Rabiner76].

Fundamental frequency tracking has almost exclusively been attempted for monophonic sig-
nals only. At the end of this chapter we will review some methods that have been used in ana-
lysing polyphonic signals.

5.1 Harmonic sounds

The physical appearance of a harmonic sound is a series of frequency partial$aatieh-

ics. They show up as peaks in the frequency spectrum (see Figure 8) at constant frequency
intervalsfO, with the lowest partial at frequend, which is therefore called the fundamental
frequency of the sound. We ugéch as a synonym of the fundamental frequency, although
there is a slight conceptual difference between them, pitch referring to the perceived funda-
mental frequency. In time domaiperiodicity is a characteristic feature of harmonic sounds,

% being the fundamental period.

UL DA
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Figure 8. Harmonic sound in time and frequency domains.
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A harmonic sound can be modelled as a sum of sinusoid partials
N
s(t) = Y a;(t) Coos f(t) (27t + ¢] (1)
j=1
whereaj(t) are the amplitudes;(t) the frequencies, ang); phases of the partials. For strictly
harmonic sounds, frequenciéét) are j Lf O(t) , wherefO(t) is the fundamental frequency.
However, even the sounds of musical instruments may deviate a little from this rule during a
short attack transient of the sound (approximately 50 ms in length), thus not being strictly har-
monic.

5.2 Time domain methods

Autocorrelation-based

The autocorrelation function is particularly useful in identifying hidden periodicities in a sig-
nal. An estimate of the autocorrelation ofNulength sequencek) is given by
N—-n-1
1
reo(n) = N O kzo X(K) Ck(k+ n) (2)

wheren is alag, or period length, ank(n) is a time domain signal.

Many autocorrelation-based fundamental frequency trackers have been proposed. We take
quite recent example. In 1990, Brown published results of a study where the pitch of instru-
mental sounds was determined using autocorrelation [Brown91a]. She tried both conventional
and ‘narrowed’ autocorrelation, which basically provides a better periodicity resolution in
exchange to a weaker time resolution [Brown89].

The purpose of the study was to determine whether autocorrelation is well-adapted to funda-
mental frequency tracking of musical signals, and under which conditions ‘narrowed’ autocor-
relation is advantageous. We skip the details concerning the calculation of the autocorrelation
function and the selection of a winning periodicity in it [Brown91a]. What is most important
here is that Brown suggests both conventional and narrowed autocorrelation to be good fre-
guency trackers for musical sounds. However, autocorrelation is not very suitalpelyer
phonicmusical signals because of the reasons that were discussed in Section 3.4. In addition
both Doval et al. and Rabiner remark that autocorrelation is not very suitable, when a large
range of pitches and variety of spectra is encountered [Doval91, Rabiner76]. These attributes
apply especially to music. For these reasons, we consider autocorrelation methods to be mor:
adequate to speech than to musical signals.

Waveform-based

Some pitch detectors are based on time domain peak and valley measurements, or zero-cros
ing measurements. For example, Miller’s algorithm first detegtairsion cycleg the wave-

form by observing intervals between major zero crossings [Miller75]. The remainder of the
algorithm tries to identify the principal excursion cycles, i.e., those which correspond to true
pitch periods. The algorithm was reported to work moderately well, although not as well as
some other methods [Rabiner76]. Nowadays, the approach is practically of a historical value
only.
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5.3 Frequency domain methods

Harmonic matching pitch detection

As stated earlier, the appearance of a harmonic sound in the frequency domain is a series 0
equidistant energy maxima, at the positions of the harmonic paitalsnonic matching fre-
guency domain pitch detectioneans looking for a fundamental frequency, whose harmonics
best explain the partials in a signal [Hess83].

A method proposed by Doval and Rodet belongs to this class [Doval91]. It is based on a prob-
abilistic model for calculating the likelihood of &6, when the frequency partials in a signal

are known. The method is flexible enough to take into account possibly available prior knowl-
edge of the sound in question. A mathematical expression for calculating the likelihood is quite
complicated and can be found in the reference. The researchers paid particular attention to
large range of applicabl®s (50-4000 Hz), and to a very short response delay (20 ms). They
tested the algorithm with musical and speech signals and proposed a real time implementatior
of it. We made rather extensive simulations with Doval’s algorithm, and it proved flexible and
worked well The method employs a separate probabilistic treatment for the frequencies and
amplitudes of each harmonic partial in the signal. This is important when the abovementioned
objectives, large range s and flexibility, are aimed at.

Doval and Rodet later published a higher level structure, which can be used for imposing con-
straints on the evolution of the signal, and for removing single gross errors in pitch detection
by tracking the pitch contour through successive time frames [Doval93]. The higher level logic
was based on hidden Markov models and the Viterbi algorithm. In the presented simulations,
the gross error rate still decreased significantly when the higher level structure was employed.

Other frequency domain methods

There is a variety of methods that are more straightforward, or ‘brute force’, than the probabil-
istic approach of Doval et al. The structure of the spectrum of a harmonic sound prompts for
revealing the fundamental frequency, the interval between the equidistant maxima, by applying
autocorrelation to the magnitude of the spectrum. We take two examples. Lahat describes ar
algorithm, where the spectrum of the signal is flattened by a bank of bandpass filters, and the
pitch is extracted from autocorrelation functions at the output of the filters [Lahat87]. This is
somewhat more sophisticated than the straightforward autocorrelation of the spectrum, but uti-
lizes the very same principle. Also Kunieda uses the autocorrelation function of the spectrum
of a signal [Kunieda96]. Their method is called ACLOS (AutoCorrelation of LOg Spectrum),
since they take the logarithm of a magnitude spectrum, flatten the result, and calculate its auto-
correlation function to provide information of the pitch.

A cepstral pitch detectiomethod has also been widely used, especially in extracting the pitch
of speech signals [Noll64, Rabiner76]. A cepstral is calculated by first taking a short time Fou-
rier transform of a signal segment, then calculating the logarithm of its magnitude, and finally
inverse Fourier transforming the result. The peak cepstral value determines the pitch of the sig-
nal. The problem with cepstral pitch detection is that it cannot handle a very large range of
pitches, which would be desirable in processing musical signals.
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5.4 Utilizing prior knowledge of the sound

The earlier mentioned pitch detection method of Doval et al. is flexible enough to take into
account prior knowledge of the sound in question [Doval91]. There are several other methods
that rely even more heavily on prior knowledge of the sound source and the spectral distribu-
tion of the sounds. In the following, we take two examples.

In [Brown91b], Brown proposes a method that utilizes the fact that a constant Q spectral trans-
form (see Section 3.5) gives a constant frequency domain pattern for harmonic sounds at dif-
ferent pitches. Thus she calculates the cross-correlation function between the constant C
spectrum and the ideal pattern of the sound in question, or just the pattern of one’s at the posi-
tions of the harmonics. A peak in the cross-correlation function reveals the fundamental fre-
guency. We thoroughly simulated the method in a transcription system that is reviewed on
page 65. It proved to work fairly well for monophonic signals. Brown emphasizes that the
method is able to deal with a variety of sounds and is consistent with the pattern matching the-
ory of human pitch perception [Gerson78].

Spectra of musical sounds vary a lot and comprise ambiguous spectral energy distributions.
The success of many proposed methods to cope with such sounds is often qualified by the nee
to carefully tailor parameters to yield desired results. Taylor and Greenhough have developed &
system which uses an adaptive resonance theeuyal networkcalled ARTMAP [Taylor93,
Grossberg76]. In a preliminary phase, the networkamed by pitches from several instru-
ments to achieve a tolerance to spectral variations. After training, the network can be used to
classifynew signals to their due pitches. Input to the network comes from logarithmically dis-
ributed frequency bins (12 per octave), output is a quantized pitch classification on a musical
scale. The general idea of neural networks seems promising especially in tuning parameters o
a system, but they do not remove the need for algorithm design, since the topology of a net-
work sets limits to the model it can represent [Pao89].

5.5 Detection of multiple pitches

Determining the fundamental frequency of musical sounds has been relatively little explored in
comparison to the massive efforts in estimating the pitch of speech signals for use in speech
encoders and for communication purposes [Brown91a]. This is also the reason why detection
of multiple pitches has been almost a neglected problem. Multipitch detection is particularly

needed in the analysis of musical signals and in computational auditory scene analysis. Com-
mercial interest of these areas is not as high as that of speech processing, especially when th
difficulty of the problem is taken into account.

The need for a multipitch detector

It is generally admitted that the pitch detection methods discussed above are not appropriate a
such to the detection of multiple pitches. This is especially true when musical signals are con-
cerned, since very often the frequency relations of simultaneous sounds in music either make
several sounds appear as a single coherent sound, or a non-existent ‘ghost’ sound strongly aris
just because of the joint effect of the others. We reviewed this phenomenon in simulations with

several pitch detection algorithms. Its cause was mentioned in Section 3.4, and will be more
extensively discussed in Sections 6.2 and 6.3.

The problem cannot be solved by designing a sophisticated peak picking algorithm to follow a
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single pitch detector. Consider, as an example, two sounds that are an octave apart in pitct
from each other: the harmonic partials of the higher sound match perfectly the positions of
even partials of the lower one, making it appear as a single sound, and turning the separation o
the sounds into an even theoretically ambiguous problem.

In this section we represent methods that have been used to solve the problem. Awareness of
dates back to the very beginning of music transcription. In 1985, Chafe remarked: “Brute force
detection schemes are less likely to succeed in analyzing polyphonic input - - - The balance
between underdetection and overdetection becomes more difficult to achieve”. However, until
very recently the problems of multipitch tracking have been controlled by heuristic ad hoc

techniques, borrowing algorithmic principles from single pitch tracking. It is only in the past

few years that seriously motivated methods have been proposed. They will now be discussed.

Tone model based processing

The abovementioned example of separating two sounds that are an octave apart in pitch fromn
each other is theoretically ambiguous without prior knowledge of the sounds. It can be solved,
however, if such information is collected tone modelsand utilized in signal analysis. Tone
models are data structures that represent the spectral features of sounds in some format.

Two pitch tracking approaches that utilize knowledge of the involved sounds were introduced
in Section 5.4. Kashino and Tanaka were the first to describe a complete tone model basec
music transcription system [Kashino93]. They also proposed an algoritheutomatic tone
modeling which means extraction of the tone models from the analyzed signal itself. The sys-
tem suffered from some severe limitations, but was, on the contrary, more generic in regard to
the types of instrumental sounds. In simulations, an advance registration of tone models had ¢
significant effect on transcribing three-voice polyphonies, automatic tone modeling only
worked in two-voice polyphonies.

Tone model based processing has also been used in the transciption of music which contain:
drum-like instruments only. Bilmes describes a quite sophisticated procedure for extracting the
features of drum strokes, arranging them in a feature space, and using that information in a
subsequent analysis of musical signals [Bilmes93]. Classification of the signal contents fol-
lows the lines of general pattern recognition.

Auditory model based

In Section 3.3 we discussed a variety of mid-level representations for a transcription system.
There we also introduced multidimensional representations called correlograms and wefts. The
motivation for these structures was that they not only explain a wide range of psychoacoustic
phenomena in hearing, but al8y to organize sounds to their sources of productihich in

the case of music means distinguishing separate sounds.

Only one transcription system, that of Martin’s, uses a correlogram representation [Martin96a].
In the publication, Martin suggests that a correlogram facilitates the detection of two sounds
that are an octave apart in pitch, even without introducing tone models. However, only little
simulation evidence is presented to support that. We emphasize that when two souGnds are i
a straight harmonic relation, i.e., the fundamental frequency of the higher sound is a multiple
of that of the lower sound, the two sounds cannot be unambiguously separated to two sound:
by any bottom-up technique. That becomes possible, however, if there is a specific perceptua
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cue, such as different onset times or specific amplitude / frequency modulations that associate
harmonics to their sources. Correlogram representation does not pay any particular attention tc
those cues. Weft representation explicitly utilizes the common amplitude modulation cue, but

by inspecting instrumental sounds we found out that this single cue can definitely not be

assumed to be found in the sounds of all musical instruments [Ellis95].

As already suggested in Section 3.4, we conclude that although these psychoacoustically moti
vated models have proved successful in some computational auditory scene analysis tasks, the
are not sufficient to solve the problem of music transcription. However, some benefits and con-
veniences may be attained by using these representations.

Explicit application of perceptual rules

A more conscious and controlled use of the known perceptual cues was first proposed by the
forementioned research group of Osaka University [Kashino93]. In their publication, the group
explicitly lists a collection of auditory cues that promote either fusion or segregation of simul-
taneous spectral features, thus telling whether certain frequency components belong to the
same source or not. The cues had been collected from several sources, but only a limited subst
of them were used in the simulated system.

Bregman lists the following cues in organizing simultaneous spectral features [Bregman90]:
1. Spectral proximity (closeness in time or frequency)
2. Harmonic concordance vs. harmonic mistuning
3. Synchronous changes of the componermts:common onset,b) common offset
¢) common amplitude modulatiod) common frequency modulatior) equidirectional
movement in spectrum
4. Spatial proximity

None of the transcription systems that were introduced in Chapter 2 uses all of these cues. Or
the other hand, there is not even a theoretical consensus how these principles of perceptiol
interactand compete in human audition. It is also surprising that the fourthspadial prox-

imity, was not used in any of the transcription systems, although the human auditory system
extensively utilizes it, music is mostly recorded stereo, and the stereo information is especially
provided for separating the sound sources from each other in listening.

Knowing the significant pieces of information allows dividing the transcription problem into
two steps: extraction of the relevant spectral features, and quantitative application of perceptual
rules to assign the frequency component to their due sources of production. Osaka’s group late
also proposed an approach for the second stepintegrationof the evidence of the different
auditory cues. They implemented a Bayesian probability network, which was employed to
weight the different cues and to integrate the information from different knowledge sources
[Kashino95].

We consider the ‘auditory cue extraction’ approach by far the most promising and generic in
multipitch tracking. First, because utilization of universal auditory cues, in addition to tone
models, makes the system more generic to different sound variations. Second, because explic
definition of the important cues separates information extraction from its interpretation, thus
removing many underlying assumptions and allowing both quantitative and algorithmic inte-
gration of the cues.
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5.6 Comment

Several approaches for detecting the fundamental frequency of monophonic signals were rep:
resented. Further, we discussed the need for specific tools to cope with polyphonic signals, in
the analysis of which tone models and psychoacoustic cues were considered to be the mos
promising tools. We want to emphasize, however, that no general purpose multipitch tracking
algorithmswere found that would fit to the analysis of musical sounds.

The presented mechanisms do not remove the need to design multipitch tracking algorithms.
Such are required teesolve stable signalthat lack specific auditory cues, or tdserve the
desired cueseliably in polyphonic signals, or to make a sensibisociationbetween tone
models and often quite inextricable spectra of musical signals. These matters are taken intc
consideration in the following chapter.
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6 Number Theoretical Means of Resolving a Mixture of
Harmonic Sounds

The next two chapters constitute the original part of this thesis, which means that the literature
review type style will radically change. The reason for engaging in own research was the lack
of publications in the area of multiple fundamental frequency tracking, or multipitch tracking.
Indeed, we could not find any publications that would have focused on that matter, although in
the monophonic case several algorithms have been proposed that are robust, commerciall
applicable and operate in real time.

Published efforts towards multipitch tracking have almost exclusively been made in the field of
automatic transcription of polyphonic music. Until these days, however, transcription systems
have been limited to two or three-voice polyphony only and to little generality of sounds. This
is largely because no new mathematical foundation has been laid for polyphonic signal analy-
sis, but the systems try to utilize the same principles in pitch tracking that are used in the
monophonic case. We will discuss the spectral properties of a mixture of several harmonic
sounds and demonstrate why single pitch tracking algorithms cannot be straightforwardly
applied to polyphonic signals.

In this chapter we try to establish a number theoretical method to detect and observe harmonic
sounds in polyphonic signals. This does not only concern multiple fundamental frequency

tracking, but observing any of the features of harmonic sounds in polyphony. It is shown that a

number theoretical approach is a vital additional level of analysis in any system where features
of a harmonic sound are being observed in the presence of other harmonic sounds. The per
formance of the new methods will be evaluated when we apply them to the automatic tran-

scription of piano music in Chapter 7.

6.1 Featureof a sound

We denote harmonic sounds with uppercase leBarsdR. These are used consistently in such
roles that soun&is being observed in the interference (presence) of a sBundR; , if there

are several interfering sounds. The attributes of harmonic sounds, both in time and in fre-
guency domains, were illustrated in Section 5.1. From now on, we denote the harmonic par-
tials, harmonicsof a sound byh; , wherej goes from one up to the number of audible partials

of the sound (see Figure.Braces are used to denatets thus {h} being a set of harmonics.

A
f0 2f0 3f0 4f0 frequency
Figure 9. The way of denoting harmonic partials of a soundiby
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Further, we denote bg(x) afeatureof x, wherex can be a soun8,or its single harmonic par-

tial hy. We will separate the different features by subscript characters, for example consistently
denotinggg(X) the frequency ok, ga(x) the amplitude ok, andg, (x) the perceivable loudness

of x. Explanation and definition of each feature will be given when they are taken into use.

We divide features g(x) into two classes, depending on whether they can be associated with &
single harmonic or not. Clearly, a single harmonic can have such features as frequency, ampli-
tude, loudness and onset time, for example. This is the feature class I. To class Il belong the
features that can be applied to a sound, but are meaningbegsafsingle harmonib; . As an
example we considesound colour g(S), which results from the distribution of the energy of a
sound to its harmonics. Now, a single harmonic does not have such a feature as colour, and als
cannot represent this feature of the sound alone. Thus the features of a sound that belong t
class | can be approximated by independent representative harmonics, but class Il require:
observation of the whole harmonic series as a single entity.

Because the very substance of a harmonic sound is its series of equidistant sinusoid partials
any observation of a harmonic sound must be based on its harmonic parialse strictly
speaking the sound has no other physical appearance than these partials. Calculation of any ¢
the features of the sound must be based on the features of its harmonics, no matter if this is
done in time or frequency domain.

6.2 The basic problem in resolving a mixture of harmonic sounds

There is a multitude of good methods for measuring the frequencies, amplitude envelopes anc
phases of sinusoid partials in a signal [McAulay86, Depalle93, Serra97, Ding97, Qian97]. The
problem in resolving a mixture of harmonic sounds is that the harmonics of a sound extend to a
wide frequency band, and most often the frequency bands of different sounds overlap, and sev
eral harmonics of different sounds overlap. This causes two severe problems.
1. Because the harmonic series of different sounds typically extend to common frequency
bands, it is most difficult to assign the harmonics to their true fundamental frequencies.
2. If two sinusoid partials overlap, i.e., have a common frequency, the amplitude envelopes
and phases of the overlapping sinusoids can no longer be deduced from their sum.
These are the fundamental reasons why polyphonic signal contents cannot be resolved b
straightforwardly applying the algorithms designed for monophonic signals

Proposition 1.If any harmonichJS of a soun8is overlapped by any harmonltﬁR of an inter-
fering soundR, then the fundamental frequency of the sofhehust bef Oy = = [f O¢ , where
mandn are integer numbers greater than or equal to 1.

Proof. The frequency of a harmoniq-s of the so8id
ge(h}) = j OF Og (3)
and the frequency of a harmoms of the soRnd
R .
ge(hy) = 1 OFOg

The condition of a harmonibjS of a soudo be overlapped by a harmorh\gge of an interfer-
ing soundrR can be expressed as

|0z =09 ~ HOg=10f0g, 4
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when the common factors pandi are reduced, this can be expressed as
fOg = = CFO, (5)
where (m, n) =1 and can be calculated from the numbers of the harmioanzsj, (I

Comment. It may look as being a special case that the fundamental frequencies of two sounds
would have exactly this relation, but it is definitely not. This is due to the physics of sound pro-
duction and the rules governing fundamental frequencies of the notes in Western music, where
the fundamental frequencies of the notes most often have the abovementioned nelation,

being small integers.

Proposmon 2. If the fundamental frequencies of two harmonic souBdmdR are fOg and
fOr = = Df0<, respectively, then every" harmonich,,k = 1,2 3 4 ... of the soun®
overlaps a correspondlmgth harmonich,, k = 1,2 3 4 ... ofthe sounﬁ

Proof. Substituting (5) to (4) we can rewrite the condition of a harmdnief a soundSto be
overlapped by a harmonir of an interfering soun® as

i f0g = j FOg) = E[%‘Dfoszjmfo%@ (in=jmh,

which is true for each parenk andj=mk, wherek={1, 2, 3, 4,...}.00

Corollary. If the fundamental frequency of a souRds fOg = 1 0f O, it will overlap all the

harmonics of St their common frequency band3therwiseR tan overlap maximally every
second harmonic d. If all harmonics ofSare overlapped by an interfering sourRddetecting

the two sounds is difficult and even theoretically ambiguous: the harmoni8smght have
resulted fromR alone, and the sourfdlis easily undetected. On the other hand, if the loudness
of the soundis deliberately determined regardless of the sogn8will ‘steal’ the energy of
everynth harmonic ofR to itself.

6.3 Certain principles in Western music
“Music transforms arithmetic relations into immediate sensations.”
-Schopenhauer, Metaphysics of Music

An important principle governing music is paying attention to the frequency relaiities;

vals, of simultaneously played notes. Here we use the word note to refer to a sound that is pro-
duced by a musical instrument. Paying attention to time intervals in rhythm and to frequency

intervals of concurrent sounds has a certain goal: to unify the sounds to form a coherent struc-
ture that is able to express more than any of the sounds alone.

Two notes are in harmonicrelation to each other if their fundamental frequencies satisfy

f0, = ”ﬁ’mfoj, (6)
wherem andn are small integers. The smaller the valuesrcdndn are the closer is the har-
monic relation of the two sounds and the more perfectly they play together. For example the
fundamental frequenm%f aﬁd constitute a basagor chord, and the fundamental
frequenues—f =f an%f constitutenainor chord. To read more about the mathematical

6 5
viewpoint to music, see [JIN98] and [Canright87].
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The notes in music are arranged to a logarithmic scale, where the fundamental frequency of &
notek is
k

f0, = 44002"° Hz (7)
and the notes in a standard piano keyboard range krem48 up tok = 39. Although the scale
is logarithmic, it can surprisingly well produce differdrrmonic intervalghat can be derived

from Equation (6) by substituting small integersniaandn. To highlight this we calculate the
frequency relations of two notes inside a single octave of notes in Table 5.

Table 5: Comparison of realizable frequency intervals and ideal harmonic relations.

Note 1| Note 2 fO(N,) : fO(N,) m n m: n hzrer:]/ﬁlr?icénrggtrir:)n
C# C | 1.0595 16 15| 1.0667 -0.68 %
D C |1.1225 9(8) 8(7) 1.125(1.14B) -0.23 % (+1.8 %)
D# C 1.1892 6 5 1.2 -0.91 %
E C 1.2599 5 4| 1.25 +0.79 %
F C 1.3348 4 3 1.3333 +0.11 %
F# C 1.4142 7 5 1.4 +1.0 %a lot
G C 1.4983 3 2 15 -0.11 %
G# C |1.5874 8 5 1.6 -0.79%
A C 1.6818 5 3 1.6667 +0.91 %
Att C |1.7818 16(7)| 9(4) | 1.778(1.75)| +0.23 % (-1.8 %)
H C 1.8877 15 8 1.875 +0.68 %

The realizable musical intervals deviate a little from the ideal harmonic relations, but the
amount of error is so little that practically it does not disturb the human ear. Relations
fO(F#) : fO(C) andfO(A#) : fO(C) make an exception, and indeed, the tdylme notein music

refers to situations, where a note is played in a pure natural frequency relation instead of the
closest ‘legal’ note. This is most often done for the seventh of a clfatdbf C), which would
otherwise deviate 1.8 % from its ideal

For a practical frequency resolution the overlapping of the harmonics of the two sounds is the
same as if the harmonic relation were perfect. Therefore every third harmonic of & nite
overlap every fourth harmonic of a simultaneously played r@téor example. We take an
example to clarify how the harmonics of simultaneously played notes overlap each other. The
analyzed basic major chord is of fundamental importance in Western music.

Example 1. Analysis of the harmonic mixture of @ major chord, which is built from

the notesC, EandG. The results apply for any major chord. The fundamental frequen-
ciesofthenotesare=f agd ,where constamtietermined by the fundamental fre-
quency of the chord root, but can be ignored, when frequeglaeyionsof the notes are
considered.

NoteskE andG are in§ andg relations t€, respectively, and based on Proposition 2
they overlap every fiffh and every third harmonic@frespectively. This causes 47% of
the harmonics of the not€ to be overlapped and - from the viewpoint of observing the
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soundC - confused. Similarly, note€ andG are ini1 and§ relations t&, and overlap
every fourth and every sixth harmonic Bf causing 33% of the harmonics Bfto be
overlapped. Further, not€3andE are in 3 andé relations t®, and together overlap
60% of the harmonics of the ndie

Consider now determining the existence of any of these notes, or observing their fea-
tures. Sixty percent of the harmonics of the n@Gevould be found from the spectrum
even in the absence of the nd On the other hand, the problem is how to extract the
features (e.g. the loudnesses) of the notes, when approximately half of their harmonics
are strengthened by the harmonics of the other two notes.

Analysis of several other typical note combinations is presented in Table 6. Again, the combi-
nations are derived from not@, but apply to any chord of the same class. This means that the
results are the same f6Padd6andF®add6 for example.

Table 6: Analysis of overlapping harmonics in typical note combinations

Chord Notes in the Note frequencie; in overlzl):;;gzgtﬁg?n?(znic éAver
chords m:n form, respectlvely(%)’ maximum bolded®9€

Cmajor |[c |e |g 1| 54 3:2 47 3860 47
Cminor |[c |d#|g 1|65 3.2 33 2050 33
cY%dde |C |d# f#|a 1|65 7:5 58 43| 31| 33| 33 35
ct c o# c2 1| 54 8bH 2 60 25 3200 54
co c e|gla¥ 1 9:8 54 31269 50| 23| 39 65| 11| 38
c+Cmajoricl|c3| e3 g3 1 4 5 86 47100 100 100 87
inharm  |c |c#|d |d# e| 1|16159:8| 6:5 5:4| 41| 11| 20| 25 33 26

These examples illustrate why the algorithms designed for the detection and observation of a
single harmonic sound do not apply to resolving polyhonic musical contents. Further, it can be
seen that an additional peak picking or logical level after such an algorithm is not a solution,
since observations get confused already at the lowest level. Instead, we need to rethink the ver
kernel, how to collect the information of a sound from its harmonics.

6.4 Prime number harmonics: an important result

Prime number harmonicdy, h,, hs, hg, ho,...} of a sound share a desired common property
that is derived from the very definition of the prime numbers: they are divisible only by one
and themselves. This has an important consequence, which will give a steadfast starting poin
in organizing the jungle of sinusoids to their due fundamental frequencies.

Proposition 3. Any harmonic sounR can overlap only one prime numlier harmonic of a
sound S provided that the fundamental frequency Bfis not fOy = ﬁDfOs , Where
n=1,2,3,4,... In the case where the fundamental frequencies are in special relation mentioned
the soundR overlapsall the harmonics db.

Proof. This can be proved by assuming that two prime nuTber harmoniSsua overlapped
by the harmonics oR and showing that in this cas®, = ﬁDf O. , whemés an integer
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greater than or equal to 1, and the soRmerlaps all the harmonics of the soud

Let fOg andfOg be the fundamental frequencies of the souidadR, respectively. We denote
an arbitrary prime number by;,. The condition of two prime number harmonics ®being
overlapped by any harmonibsof R can be expressed as

[, OfOg = p; Of Og
%szoR = p,0f0g’
wherep, can be solved as
_ P mp
I
In order forp, to be a prime number and not equgb{gi; must satisfy
i, = nlp, , (9)
wheren is an integer implying
i, = nlp,.
Substituting (9) to (8) we get
_ p 05 p  OF0g  f

iy np, n’

(8)

P2

Or

(10)

wheren=1. 0

If Equation 10 holds, all harmonics ok are overlapped by the harmonicd@, since

10 = jIFO5
. s . .
fo. O =jfOs =i =n0,
foR:_nS n s

which means that all harmonics ®&re overlapped by evergt}1 harmonic ofR.

6.5 Dealing withoutlier values

Let us denote the set of prime harmonics by [[p is prime}, and the set of the features of the
prime harmonics by g(hy) | p is prime}, where the type of the feature is not yet fixed. Prime
number harmonics of a sourgican be considered asdependent pieces of evidence for the
existence of the sound S, or for any of its featdines can be deduced from its harmonics. This

Is because each of the other harmonic sounds in the signal can overlap no more than one prim
number harmonic o8, provided thalt they do not have a fundamental frequency in the above-
mentioned harmonic relatidg = - [fO.  under

In the set of representative featureg(Hy) | p is prime} there are two kinds ddutliers i.e.,
irrelevant values in respect of the true featg(g) of the sound: some prime harmonics have
been disturbed by interfering sounds, while some others are irrelevant because of the propertie
of the soundSitself, for example some prime harmonics may be totally lacking f®imhose

values that areotoutliers vary somewhat in value, because of irregularities and noise, but out-
lier values are characterized by the fact that they are single, clearly deviated values, and invalid
to represent the true featureSf

Example 2. Figure 10 illustrates a situation where t%eset time ¢(S of a noted
(293 Hz) is being determined, when an interfering renfg¢ (293 Hz) has set on a little
earlier. As stated in Proposition 2, every second harmonic of aoterlaps every third
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harmonic of noted, but as stated in Proposition 3, only one prime harmonic is over-
lapped, the third one. The sinusoids at the positions of the first ten harmonics af note
have been indicated by lines, and the dots indicate their onset times. Overlapped harmon:-
ics 3 (prime), 6 and 9 are outliers, since onsets of these sinusoids are due to the interfer-
ing notea, and propose all too early onset times. On the other hand, harmonics 8 and 10
were not detected, and represent all too late onset times, thus being outliers, too.

25 —
20

15—

INoted sets on
10 —
time
log frequency
sk
A4 MNotea sets on (mterferencq).

o

Figure 10.Determining the sound onset time in interference of an earlier started sound.

An analogous situation is met when e.g. tbedness g(S) of a sound is being observed: some
single prime harmonics have been overlapped by interfering sounds, and are outliers. In this
case missing harmonics do not introduce true outliers - their loudness is just weaker than
expected (zero), and are compensated by other harmonics that are louder than expected.

We are now faced with data in which several independent pieces of evidence represent the
same quantity. Some of them are corrupted, outlier values, but a majority of the representa-
tives, calledsamples are reliable, it being highly unprobable that a majority of the prime
number harmonics would be either missing or each corrupted by an independent interfering
sound.This is the motivation for a design of a filter which would pick the estimated feature
9(S) from the set of independent representatiyg@y) | p is prime}, and drop out the irrele-

vant values.

Consider taking the mean among the representatmwea g(hy) | p is prime}. This is not sat-
isfactory, since even one outlier in a set of, for example, seven prime harmonics will cause an
unacceptable deviation to the mean, since outlier values may be grossly erroneous. Instead, th
class ofmedian and order statistic filters prompted by the fact that they are particularly
effective in dealing with the kind of data that we characterized above. These filters depend on
sorting the set of representatives. In our previous Example 2, sorting the onset times of the
prime harmonics would result as depicted in Figure 11.

gr(hs) reliable values ’/-gT_(<missing harmonic>)
small-value large-value
outliers | >< | | | | >< | oufliers

Figure 11.Outlier values map to the both ends of a sorted set of representatives.

It can be seen that under- or overestimated outlier values map to the both ends of the sorted se
and in between, the reliable representatives are sorted from the smallest up to the largest
Because we can assume the majority of the values to be reliable, we can safely pick, for exam-
ple, the middle (median) value of the sorted set. Thus we yield the desired feature of the sound
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by
a(s) = mediaq g(hy) | p is prime}. 11

More knowledge of the feature in question, and of the nature of the outliers - for example
knowing that only large-value outliers exist in data, would perhaps suggest picking some other
than the middle value. This and some other questions will be discussed more extensively in the
following section, where order statistic filters are introduced. For now, it is most important to
notice that sorting the set of representatives is a good way to separate outlier values.

6.6 Generalization of the result and overcoming its defects

The fundamental building block for our music transcription algorithm has been stated. And
truly: in practical simulations picking the median of the features of prime number harmonics to
represent the whole sound proved to be robust in rich polyphonic contents, when automatic
transcription of polyphonic musical contents was attempted.

There are still inevitable defects to overcome, howeWeo few harmonicare taken into
account in calculations, if only the prime number harmonics are used to determine a feature of
a whole sound. This degrades the usability of the algorithm and makes it sensitive to the tonal
content of a sound, where even all prime number harmonics could be missing. A small set of
representative harmonics also produces large deviations in the result, although its value woulc
be reliable in the sense that gross errors are avoided even in interference.

The other notification to be made is that all the harmonics in a set of harmonics are not equally
trustworthy in value, but we need &nphasize the lowest harmonid#is is due to three rea-
sons. First, the amplitude of the higher harmonics is generally smaller and thus more sensitive
to interference and noise. Second, if the sound source is not known, we cannot even know the
precise number of accountable harmonics. The third reason is met when matching a pattern o
a tone model to a signal: our tone model is typically rough and sound variations depending e.g.
on the instrument and playing velocity especially affect the value of the higher frequency har-
monics which no longer resemble the tone model used.

We proceed towards a model where these shortcomings are removed but the advantages of tt
set of prime number harmonics are preserved. We denotalfgature extraction filter to per-
form the operation

a(s) = v{a(h)} . (12)

where {g(h;)} is the set of features of all the harmonics of the so@hdach being a represent-
ative of a feature of the whol8 §(S) is the estimated feature of the whole soudrhis
means thav picks the estimated feature of a sound from the set of features of its harmonics.
The requirements of the filtercan now be exactly expressed as given in Table 7.

The use of the class of median and order statistic filters was motivated in Section 6.4. In his
doctoral thesis, Kuosmanen has developed algorithms for the statistical analysis of stack filters,
comprising the abovementioned filter classes plus an important portion of other non-linear fil-
ters [Kuosmanen94, Astola97]. We implemented Kuosmanen'’s algorithms, and will use them
in the continuation. First we need to define two concepts.j‘ﬁheample selection probability

of a filterv means the probability that the samplen a set {hL} is selected to be the output of
V{h;}. We denote sample selection probability By(j). Thei M rank selection probabilitpf a
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Table 7: Requirements of the feature extraction filter.

1. A single interfering sound may cause an overlapped (disturbed) harmonic to exist
in output with only up to dimited probability. More generally this reads: given a
number ofN interfering sounds may together cause a disturbed outlier harmonic to
be chosen to the outputwivith only up to a given limit probability (lambda).

2. The filter must utilize all the harmonics of the observed sound as equally as possi-
ble to make it applicable and robust to different kinds of sounds. Piokihgthe
prime number harmonics is not very satisfying from this point of view.

3. The filter should havas a high breakdown point as possipiehich means the
number of outlier values that are needed to break down the statistics of the filter, i.e.,
the output of the filter is also an outlier [Kuosmanen94].

filter v means the probability that th& smallest value in an ordered sétfis selected to be
the output of{ hj}. We denote the rank selection probability Byi).

Several design efforts were made with so-caledltistage mediatfilters, which will not be
discussed here, since a thorough statistical analysis of different kinds of stack filters showed
that weighted order statistic filter§WOS have the best statistical properties for our use
[Astola97]. The output of a WOS filter is calculated as depicted in Figure 12: representatives
(samples) are first sorted according to their value, then each sample is repeated according to it
weightthat is given in the filter's parameters, and finally & smallest value is chosen from

the resulting sorted multisetTis the threshold, and also a parameter of the filter
[Kuosmanen94]. From now on we will use WOS filters grsliyce their weights allow conven-

ient tailoring of the sample selection probabilities, i.e., the probabilities of the harmonics to be
picked to represent the whole sound. The thresfoloh turn, can be used set to bias rank
selection probabilities around the median or some other value.

Parameters of an  Sample set size: 7.
example WOS filter: Weights of the samples (number of copies in multiset): 5, 4, 3, 2, 2, 1, 1.
Threshold: 8.

original samples sorted samples sorted multiset of samples

(7]1]4[2]6[9|5}—4—»|1]2]4[5]6] 7| o}——{1]1]1]1|2|2 4 4 4] 5] 6] 6] 7| 7] 7| 7] 7] 9|
weights:5,4,3,2,2,1,1 | ! 4
sort apply the weights choose the'8 smallest value

Figure 12.Parameters and calculations of an example WOS {{ted,4,2,6,9,5} = 4.

We need one more definition still. A $&¢, is defined to be
En = {hngt . (13)

wherej is an integer greater than or equal to one. In other words, the sEsemntains every
m" harmonic, starting from harmonma.

On page 32, we proved that if an interfering solRa@verlaps a harmonic of an observing
sound, it overlaps eveny1th harmonic of it, i.e., exactly the subggt, Therefore we can now
rewrite the first requirement of Table 7 as finding the sample selection probaldii¢gor
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the filterv so that the selection probabilities of tNdargest subsets,,, together sum up to the
given limit probabilityA. N largest subsets, which are not subsets of each other are the prime
sets f,,,| m=2,3,5,7...}.E; is excluded, because the case of all harmonics being disturbed will
be discussed separately in Section 6.9 i$ set to 1 this can be expressed as findigg) in a
minimizing problem

mm% z P,(m DI)[D (14)
0 m>2 0% BN

The second reqwrement can be expressed in these same terms as trying to distribute the unit
sample selection probability as equally as possible to all harmonics. The third requirement
calls for implementing as tight a rank selection probability as possible, i.e., trying to concen-
trate the rank selection vectBy around theT™" smallest value. Actually it can be shown that
satisfying the second requirement will result in satisfying the third as well. See Figure 15 on
page 45 to have an idea of what sample and rank selection probability vectors could look like.

We will first develop an algorithm for finding the desired sample selection probabHg{@s
and later design a WOS filter to implement tRgj).

Finding the desired sample selection probability vector

We have earlier stated that an interfering soRmlerlaps harmonics of a sousdf and only

if ‘0g = ?Dfo, and in this case it overlaps the subg&gt among the harmonics. Here we
assume all fundamental frequencies of interfering sounds to be equally probable. Further sta-
tistical analysis of music might prove that this assumption is not true, but we prefer not to make
music style specific assumptions, and on the other hand do not have the possibility to make &
more precise analysis of the typical distributioriRp$.

Based on the assumption, atl and n values binding the fundamental frequencyRfare
equally probable (up to the total number of harmonics, since otherwise the probability of a cer-
tain m would approach zero), from where it follows thatis equally probable to choose to
overlap any subsd,,,. However, theelative trustworthiness not the same for all the single
harmonicsh;, but equals the probability that none of the sBfsthat h; belongs to is over-
lapped. ThIS can be calculated@d), wheret represents the overall probablllty of an interfer-

ing sound to overlap some subigg, and D(j) is the number of subsets,, that harmonidh
belongs to. It can be easily proved tixj) is the number of integers that divigeD(1)=1. An
integera is defined tadivide another integeb, if and only if b = da holds for some integedt
[Koblitz87].

Sample selection probabilities of the harmonics should be according to their probability of
being trustworthy. We can therefore wiigj) in the form

. D(j
P(j) = T (i ’ (15)
wherej = 1, andD(j) is as defined above.

We denote the total number of harmonics of the observed sourdd Bye overall selection
probability of the harmonics is

J
5 D) (16)

i=1
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and should equal to unity.

Setl is defined to contain the numbgrsf the harmonic#y; that belong to some of the larg-
est subsetsg,, | m=2,3,5,7...}. IfN=1, setl simply contains even numbers updoThe sum
over the selection probabilities of the harmonics in tiNelsggest subsets is

EID“W (17)
T

Finally, we can rewrite the first requirement of the feature exraction filfgsee Table 7 on
page 38) as

J
grm”:ADzrm”, (18)

il j=1
from whicht can be solved. Selection probabilitiegj) can now be uniquely solved by substi-
tuting Tt to Equation 15.

The special properties of the resultify(j), and the role of the selectedvalue will be dis-
cussed after representing the above reasoning in an algorithm form.

Algorithm 1. Calculation of the sample selection probabilitieg) of a feature extraction fil-
terv, so that the selection probability of a harmonic is according to its relative probability of
being trustworthyrD(j), and so that the sum over the selection probabilities of the harmonics in
N largest subsetsH,, | m=2,3,5,7...} yields the given limit probability. The sum over whole
P4(j) is unity.

Step 1.CalculateD(j), wherej=1,2,...), so thatD(j) is the number of positive integers
that dividej. This is the number of subsétg, that a harmonig; belongs to.

Step 2.Form set, which contains the numbey®f the harmonics), that belong to some
of theN largest subsetsH,,,| m=2,3,5,7...}. IfN = 1, setl simply contains even numbers
up tod.

Step 3.Setemax= max{D(j)}. Calculate vector#\;(e) andA,(e), wheree=1,2,...emax
so that
A(e) = number of items iD(j) that satisfyD(j) = e

As(e) = number of items in@(j) | j T | } that satisfyD(j) = e.
Step 4.Form polynomialf (1) = a; [ +a,d "+ ... +a
cientsagare a, = A,(e)—(A UA(e))

emax
iy

emax , Where the coeffi-

Step 5.Find all roots of this polynomial by solvinift)=0. Although this cannot be done
analytically for higher than fourth order polynomials, efficient numerical methods exist.
In practice, this reduces to finding eigenvalues of the associated companion matrix of
[Horn85].

Step 6.If the problem is solvable for giveN, A andJ, there is only one root that is real
and between 0 and 1. This root is the valtieat was discussed earlier.

Step 7.Calculate an initial sample selection probability vector of the WOS filter as

< D(i
Ps(i) = @™ . )
Step 8.Divide each valuePg(j) b)Q Ps(j) to scale its sum to unity. Thig(§).
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We arrive at sample selection probability valBg§) , where

j; Ps(i) = A,

and setl is as defined earlier. This means tizinterfering sounds may together contribute
only up toA probability that an overlapped harmonic exists in the output. Another very impor-
tant property of this algorithm is that we can flexibly make a tradeoff between the requirements
1 and 2 in Table 7. Concretely, this means that the less we put emphasis on the robustness c
the filterv in the presence of interfering sounds, the more equally the filter utilizes all the har-
monics of the observed sound, and vice versa. Some different parameter selections are illus
trated in Figure 13.

127
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a0f
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0.05

.06+ .08t
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.04}
.04,

.02}
.02

. .00 \ . , \ . . . . . ,.00L
2 0 20

a) N=1, A=0.5 b) N=1,A=0.3 (or: 2, 0.45) c) N=1,A=0.1

Figure 13.Sample selection probabilities for 20 harmonics, calculated using Algorithm 1.

How then to select good parameter valuesNoand the corresponding? That depends on

how rich the interfering polyphony of other sounds is. Some boundary values are illustrated in
Figure 13. In plog) one interfering sound is allowed to disturb half of the masBj), which
results in an even distribution of selection probabilities. This is not sensible, since in that case
even a single sound is able to disturb the output of the filter. On the other hand, @) alsin-

gle sound is allowed to disturb only 10 % of the mas®gf). This results in practically utiliz-

ing only the prime number harmonics of the observed soundbiplgives a good tradeoff: one
sound may corrupt 30 % of the massR{j). We obtain an equal result by requiring that two
sounds may corrupt 45 % of the masdRgfj). It means that two interfering sounds should not
corrupt the output of the filter, and still the distributionfyj) utilizes quite well the different
harmonics of the observed sound.

The structure of Ps distribution is worth noticing. Our algorithm also solved a more general
problem of finding values of vectdty(j) so that sums over everyth value of it can be control-
led. The solution is of the type that is plotted in Figure 13. In Figure 14, we further pB(pd
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for 40 harmonics, and corresponding sums over evﬁ‘rharmonics.

L L L L L L L ,
o 5 10 15 20 25 30 35 40

a) Pyj) for N=1,A=0.3 b) Sums over everyn P as function ofn

Figure 14.Sample selection probabilities for 40 harmonics and sums overra%wylue.

Example 3.Let us now reanalyse th@& majorchord that was used earlier in the Example

1 of Section 6.3. There we found out that 47%, 33% and 60% of the harmonics of the
notesC, E andG, respectively, were overlapped by the other two notes in the chord. Now
we study how large a percentagkthe mass of the vectorf) is overlapped by the two
other sounds when we change parameters in calculBt{ng SettingA to 0.4 we assure

our filter to be robust foN interfering sounds (the remaining 0.6 will have a winning
majority over 0.4). Then we |&t increase and monit®y(j). The results are in Table 8.

Table 8: C major Percentage of overlappedP with different parameters.

Number of interfering Percentage mass pf

_ . Parameters used disturbedP.- (%
soundsR; that the filterv in calculatingP, s (%) |Average

is robust to C E G
zero (old reference) N=1 | A=0.5| 47 | 33| 60 a7
one N=1 | A=0.4| 39 25 50 38
two N=2 | A=0.4| 29 13 36 26
three N=3 | A=0.4| 25 8 28 20
four N=4 [ A\=0.4| 20 4 22 15

We note that there is a substantial difference between the old reference percentages an
the filter which is robust to two interfering sounds, for example. Especially, we note that
the overlapped amount can be effectively limited and controlled even in the worst cases.

We further reanalysed the other previously presented note combinations using only parameter:
N=2 andA=0.4 that makes our filter robust to two interfering sounds. The results are given in
Table 9.

Two notifications should be made in Table 9. First, the disturbed percentages are substantially
smaller using our filter than when equally utilizing all harmonics of the observed sound. Prac-
tically, the filter output will not be disturbed, if the percentage is 40 or smaller. Second, when
all harmonics (100 %) are overlapped, nothing can be done, but the filter output is also dis-
turbed. In this case we must use a so-cadleldtraction principlethat will be presented in Sec-

tion 6.9.
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Table 9: Comparing the absolute overlap and overlapped mass Bf .

Notes in the Percentage of Percentage mass of
Chord chord overlapped harmonigéverage disturbedPg (%), |Average
(%), maximum boldefd maximum bolded
Cmajor |[c |e |0 47| 33 60 47 | 29| 13| 36 26
Cminor [c |d#|g 33| 20 50 34 | 18| 13|26 19
cOadde |C |d#|t# |a 43|31 33| 33 35 | 28|24| 17| 18 22
ct c g#| c2 60 25 30100 54 | 36| 10| 171100 41
co c e |g|a# 50 23 3965|11| 38 | 31| 8| 17140| 5 20
C+base [cl|c3|e3 g3 47100 100 100 87 | 26/100 100 100 82
inharm  |c |c#|d |d# e |41|11| 20| 25| 33 26 |23| 3 | 7 | 15| 15 13

Emphasizing the lowest harmonics

In the beginning of this chapter we mentioned two defects to overcome. The other requirement,
emphasizing the lowest harmonics, has not yet been treated. Above we set requirements (lim
its) to the sums ovelP4(j)'s subset&,,,. Now we set further requirements for sind?g(j) val-

ues. It turns out that further multiplying the valuesRyj) by a smooth and monotonically
decreasing function does not substantially change the sums over eachEybsgice subsets

E,, are distributed over the whole lengthRafj).

The reasons that called for emphasizing the lowest harmonics were listed in the beginning of
this section (page 37). Based on them, the emphasizing funeftpnshould be selected to
roughly follow the general level of the harmonics of the sound whose features are observed.
The selection of the emphasizing function is not critical, and the same emphasis can be usec
for all musical instrument sounds. One convenient function is given as an example:

: 1 1

e(J)—j+a—J+a+1, (19)

whereJ is the set size. This function fits well for the relative loudnesses of the harmonics of
different sounds, and can be easily tailored fgr the desired steepness by adjuSetignga to
zero reduces the envelope of the function to-be . For the observation of piano sounds we se
ato J, which produces nearly linear roll-off.

Conclusion

We can now present the final sample selection probability véy@y for a filter v that picks
the estimated featur§(S)  of a sound from the set of featuyég)f of its harmonics, and
drops out the irrelevant values. It is a result of both sum constraints and an emphasizing func-
tion
P(i) = e()) P2() (20)
whereP(j) is the vector that was calculated using Algorithm 1 with parameédeasd), and

€(j) is the emphasizing function. RecommendationadN@ndA ande(j) have been given. The
sum overP(j) must be scaled back to unity after multiplyingegy.
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6.7 WOS filter to implement the desired sample selection probabilities

So far, we have fixed the probabilities of the harmonics to be selected to represent the observet
sound. To benefit from that, we need to design a filter itln@lementshese statistical proper-

ties when applied to the segfh;)}. We present an iterative algorithm for finding a weighted
order statistic (WOS, see Figure 12) filter to implement the selection probabilities, and to
maintain the desired properties of a feature extraction filter that were listed on page 38.

As mentioned earlier, Kuosmanen has developed an algorithm for calculating the sample and
rank selection probabilities of a WOS filter, whose weights and threshoéde known
[Kuosmanen94]. There is, however, no analytic method to solve it the other way round: calcu-
lating the weights of a WOS filter to implement the desired sample selection probabilities.
Thus an iterative algorithm was designed to meet the practical need in lack of an analytical
method.

Algorithm 2. Calculation of the weights of a WOS filter to implement the desired sample

selection probabilitiesR(j)}.
Step 1.Initialize the filter's weights to bew( ) = (Pg(])) . After this, scale the
overall sum ofw(j) to bea, which will be the size of the resulting multiset after weight-
ing samples by takingv(j) copies of each. The complexity of a WOS filter does not
depend om, but the complexity (and precision) of this algorithm does. A reasonable
value forais 100. If the number of input samples is over about 15, the approximation is
precise enough and we can stop.

0.75

Step 2.Calculate the sample selection probabilifes j) for the current weights of the
filter using the algorithm presented by Kuosmanen in [Kuosmanen94, pages 41,42].

Step 3.ComparePs to the desirdel. Incrementv(j) to the samples that have too low a
selection probability and decrementj) to the samples that have too high a selection
probability.

Step 4.Scale the sum ofr(j) to be the selected size of the multiset,

Step 5.If the value of the vectow(j) has changed and has not returned to an old, previ-
ously assigned value, return to step 2.

For a multiset siza=100, typically five iterations are enough for the algorithm to converge. A
problematic step is the calculation Bf  in step 2, whose memory consumption complexity is
O(ZJ) . This makes the algorithm heavy for sample set sizes larger than about 15. It turns out,
however, that the initializing approximatiornw(j) = (Ps(j))o'75 becomes more precise,
when the sample set size grows. This makes further iterations useless for sample set size
larger than about 15.

Threshold parametér (see Figure 12) of the WOS filter must be biased using the knowledge
of the statistic distribution between too-small and too-big outliers in data. In the later applica-
tion to music transcription we used a median vallies éi , it is: choosing the middle value
in the multiset of chosen size This decision was made YHased on the fact that imprecise instru-
ment model produced most errors, making the distribution between too small and too big out-
liers quite equal. A growing number of interfering sounds adds too big outliers, as more
harmonics are overlapped. In that cdsshould be selected smaller. Instead of selecting only

the T" value to the output, the mean of a group of samples arountifrome can be used, too.
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A filter was realized using the above presented procedure for sum paraiefendir=0.4,
and sample emphasizing functiefj) of Equation 19 witha=J. Its realized sample and rank
selection probabilities for a sample set size 15 are plotted in Figure 15.
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Figure 15.Sample (bars) and rank (curve) selection probabilities of an example WOS filter.
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Practical use of the WOS filter

We reduced the observation of a featg(&) of a harmonic soun& in the presence of other
interfering harmonic soundg; to measuring the featuregh;) of the harmonics of the sourl
and applying a weighted order statistic fik¢o deduce an estimate gfS).

The result of the whole design process described in this chapter can be packed to a small kerne
of filters, designed to apply for the feature extraction of different kinds of sounds. A good start-
ing point is using the recommended selectionsNoA ande(h;). WOS filter weights must be
stored separately for each different sample set size, but this is not a problem, because the typi
cal set sizeg, i.e., the amounts of audible harmonics of sounds, go approximately up to fifty,
and the amount of data stored for each filter is abbytes.

A ready-made filter kernel can be effectively used, but its optimal design calls for understand-

ing the presented theoretical grounds along the design path. A proper understanding of then
and the knowledge of the statistical properties of the data opens a way to tailor an optimum

solution for each feature extraction problem.

6.8 Extracting features that cannot be associated with a single harmonic

In the Section 6.1, where the feature opera(®y was defined, we divided the features into two
classes, depending on whether they can be associated with a single harmonic or not. Until now
only features of the first class have been considered, since we have applied our feature extrac
tion filter v to the set of features of the harmoniaiHy)}. For the feature class II, however, the
notationg(hy) is irrelevant, becauggcannot be applied to a single harmonic.

Again we take soundolour g-(S) as an example of a class Il feature. The perceived sound col-
our of a harmonic sound at a time instégis determined by the relative amplitudes of the har-
monics, when compared to each other, i.e., the energy distribution of the sound to its
harmonics. Such a feature cannot be associated with a single sinusoid.

The kernel of the designed filtgrcan still be used in the extraction of class Il features. We first
need to define parametrizablenodel for the sound colour, where the number of parameters is
less than the number of harmonics. Let us estimate the relative amplitudes of the harmonics
with, say, a second order polynomgaA(hj) = aj2 +bj+c
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Now extracting this model’'s parameters from the observed signal in a manner analogous to the
WOS filtering is an optimization problem. We need to determine the paranstb@ndc so

that L1 error, i.e., the absolute value of the difference between the model’s amplitude values
and the values of the actual harmonics in the spectrum is minimized. Further, the L1-error over
the sample points must be taken ageaghtedsum, where the weight of each sample is accord-

ing to the sample selection probabilitiegj). The meaning of the thresholdof the filter can

be taken into account by giving a different emphasis to the positive and negative deviations
from the actual sample values. Fitting a function to datapoints in L1 sense is quite a usual opti-
mization problem, and is not treated here.

Adaptive instrument modelirig a problem to be solved using this kind of procedure. It means
the problem of finding the colour of a tone (sound of a musical instrument) from the midst of a
polyphonic piece of music by adapting the model's parameters along with the playing of the
piece.

6.9 Feature ‘subtraction’ principle

Our algorithm and discussion on the observation of the features of sounds in the presence o
other harmonic sounds was based on an assumption that the observedsssumad totally
overlapped by an interfering souRdwhose fundamental frequency is

fOg = = OFO,

As a last case, we will now propose a method for dishing up this worst case. To repeat: the
observed sound is totally buried under the harmonics of an interfering sound, and even this is
not an extremely special situation, because of the characteristics of music that were discusse
in Section 6.3.

The basic idea of our solution is tmmpensatéhe effect of the interfering sourfg the prop-

erties of which can be robustly extracted in the presenc®g wding the procedure presented
before, because the interfering sound is not totally overlappes Birus it will be enough to
develop an algorithm to subtract, remove, or compensate, the revealed properties of the lowel
sound and then proceed to determine the properties of the sumhlich is laid bare from

under the interfering sound.

The subtraction process crucially depends on the feature under inspection, and cannot be pre
sented in a general form. Instead, we treat one example that has often been discussed in th
field of automatic transcription of polyphonic music [Chafe85, Brown91b, Martin96a,b].

Example 4. The problem is to determine the hypothetieaistenceand loudnessof a
soundS at the fundamental frequenés, which has been totally overlfpped by a lower
sound, whose fundamental frequency is in the aforementiéOgd= ﬁDf 0. relation
toS.

The existence of the lower souitican be deduced using the methods presented in this
chapter. Moreover, its loudnesgg(R) is robustly determined in spite of everf)1 har-

monic being overlapped by the souBdBut for the sound it is most difficult to deter-

mine whether it even exists (not to speak about recovering its loudness), because all its
harmonics are overlapped by the harmonics of the sdrrahd could therefore be
resulted from the sounB alone. The existence of the sound S is indeed theoretically
ambiguous because the same signal content could really have been resulted from a singl
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harmonic sound having stronger harmonics at evérositions.

There is, however, a remedy to the problem of detecting the higher one of the two sounds in a
harmonic relation to each other. The higher sound is revealed bsegjodarity at which the
amplitudes of the harmonics at even’i? positions exceed the overall level of the harmonics of

R. Although this cue is theoretically ambiguous, as stated above, it is both psychoacoustically
relevant and practically useful.

The principal problem in subtracting the harmonic®kdfom the spectrum is that although an
estimate of the featurg (R) can be deduced from the featureg ¢h)} of its harmonics, this
cannot be done vice versa, i.eg {h;)} cannot be precisely deduced frogp(R), although it

would be desirable to enable subtracting the loudness of each single harmonic from the corre-
sponding sinusoid in the spectrum.

We approximate subtracting, however. Some parametrizable curve is fitted in L1 sense through
the spectrum peaks at the slots of the harmonic partiais dhis is done using the procedure
presented in Section 6.8. Now this curve determines the approximated distribution of the
robustly calculated loudness Bfto its harmonics. It turns out that the approximation made in
the loudness distribution does not crucially change the loudneSswvalfien determined after

the subtraction. Subtracting a set of sinusoids from a Hamming windowed Fourier transformed
spectrum is another story altogether, and will be explained, when our automatic music tran-
scriber is considered in the next chapter.

After the sinusoid partials of the souRthre removed, we notice that a fundamental frequency
candidate oS at the position of tha" harmonic ofR stands naked in the spectrum. When its
loudness is determined using the same procedure &g, fibturns out that the soun truly

exists, because it is loud enough to be heard as an independent sound. It is seen that a robu
determination of the loudness of the lower sound gives a steady ground to approach ever
totally overlapping set of potential sound candidates in a signal by starting from the lowest one,
determining its loudness, subtracting it, and continuing upwards to the next candidate.
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7 Applying the New Method to the Automatic
Transcription of Polyphonic Music

In this chapter we evaluate and verify the theoretical results of the previous chapter by apply-
ing them in a computer program whose purpose is to transcribe polyphonic piano music.

The challenge to our system is shortly stated as follows. We take the instrument to be tran-
scribed and record its different notes one by one, a sufficient amount to represent all the differ-
enttone colourghat can be produced by that instrument. In the case of a piano we recorded all
its keys one at a time. This is what we ctllining material When our program has studied

the training material we require that it can transcribe rich polyphonic musical signals played
with the same instrument, i.e., to decompose signals into a subset of training set tones and tc
determine their loudnesses and fundamental frequencies in the signal. Transcribing without
training material will be discussed, too.

This is a good simulation arrangement to evaluate the efficiency of the presented theoretical
methods in resolving a mixture of harmonic sounds. Emphasis is laid on resoiefngoly-

phonic contentshat have been previously impossible to transcribe. We will present simulation
results both for ‘typical stumbling point’ note mixtures and for classic piano compositions. We
will also compare this transcription system to our older pattern recognition approach, reflect
their differences and strengths, and evaluate the role of the new methods.

7.1 Approach and design philosophy

Music transcription is a complicated cognitive task and requires integration of various forms of
knowledge. A human listener not only uses the information that is present in the signal, but
also utilizes his prior knowledge about musical conventions and instrument tones. Here we use
a so-called bottom-up approach only, which means we ignore musical knowledge and only use
the information that can be found from the recorded signals. In other words, all note combina-
tions and sequences are assumed equally probable.

In Section 3.6 we presented a certain design philosophy, which goes through the design of the
system as a background flow of thought. Shortly, at each abstraction level we must first know
what information is needed, then find the best method to extract it, and finally analyse the reli-
ability of the measurements. This philosophy has by far determined the selection of system
building blocks from among the tools presented in literature. An additional objective was to try
to concentrate on algorithm design and to avoid spending time on parameter tuning.

7.2 Overview of the system

Overview of the system is presented in Figure 16. It consists of three processes, where two
supporting processes pass their results taascription processn the middle. Output from
studying the training material is a bank of tone models, that is, the parametrized information of
the tones that may exist in signals that should be transcribed. The studying process is hereafte
calledtone model creation procesd.makes a radical assumption that only one musical tone
plays at a time in the training material and then proceeds by segmenting the signal and deter-
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mining the fundamental frequency and tone colour of each musical sound. The other support-
ing processkernel creation procests an implementation of the algorithms presented in the
previous chapter. It yields filter kernels that are used in observing harmonic sounds in the tran-
scription process.

The kernel creation process needs to be run only once, the tone model creation process neec
to be run once for each new instrument, and the transcription process needs to be run for eacl
musical piece to be transcribed.

The two signal sources at the bottom of Figure 16 stand for the training material and a musical
recording to be transcribed. The third input, facts concerning sound mixtures, refers to the
characteristics of a mixture of harmonic sounds that were discussed in the previous chapter.

7.3 Filter kernel creation process

The filter kernel creation process is an implementation of the algorithms that were presented
and motivated in the previous chapter. Its aim is to find a feature extraction filter to observe
harmonic sounds in the presence of interfering sounds. Algorithm 1 was programmed to calcu-
late sample selection probabiliti®s(j) that are robust to two interfering sounds in the worst

TRANSCRIPTION PROCESS <
Tone models
Filter kernels N O T E S
TONE MODEL CREATION
T PROCESS
subtraction from the
KERNEL CREATION PROCESS spectrum Tone mOdeIS
F | Iter kernels Loudness of the Relative ampli-
lowest remaining fO tudes of the har-
I candidate monics
Fusion fO candidates Monophonic
A A (spectrum peaks) fO tracking
Bounded Q Bounded Q
sum sample transform transform
con- empha-
straints sis
(N, A) e(h) Segmentation Segmentation
(rhythm tracking) (rhythm tracking)

sound mixtures Musical recording Instrument training signals

Figure 16.Overview of the system.
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case N=2, A=0.4). The lowest harmonics were emphasized using the recommended function
on page 43 witla=J. Algorithm 2 is used to find a weighted order statistic (WOS) filter, which
realizes the desired sample selection probabilities. The threShes set to pick the median
value among the representatives in order to effectively drop out both too small and too large
outlier values.

The WOS filter parameters, kernels, must be calculated for all sample set sizes from 1 up to the
maximum number of harmonics that is expected to be encountered in the observed sounds. Th
results of this process are stored in a data structure, kernel of filters, which is then used in
observing the features of the sounds in the transcription process.

7.4 Tone model process

Input to the tone model process is a set of monophonic training signals, where each instrumen
Is played at a sufficient number of pitches and styles to represent the whole range obl-
oursthat can be produced by these instruments. The process makes a radical assumption the
only one musical sound plays at a time in training signals. Then it makes a monophonic tran-
scription of signals by segmenting them, observing the sounds, and storing the parameters o
the sounds to tone models.

The information stored for each tone is its fundamental frequency and relative amplitudes of
the harmonics. Measurements are focused to a time instant at about 30 ms from the tone onse
where most transient phenomena have subsided, but the higher harmonics are still playing, an
the whole richness of the harmonic series can be utilized in calculations. As discussed in Chap-
ter 3, the bounded Q transform was chosen for the frequency analysis to provide precision both
in time and logarithmic frequency. This allows focusing the transform to a certain time instant
or observing the time evolution of the sound. However, in the current system the transform and
the measurements are focused to one time point only. This is a gross simplification, since ever
a human listener usually cannot recognize a sound without hearing its evolution in time and the
beginning transient. This simplification is justified, however, by our intention to focus on eval-
uating the performance of the algorithms presented in the previous chapter. Using a better, time
evolving model will be discussed later in this chapter, and more extensively in Section 8.4.

The inner structure of the tone model process is presented in Figure 17. Main control is on the
top, and it proceeds by calling the subroutines in succession from left to right. Text “for each
<item>" on the calling arrow means that the call is repeated for eachditm>. The subrou-

tines in turn may call lower level subroutines.

The main control proceeds roughly as follows. Each training signal is loaded at a time and seg-
mented to distinct tones using the rhythm tracking procedure that was presented in Chapter 4
The segments are bounded Q transformed one by one, and the fundamental frequency and tt
relative amplitudes of the harmonics of the tone are solved from the spectrum. Parameters of
the tone are then added to a tone model bank. In the following sections we describe the differ-
ent phases of this process in the order of the program’s flow of control.

Bounded Q transform

The principles of the bounded Q transform were presented in Chapter 3. It was chosen for our
system because of its ability to efficiently calculate a spectrum with a logarithmic frequency
resolution. In our implementation three parameters can be tuned: 1) the length of the shortes
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time domain window (for the highest frequencies), 2) the number of octaves to iterate for low
frequencies, doubling the frequency precision and time window for each octave, and 3) the
point in time where the frequency analysis is focused and the time domain windows are cen-
tered to. These analysis parameters should be selected to be the same both in the tone mod
creation and transcription processes to optimize their co-operation.

A Hamming window is used in frequency transforming each time domain window. This is
important, because a Hamming window prevents a single sinusoid from blurring too wide in
the frequency spectrum, which in turn allows a more reliad#larpeningof the spectrum
peaks. The sharpening operation will be described later.

Tracking the tone onsets

The scheme in tracking the onset times of the tones is the one presented in Chapter 4. As state
earlier, too sensitive tracking is not a problem here, since two rhythmic segments can be later
fused, if the latter segment is noted to contain only continuation of earlier started sounds.

Monophonic fundamental frequency determination

Monophonic fundamental frequency determination is not trivial, but still easy from our point
of view. Roughly, it is done by forming a set t§ candidates from the lowest spectrum peak
and two and three times lower frequencies below it. Then each harmonic partial above a candi-
date is taken as a piece of evidence for the existence of the candidate, emphasizing the harmor
ics according to the weighf(j) that are calculated using Algorithm 1 of the last chapter and
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a bank of tone models based
on a given set of signals.

abstraction
level

high

LOAD: Load a o7 Mr—ach
sampled acous- each segment.

tic signal. file. For—each segment.
: secpuent & \AMPLIT DES:
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Measure the rela-
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For each

ONSETS: Find the BQT: Hamming win- tive amplitudes of

onset times of sep- dowed bounded @ ©fthetone. the harmonics of
ggztri;ztn;i)r(;lgnal g:gig:: of a signal FO-SHARPEN: Qalculate the tone.
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guency based on its
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tude of a sinusoid visible asa  lytically ~ solve
peak in the spectrum—Prequested FFT
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v other sinusoids or noise.

Figure 17.Tone model creation process: subroutines and their calling relations.
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the same parameters as in the kernel creation process. The wihoarglidate is chosen.

Analytical calculation of a Hamming windowed Fourier transform of a single sinusoid

In the following two sections we present mathematical tools that bridge the gap between the
sinusoidrepresentation of a sound and s{sectrumcalculated using a Hamming window (see
Figure 18). First we derive a result that allows efficient analytical calculation of the desired fre-
guency domain bins for a known sinusoid.

o0 : 4———Precise amplitude and fre-

spectrgm bin,,, quency of the sinusoid.
amplitudes |

1 spectrum bin number

L L L L
13 14 15 16 17 18 19 20 21

Figure 18.Hamming windowed frequency transform of a single sinusoid.

Discrete Fourier transformd(k) of a sampled time domain signghT) using a Hamming win-
dow is calculated as
N _1|:| ik T [2 T
- N B TN
X(K) = zog((nT) & [H0.54 0.46cost; _1% , (21)
n=
wherej is the imaginary unitT is the samplir&? interval, anklis the frequency bin number,

zero corresponding to zero frequency, &nd 5 to half the sampling rate [Ifeachor93].

A harmonic sound consists of a series of sinusoids. A stable time domain sinusoid in the time
domain window [ON-1] can be expressed as
¥ mT
«nT) = Al -~ N 22)
whereA andfg are the amplitude and frequency of the sinusoid, mgdes from zero tiN-1.
Here we deliberately omit the phase of the signal, since it is not used. Substituting (22) to (21)

we can calculate the value of a transformkiiar a single sinusoid as

N-1 . DgrrnT
X(k = S [Ale CH0.54- 0.46 oS- % , (23)
nZOE| _1

wherefy is the frequency of a spectrum bin This sum approaches the value of a continuous
integral as the sampling intervalapproaches zero. Therefore we can approximate the summa-
tion by replacing it by a continuous integral, writibhgistead oinT, and integrating from zero

to N-1. The integral can be analytically solved, and yields

N-1 B . .
O 0O — i Ha=-p) jHa+p)
: B il (e e
A[10.543) [ 0- '46|:1_E B' + , (24
(/ STk 0 P a—-B a+p 9

_2n _ fs— Ty N
wherea. = N-1 anng— 2ntgsamplingrat@l] '
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This means that we can effectively calculate the required bins of a Hamming windowed Fou-
rier transform of a single sinusoid by substituting the upper and lower bourtde Bfjuation .

This result will be later used extensively when subtracting known sinusoids from the spectrum
in the transcription process.

Sharpeninga spectrum peak

Next we present a tool for doing the previous operation backwards, i.e., calculating the precise
frequency and amplitude of a sinusoid based on spectrum bin amplitudes around a spectrun
peak, as presented in Figure 18.

Often we do not have too much redundant information in musical signals, but the notes play
just long enough to determine the frequencies of the sinusoid partials that make up sounds
Low notes typically play longer in music, because even the human ear is governed by the laws
of the nature and needs a longer time period to distinguish sinusoids that are low and close tc
each other in frequency. However, we do not have arbitrarily long time periods to find their
exact frequencies, although that would benefit us a lot. Thus we need to use the available time
window length, and later deduce more precise parameters of the sinusoids, if possible.

Consider a single sinusoid in a noise-free signal. If we could sdledfsfrom Equation as a
function of two known spectrum bin amplitudes, we would be able to calculate the exact fre-
guency and amplitude of a sinusoid even in a quite short period of time, based siratienf

a spectrum peak which indicates the sinusoid. It is evident that our signals of interest are not
noise-free and contain several sinusoids. That is not fatal, however. First of all, when a Ham-
ming window is used, interfering sinusoids do not spread very wide in the spectrum, and the
most important sinusoids are not typically close to each other, since the lowest harmonics have
a large interval between each other in a logarithmic scale. Second, when we use the two strong
est spectrum bins near the peak, the effect of noise does not prevent us from correcting the fre
guency of the sinusoid still a lot when compared to just picking the highest spectrum bin.

We could not solveA andfg analytically from Equation , but an approximation was derived.
Thus we wrote a procedure which takes as input the amplitudes of the bins of a spectrum pealk
and the two bins around it, and calculates the frequency and amplitude of a stable sinusoid,
which causes a peak of such shape, see Figure 18. Although noise and interference wa
ignored and an approximation was used, this analysis makes an important positive contribution
to the results of the higher level algorithms that use the parameters of the sinusoids as theit
input.

Precise values of the fundamental frequency and of the amplitudes of the harmonics

To find a precise fundamental frequency value of a hypothetical sound candidate we utilize the
whole series of its harmonics. The procedure is written in the form of an algorithm.

Algorithm 3. Finding a more precise value for the fundamental frequency of a sound.

Step 1.Look at the positions in the spectrum that are multiples of an initial, still impre-
cise fundamental frequency of the sound. Form the Is¢tfhich includes only the har-
monics that appear geaks roughly in these spectrum positions.

Step 2.Sharpen the peaksi}t using the procedure presented in the previous section and
form a set of sharpened frequencies of the harmopgig$j}.
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h.)0O
Step 3.Calculate aveighted meaamong the frequencie%'iS.—J—) 0 using as weights

the selection probabitie, of the feature extraction filter that Was%esigned in the pre-
vious chapter. Weights are zero for the harmonics that are not peaks in the spectrum.

A weighted mean is used instead of a WOS filter, because there cannot be radically disturbec
outlier values in the setge(h)}, and, on the other hand, no single frequency bin is likely to be
good enough to be picked alone as a representative for the fundamental frequency.

The amplitudes of the harmonics of the tone are found by looking at the positions of the har-
monics and picking the bin amplitudes. If a bin appears as a peak, i.e., the bins at both sides
have a lower amplitude, the peak is sharpened using the procedure presented in the previou
section, and the refined amplitude value is used.

7.5 Transcription process

Input to the transcription process is a musical signal that should be transcribed, together with
tone models and filter kernels from the other two processes (see page 49). The flow of opera-
tion goes roughly by rhythm tracking the note onset times in music, and then resolving the con-
tents of each signal segment one by one. ©hgput of the process consists of 1) segment
times, which imply the onset times of the notes and 2) of the fundamental frequencies, loud-
nesses and instrument types of the sounds in each segment. The fundamental frequencies a
not quantized to those of tone models, but the closest (in frequency) tone model is used for
each instrument.

The inner structure of the transcription process is presented in Figure 17. The notation is the
same as was used before. Moreover, some of the procedures are the same as were used in t
tone model creation process, and are not explained again.

The very heart of the process is the subroutEsOLVE TONES which decomposes a signal
segment to a set of tones and finds their fundamental frequencies and loudnesses. It proceec
roughly as follows. First, all potentidundamental frequency candidatedso calledsound
candidatesare deduced from the spectrum. Then the candidates are treated in an ascending
frequency order by resolving their loudnesses and instrument types, subtracting them from the
spectrum and moving on to the next candidate. Sounds that truly exist in a signal should
acquire a clear prominence in loudness, and therefore the loudest sounds are selected to outpt

From now on we consistently denote sound candidate§;hyone models byT; , and truly
existing sounds b¥y. The only parameter of a sound candidate is its fundamental frequency,
this is why it is also called a fundamental frequency candidate. Tone models and observed
sounds also have the parameters loudness and instrument type.

Finding fundamental frequency candidates from the spectrum

The spectrum of a rich polyphonic musical sighal may seem quite inextricable at a first glance,
and indeedthere is no trivial way of choosing the potential sound candidaiefICspectrum

peaks must be involved, and even this is not enough, but some@narast be added, not to
ignore any truly existing sounds. As an example, look at the bounded Q transform of one
rhythm segment from Mozart's Rondo alla turca in Figure 20. The circles denote the funda-
mental frequency candidates that were picked using the algorithm below.
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Figure 19.Tone model creation process: subroutines and their calling relations.
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Algorithm 4. Finding potential fundamental frequency candida@g$rom signal spectrum.
Input parameters are) Minimum possible frequency interval between two fundamental fre-
quenciesAfO,,;, . In music this is the distance between two adjacent notes, and is
1
_ 0, ZE

min — f_02 - :
b) Minimum acceptable loudness of a fundamental harmonic partial. The Algorithm proceeds
as follows:

Step 1.Collect all peaks from the spectrum, i.e., all frequency bins where the adjacent

bins at both sides have a smaller amplitude than the middle one.

AfO

Step 2.Drop out the candidates whose loudness falls below the minimum acceptable
value, and the candidates that are too close to a stronger candidate.

Step 3.Find the precise frequency values for the peaks by utilizing the peak sharpening
procedure that was presented earlier.

Step 4.Widenthe peaks by adding new members to gt ft AfO,,;, frequency steps
around the peaks as far as the bin amplitudes are decreasing and the amplitudes of th
bins are high enough to be accepted. This widening is needed not to ignofedrhat

are masked by a close lying and higher amplitude frequency peak.

Step 5. (Optional.)If very low sounds are considered, we must geneCathat are two
times lower that the lowest candidates, because the fundamental harmonic of low sounds
may be totally missing.

Finding more precise values for the frequency of the candidates may seem to be needless extr
refining, but it turned out that it has a remarkable effect on the chain of operations to follow.

Matching tone models to findthe loudness and tone typ the candidates

The inspection ofC; must go in an ascending frequency order to avoid supposing a harmonic
of a sound to be a fundamental frequency, because all the ‘harmonics’ of a harmonic really
exist in the spectrum. This error is avoided by a robust determination of the loudness of the
lowest remainingC; , subtracting it, and continuing upwards to the next candidate. If a har-
monic of a truly existing sound is not another true fundamental, its *harmonics’ have been sub-
tracted away, and that mistake will be made no more.

Let us now present an algorithm which solves the loudness and tone type (instrument) of a
sound candidat€. To do that we need to define a new featgygT;, C), which represents the
weight or more exactly, the fit of a tone modglto signal spectrum at the positions of the har-
monic series of a sound candid&eFeaturep,y can be easily defined for a single harmonic as

gA(hj1 C)
galhy, Tp)
where gA(hj, C) is the amplitude of the harmorficof the candidate, picked from its position

in the spectrum in the same manner as in the tone model creation proce%(h@dﬂ) the
amplitude of the corresponding harmonic in the tone model.

gw(h;, T, C) = (25)

In an ideal case, if the tone is alone in the signal, noise is ignored , and the tone model is per-
fect, gw(h;, Ti, C) is the same for alh; and determines the weight of this particular instance of
the tone in signal. These conditions are, however, not valid in true polyphonic musical signals,

56



especially because interfering sounds overlap subsets of mt}étmrmonics of the candidate,
as discussed earlier. Thus we need to calculate the weight of a whole tone Tadel
candidateC as

Ow(T;, €) = vigw(h;, T;, C)} (26)

wherev(*) is the filter that was designed in the previous chapter, agdH, T;, C)} is the set

of weights of the harmonics of this tone. This value is trustworthy, because we know that there
Is no sound in a straight harmonic relatibelowthe current candidate, or if there is, it has
been subtracted already. On the other hand, only a partly disturbed,gej}{is handled by

the properties of the filte

Theloudnessf a tone model with unity match can be determined by summing the loudnesses
of its harmonics, calculated by substituting their frequencies and amplitudestal equal-
loudness level contouftSO87]. A rough reference value for the loudness of a tone model can
also be calculated as

gu(T) = aDZgF(hj, T) [a(h;, T) (27)
wherea s a constantgg(e) means frequencga(e) amplitude. This rule-of-thumb works quite
well if the harmonicdh, of the tone are in the frequency range 20...2000 Hz. However, using
normal equal-loudness level contours is highly recommended. The loudnesses of the tone mod
els need to be calculated only once, since the loudness of a candidateGaambe calcu-
lated by finding the best matching tone modglg;for it, and scaling the loudness feg;
according to its fige(Tpesy Ci) to C;. Thus the loudness of a candid&@jecan be written as

gL(Ci) = aEgvv(-rbest Ci) [gL(Tbest) : (28)
The above discussion is rewritten in a form of an algorithm.

Algorithm 5. Finding the tone type (instrument) and loudness of a fundamental frequency can-
didateC.

Step 1.For each instrument, find the tone modgl whose fundamental frequency is
closest to the fundamental frequencyCof

Step 2.Match tone models t€ by calculating their fitgy\(T;,C) to C.

Step 3.Calculate the loudnesses Gffor the differentT; by substituting their fits and
unity loudnesses to Equation 28.

Step 4.Choose the instrument, which gives maximum loudne<s, tand thus indicates
to be the best matched instrument. Choose the corresponding loudness to be the loudnes
of C.

The fundamental frequency of the candidate is already known, and thus we have also found the
other parameters of the candidate.

Subtractionprocedure
In music it quite often happens that two notes are in a
_1
fOjower = n Dfohighel (29)

relation to each other, andis an integer number. A method to make correct observations of
the lower sound were earlier presented, but to detect and observe the higher sound we need
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method to lay it bare from under the lower sound which totally overlaps it. This method was
presented earlier, too, and was named subtraction principle.

The features of concern in our transcription program are wegfif;, C) and loudnesg, (C),

which are both based on thenplitudesof the harmonics. Thus the very way to compensate the
effect of the lower sound is to subtract the amplitudes of its harmonics from the spectrum.
There is no trivial way of subtracting a known sinusoid from spectrum. Instead, the following
procedure must be gone through.

Algorithm 6. Subtracting harmonic partials of a sou@dfrom a spectrum, when its tone
modelT; and weight of the model,(T;,C) are known.

Step l.nitializej to 1.

Step 2.Calculate the frequenay(h;) of harmonig by

ge(h) = 1 8(C)

and the amplitudga(h;) of harmoniq by

9a(h)) = 9(T;, C) a(h;, T)

where gA(hj, T;) is the amplitude of the corresponding harmonic in the tone model.

Step 3.Form a set of spectrum frequency birtg} that are close enough to frequency
9r(hy) so that their amplitude value has been changed by the harmofiice size of the

set {b} depends on the windowing function that was used in the frequency transform,
since the windowing crucially affects how far the shape of a pure sininsdidrs in the
spectrum. For a Hamming window it is enought to include two or three bins at both sides
of the frequencygg(h;).

Step 4.Analytically solve the frequency transforni{} of the harmonich; to the spec-
trum bins {bj} using the procedure that was presented earlier in this chapter. This is the
amount of amplitude that the harmonic pattighas brought to these bins.

Step 5.Subtracta [{ H;} from the corresponding birtg}{to remove the sinusoid from
the spectrum. The value of the constant discussed right after describing this algo-
rithm.

Step 6.If j is smaller than the highest audible harmonicofddj by one and return to
step 2.

What is the right value for the constaaf? When we sum two sinusoids having amplitudgs
andA, and the same frequency, the amplitude of their sum depends on the phase difference o
the two sinusoids, being between zero aAgHp,). Value 1 fora is motivated by the fact that

we cannot know if we have other sinusoids under the ones that are being subtracted, or not
Still we must be sure to totally remove the harmonics that are not overlapping anything. Con-
sider a soundC which is alone in the signal. If we subtract usiagalue 0.64, for example, the

next candidate (the second harmonic®fwill receive a large fraction of the energy 6f and

will erroneously be taken as an independent sound. It is thus safer to subtract enough, ever
though it reduces the amplitude of the sounds that are totally overlapped by the subtracted one
For other sounds it is not fatal to slightly corrupt the values of e\l'é'PWarmonic k>1),
because of the properties of filier
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Segregation between true and prune sound candidates

Selection of the truly existing sounds from among the candidates is based purely on their loud-
nesses. To adapt to the overall signal level, the loudnesses are scaled so that the loudness of tl
most prominent sound is unity. Candidates whose relative loudnesses are over a certain threst
old are then accepted as true sounds. This is an extremely simple modelno&skangphe-

nomena of the human ear: sounds with too low a relative loudness are masked by the loudel
sounds, and are not heard. The relative loudness 0.2 is a good starting point for the threshold

This loudness-based segregation is straightforward and simple, but works quite well, though,
as can be seen from the simulation results. We consider spending too much time on setting
thresholds a waste of time, because the very basis of the calculations is in the preceding algo
rithms, which should give clear prominence to the right souidsiesign a substantially bet-

ter decision procedure we should apply so-called top-down knowledge sptocexample
musical rules that determine the notes that are likely to play together or in sequence. Top-down
processing will be discussed in Chapter 8. In the current system it is not used, but all note com-
binations and sequences are assumed equally probable.

7.6 Simulations

All the simulations were made using one instrument, piano. A percussive instrument was cho-
sen to make rhythm tracking easier, while we do not want to focus the efforts on that. On the
other hand, a piano sound is irregular enough to be a ‘real world’ example:

1. Beginning transient contains noisy components. Further, the sinusoid partials are in
slightly inharmonic relations during the beginning tens of milliseconds, due to the strike
of a hammer at strings.

2. Shape of the body of a piano produces seviemahants frequency bands where har-
monic partials are louder and decay slower because of the resonance of the body. The dif-
ferent decay slopes also cause the sound colour to change gradually in the course of its
playing.

3. The higher keys have several strings for each note to produce a loud enough sound.
Because the strings cannot be exactly equally tuned, they cause long term fluctuation in
the amplitude envelope of the tone.

4. Cross-resonancéPlaying just one note on the keyboard makes also the other free strings
to start gently resonate along with the hammered string.

Two pianos were used. Initial simulations were made by sampling an electric piano in a noise-
free environment. In the final simulations we used an acoustic upright piano (Yamaha) and the
recording setup that was described in Section 4.3.

Three types of recordings were made. First, the keys were recorded one-by-one to provide &
training set to the tone model creation process. Second, difficult note mixtures of several kinds
were recorded to review the performance of the algorithm in possible stumbling points. Third,
chosen musical pieces were recorded to test practical transcription efficiency.

All recordings were made only once and after that the recording setup was dismounted. This is
both an advantage and a drawback. On one hand it makes the simulations reliable, while tes
material cannot be further adjusted to yield good results. On the other hand, this does not allow
later reviewing of points where we suspect that the pianist may have unintentionally played
some notes extremely quietly when recording rich note mixtures.
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It should be noted that in all simulation cases, the transcription is done without knowledge of
the polyphony of the transcribed signal or the range of notes that are involved in it. In practice,
the range of notes was restricted to extend from the second ax{é%eHz) up to the seventh
octavec (2093 Hz), where 61 piano keys fit in between. Polyphony was limited to 30 simulta-
neous notes, which is by far enough for the chosen pieces. Figure 21 depicts the piano key-
board and indicates the included range of notes.

Oa (27.5Hz) octavel 4a (440Hz) octave7 8¢ (4186Hz)

Ny L e
bbb

included range of pitches, not quantized

Figure 21.Compass of the piano keyboard, included range of pitches indicated.

Rhythm tracking

The rhythm tracking scheme was presented in Chapter 4, where simulation results for both pol-
yphonic piano music and rhythm music recordings were given. Here the chosen instrument,
piano, has a crucial role: rhythm tracking would not have been this succesful with a non-per-
cussive instrument, for example an organ.

Difficult note mixtures: review of resolving efficiency

Certain note mixtures were separately played and recorded to later review the ability of the
algorithm to resolve polyphonic mixtures that are especially difficult from some point of view,
and typically pose a stumbling point to transcription systems. Indeed, most transcription sys-
tems have not been able to deal with these cases. We fed these recordings to our transcribe
and the same figures of merit are monitored for each.
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Figure 22.Interpretation of the results of an example simulation case (row 4 in Table 10).

In Figure 22 we illustrate how the simulation results should be interpreted. Naturally, there are
much more potential note candidates than truly played notes. Wewalhoteshe notes that

were truly played into the recorded signals, dalde noteghose that appear as note candi-
dates, although they were not actually played. To evaluate the efficiency of the transcriber in
giving prominence to the true notese represent the results before the final segregation which
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will throw away false notes based on their poor loudnesses. Thus the loudness of the true note
candidates should raise clearly above the loudness of the false ones. Loudnesses are repr
sented in relative terms, so that the loudness of the loudest note is always 100 %. It would be
desirable to keep loudnesses of the true notes above 40 % and that of false notes below 20 %
Thus we present the minimum observed loudness among the detected true notes and the max
mum loudness of a false note. Further, we present the number of false notes rising over 20 %
and 10 % loudness levels.

Another goal is tdind the exact fundamental frequencies of the notede they arenotquan-
tized to closest legal notes. This succeeded in all cases: relative errors are approximately 1%
while consecutive notes are separated by 6% frequency interval in piano keyboard.

Casel. Major chords (noteg, eandg for C major) anddecremented plus sixthords (notes

c, d#, f#anda in C°addg were played at several positions of the keyboard and transcribed.
These note combinations are quite common, but not trivial to transcribe, as stated earlier. The
results are presented in Table 10. An acoustic piano gave rise to a certain phenomena that wa
not met with electric piano recordings: false notes highlighted with an asterisk (*) have quite
high prominence with no evident reason. We interpreted this to be due to the cross resonance o
the played notes, which strengthens certain harmonics and causes the tones to slightly diffel
from the tone models, which were built playing the notes alone.

Table 10: Chords played at different positions of the keyboardc@sel).
Difficulty: nothing special, fundamental frequencies in rational number relations.

Octave: |Max error in| Relative loudnes§ndetecteg-alse notes above
chord |fO value (%).min truel max falsiglrue noteg 20 10

2:D majorl 0.3 90 21 - 1 5
2: C’add6 0.3 62 26* - 1 3

3: E major 0.6 78 43* - 1 1

3: C’add6 0.5 74 31* - 1 3

4: F major 1.0 49 4 - - -

4: C%add6 0.9 83 12 - 1

5: G major 1.3 57 0 - -

5: C’add6 1.1 41 6 - - -

6: A major 2.2 38 8 - - -

6: C’add6 0.6 66 16 - - -

Case2. Playing together two notes, whose fundamental frequencies are in

fO, = mOf0,
relations. In this case the lower note totally overlaps the higher one, and we can review the effi-
ciency of the subtraction principle. The root notelis the third octave of a piano and the sec-
ond note is played at the positions of the harmonics of the root note. The results are presentec
in Table 11. For the sake of convenience we wrote the number of corresponding harmonic in
parenthesis after the notes. It turns out that the subtraction principle reveals and clearly detect:
also the higher note.

Case3. CY%add6roctavechord (seven notes, d, e, g, a, afand second) were played at sev-
eral positions of the keyboard and transcribed. The results are given in Table 12. We must
notify two things. First, the subtraction principle no longer revealed the higher c in this polyph-
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Table 11: Notes in straight harmonic relations ¢ase2).
Difficulty: lower note totally overlaps the harmonics of the higher one.

Octave: notegvlax error in| Relative loudnesndetectepfalse notes above
(No of harm.)fO value (%).min truel max falsgtrue noteg 20 10
3d4d (2 0.6 69 14 - - 1
3:d4a(3) 0.5 41 15 - . 1
3.d5d (4) 1.5 76 10 - - 1

3:d 5:f# (5) 1.2 92 18 - - 1
3.d5:a(6) 1.1 63 6 - - -
3:d6:c (7) 1.5 68 8 - - -
3.d6:d (8) 1.3 90 8 - - -

ony, because its harmonics can too easily be explained to be derived from the other notes, espe
cially the lowerc. It was undetected in all cases (see *s), except two, where it was detected, but

estimated very quiet. The positive notification is more important, however: all the other notes

were detected even in the low octaves, and no false notes raise from the mass of candidate:
The quite low loudness of the minimum true note should not be wondered, since it is partly due

to the fact that a pianist does not play notes with equal loudnesses in this rich polyphony.

Table 12: Seven notes played at several positions of keyboao@ge3).
Difficulty: rich polyphony, many fundamental frequencies in rational number relations.

Max error in| Relative loudnes§ndetecteg-alse notes above
Octave o _
fO value (%).min true| max falsetrue notes 20 10
2 0.6 25 11 T - 3
3 0.6 43 6 1* - -
4 0.9 58 10 1* - 1
5 1.4 48 4 1* - -
6 2.2 18 0 1* - -

Case4. Random mixture of seven notes. For the sake of convenience this single test was per-
formed on an electric piano. Seven random notes were played together, using the decimals o
pi as a random number generator (pi=3.14159265...). We numbered the notes of the keyboarc
choosing the notein third octave to be note zero. The first set of seven notes is formed as fol-
lows: the first note is numbe3d (d), and the others are 3+4 (d#), 4+4=8 (), 8+1=9 (g#),
9+5=14 (c#in the next octave), and so on. The next set of notes is formed in the same manner
using the next seven decimals of pi. In the last two sets decimal zero was encountered, whict
meant that the same note was played twice, i.e., two times as loud as the others. This partly
explains the low loudness highlighted with * (see Table 12), because it is relative to the loudest
one.

Caseb: Root note plus chords. The fundamental frequencies of the notes constituting a major
chord €, eandg for C majon correspond to the fourth, fifth and sixth harmonics of thet

noteof the chord, which is two octaves below the chord. Because of its nice harmonic proper-

ties, the root note is often played together with the chord, and in this case the root note overlaps
all the higher notes. In Table 14 we present results from cases where chords are played at dif
ferent octaves with their root note.
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Table 13: Random mixture of seven notes played together on afectric piano(case4).
Difficulty: rich polyphony.

Max error in| Relative loudnesgjndetectedalse notes above
Octave note, octave note, _
fO value (%). min true| max falsetrue noteg 20 10
"3d, 3d#, 3g, 3g#, 4c#, 4at#, bc 0.3 25 17 - - 2
3f, 3a#, 3c#, 3f#, 4d, 4h, 5# 0.5 25 10 - - 1
30#, 3h, 4c#, 4e, 5¢, 5d#, 5a 0.3 23 8 - - -
3ct#, 39, 3h, 4d, 4f, 5¢#, 5e 0.2 10 11 1 - 1
3ct#, 3g#, 4f, da#, da#, 5¢,50# 0.2 6* 3 - - -
30, 3h, 4c, 4a, 5e, 59, 59 0.3 36 16 - - 2

A certain problem, which is again highlighted with *s, was detected in our system. There is no

true note at the positions of the second and third harmonics of the root note. However, if the
subtraction of the root note leaves a fundamental candidate to these positions, that false not:
may partially ‘steal’ the energies of the higher notes, and may appear even as a very loud note
as can be read from the table. In the first occurrence a true note moved one octave downward
because of a false note at the third harmonic thieving the energy of a true note at sixth. In the
second occurrence no true notes remain undetected, but a gross false note arises over the true
This kind of gross errors are not allowed, and thus they led to a new scheduling in processing
the candidates. The new scheme is not presented here, since it requires still more experiment

ing.
Let us still have a look at the two last rows of the table. There the base note is still in a har-

monic relation to the notes of the chord, but is not the root note. In that case the abovemen-
tioned problem did not appear.

Table 14: Chords with a root note ¢ase5).
Difficulty: notes of the chord are totally overlapped by the root note.

Max error in| Relative loudnes§ndetecteg-alse notes above
Octave: notes _

fO value (%).min true| max falsetrue notes 20 10

—2:.c4Cmajor 0.5 30 30 1 2 2

2:c 4:Cminor 0.9 23 18 - - 2
3:d 5:Dmajor 1.1 59 8 - - -
3:d 5:Dminor 0.9 56 42 - 1 1
4:e 6:Emajor 1.5 42 13 - - 1
4:e 6:Eminor 1.6 27 250* - 1 1
2:9 5:Cmajor 1.3 39 6 - - -
3:e5:Cmajor 1.2 39 10 - - -

Case6. Several adjacent notes. These notes are close to each other in pitch, but are not in a hat
monic relation to each other, and were easily detected. The true note is missed only once. The
problem of a weak note candidate being masked by a close lying stronger note was solved by
the way thef0 candidates were picked from the spectrum - see page 53 to recall what it means
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to widena spectrum peak.

Table 15: Several notes close to each other in pitcbase6).
Difficulty: a strong tone easily masks a close relying weaker one.

Max error in| Relative loudnesfyndetectedralse notes above
Octave: notes _

fO value (%).min true| max falsetrue notes 20 10
2efi#goh 0.6 39 5 . - -
3:ff# g o# aatt 0.9 40 2 - - -
3:ef_gg# 0.5 87 17 - - 2
4:90# _a#h 0.9 40 7 - - -
5:a a# hé.c c# 1.8 30 7 - - -
5:ff#_go# 1.1 49 3 1 - -

Transcribing polyphonic segments of chosen compositions

Chosen compositions were recorded and excerpts from them were fed to our transcription sys-
tem. In principle this is the very same as resolving the note mixtures in the previous sections,
provided that we first have a rhythm tracking procedure to split the signal at note onset points.
An additional factor here is that some notes may continue ringing over several signal segments
and their tone slightly changes through time, since the formants of the instrument make some
harmonics cease slower than the others, making the tone models only approximate the true
tone colour. Rhythm imperfections and loudness variations among concurrent sounds alsc
bring new phenomena.

We present the results after applying a 25 % loudness limit to segregate between true and fals
notes. This allows us to present the statistics more compactly.

Compositionl: The beginning twelve measures of Bach’s “Inventio 8” were played and fed to
our transcriber. The results are shown in Table 16. As expected, in this piece of just two-voice
polyphony almost all notes were correctly transcribed. All undetected true notes (see *) were
missing just because of a rhythm tracking error. Further, seven of the nine true notes below
25% (see **) were in a certain sequence, where two notes alternate and the other one is sys
tematically played so quietly that it falls below the limit. The draft notation produced by the
transcriber would have worked well as a helping tool for a musician.

Table 16: Inventio 8, beginning twelve measures.

g Notes in| Typical Lacking true notes False notes
Composition o
total | polyphony | uUndetected| Below 25% above 25%
Inventio 8 205 2 6 g% 4

Composition2: The beginning twelve measures of Beethoven’'s “Fur Elise”, repetitions omit-
ted. This music extract is monophonic most of the time, but is not trivial, since it contains low
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notes of only short time duration. The results are presented in Table 16.

Table 17: Fur Elise, beginning twelve measures.

y Notes in| Typical Lacking true notes False notes
Composition .
total | polyphony. | Undetected| Below 25% above 25 %
~ Fur Elise (1) 86 1 - - 3

Composition3. Another twelve measures extract from Fur Elise, containing rapid note
sequences and several four voice polyphonic periods. In the sections containing five or six note
polyphonies only one true note was lacking. The results are presented in Table 16.

Table 18: Fir Elise, another twelve measures.

y Notesin| Typical Lacking true notes False notes
Composition 0
total | polyphony. | Undetected| Below 25% above 25 %
~Fur Elise (1) 190 | half.2, halt.4 4 5 6

Compositiod. The beginning twelve measures of Mozart's “Rondo alla Turca”. This single
piece was played by a computer on an electric piano. The effect of all notes having roughly
equal playing loudness and the absence of cross resonance and noise can be noticed in tt
results of Table 16.

Table 19: Rondo alla Turca, beginning twelve measures.

. Notesin| Typical Lacking true notes False notes
Composition o
total | polyphony. | Undetected| Below 25% above 25%
Rondo alla Turda 142 3 (Up 10 5) - 1 -

7.7 Comparison with areference systemtilizing straighforward pattern
recognition

Music transcription is a complicated task and it is therefore difficult to see what advantages or
errors are due to the new number theoretical method and what result from other properties of
the whole system. However, according to our observations a certain good property was attainec
just because of the new method, and itabustness in rich polyphonie%o illustrate this we
shortly review the results of an older reference system which was based on straightforward pat-
tern recognition.

Before the presented algorithm was recovered, we developed a system that was aimed to solv
the same problem as the one presented earlier: all the tones of a piano were first recorded t
form a palette of possible sounds, and the program was then asked to resolve a mixture of sev
eral sounds into a limited set of those known tones. In some aspects that older system is more
sophisticated than the one that was presented above. It utilizes the constant Q transform to ma
an optimally precise time-frequency spectrum of the tones [Brown88,92]. These two dimen-

sional tone models took into account the time evolution of the frequency contents, which was

ignored in the system presented in this chapter. Tone models looked like the one presented ir
Figure 23.

It turned out, however, that tone patterns in the straightforward pattern recognition approach
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Figure 23.Tone model in the reference transcription system (pianodiotectave 4).

are completely sunk under each other already in three notes polyphony. This is due to the prop-
erties of an overlapping harmonic series and the percentages of the overlapped amounts the
were discussed in the previous chapter. Figure 24 illustrates transcription results of that refer-
ence pattern recognition approach. In that figure we plot the degree of match of each tone
model as a function of time. Truly played notes are plotted with solid lines, false candidates
with dashed lines. The higher is the line, the better the tone matches the signal. The decreasin
tendency is due to the ceasing of the percussive piano sound. It can be seen that a monophon
signal is still quite well transcribed (figure @4 but in a major chord of three noteseandg,

the true notes are already totally immersed among the false ones (figure 24
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The true note raises clearly over the false ones.  octave). The true notes sink among the false ones.

Figure 24.Reference transcription system: degrees of match of the tone models through time.

7.8 Conclusion

The problem of transcribing rich polyphonies was the motivation for developing the new meth-
ods. Simulations illustrate that the current system works within certain error limits up to seven
notes polyphony. Especially, although increase in polyphony brings the levels of the weakest
true note and the strongest false note closer to each other, the system does not totally brea
down even in rich polyphonies. We conclude that a number theoretical analysis of a sound
mixture is the key to detecting and observing the sounds robustly in the interference of each
other.
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7.9 Future additions

The new method was simulated only in a limited domain of musical signals and using a very
limited set of psychoacoustic cues (listed on page 28). As extensively described in Chapter 6,
the presented number theoretical method would suit the extraction of the other cues as well,
not only for observing a momentary loudness of the harmonic partials. Utilizing additional
information is likely to improve the results, but we want to be careful in saying this - integrat-
ing the different pieces of evidence is an area of only a little psychoacoustic knowledge.

A substantial improvement to the system would be to discard a separate training set. If our
transcription system would just be able to extract its tone models from the musical piece itself,
it would already be an efficient and general purpose transcription tool. Automatic, or adaptive
tone modeling will be discussed in Sections 8.3 and 8.4. We experimented automatic tone
modeling with a gross parametrization of tone colours by a second order polynomial and got
promising results.

As mentioned earlier, tone models in our current system are a gross simplification of reality,
since they do not take into account the time evolution nor the beginning transient of the tones.
Time evolving models are important to recover tones that play over several rhythmic segments
of the signal and change in the course of their playing. The beginning transient is of fundamen-
tal importance in distinguishing different instruments from each other [Meillier91], but also in
resolving rich polyphonic contents where several notes are in straight harmonics relations and
two instruments may even play a same note in unison. The beginning transient also often
reveals the notes that are intentionally played very quietly. Instrument models will be thor-
oughly discussed in a coming Section 8.4.

An algorithmic improvement to our system could be made by utilizing iterativeness. Our algo-
rithm is not likely to totally break down with less than ten notes polyphony, but the error in
estimated loudnesses steadily increases along with an increasing amount of polyphony,
because more harmonics of the sounds are being overlapped by each other. This could b
solved by first calculating the loudnesses of note candidates as before, second, choosing th
candidates that are most promising to be the true notes, and third, recalculating the loudnesse
using only the harmonics that cannot be corrupted by the most promising candidates.

Finally, a significant portion of the errors in the output of the current system could be removed
by applying even primitive top-down reasoning. These processing mechanisms will be repre-
sented in the next chapter.
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8 Top-Down Processing

Until now, our discussion on music transcription has almost exclusively concerned bottom-up
processing techniques. They are characterized by the fact that all information flows bottom-up:
information is observed in an acoustic waveform, combined to provide meaningful auditory
cues, and passed to higher level processes for further interpretation. This approach is alsc
calleddata-drivenprocessing.

Top-down processing utilizes internal, high-level models of the acoustic environment and prior
knowledge of the properties and dependencies of the objects in it. In this approach information
also flows top-down: a sensing system collects evidence that would either justify or cause a
change in an internal world model and in the state of the objects in it. This approach is double-
calledprediction-drivenprocessing, because it is strongly dependent on the predictions of an
abstracted internal model, and on prior knowledge of the sound sources [Ellis96].

The science of perception and the perceptual models of audition are dominated by a bottom-uf
approach, most often ignoring top-down flow of information in the human auditory system
[Slaney95]. In our transcription system, the only top-down mechanism is its use of tone mod-
els, i.e., prior knowledge of the instrument sounds. On the other hand, musical knowledge was
totally ignored, assuming all note combinations and sequences equally probable.

The foundation of signal analysis is still in reliable low-level observatiwvishout being able

to reliably extract information at the lowest level, no amount of higher level processing is
going to resolve a musical signal. It is therefore clear that top-down processing cannot replace
the functions of a bottom-up analysis. Instesmly-down techniques can add to bottom-up
processing and help it to solve otherwise ambiguous situatitos-down rules may confirm

an interpretation or cancel out some others. On the other hand, high-level knowledpédsn

the attention and sensitivity of the low-level analysis.

It should be noted that top-down processing does not require that the information should have
originatedat a high-level process. Conversely, all top-down processing should be mgdtly
activeand adapt to the signal at hands. For example, context is utilized when information is
collected at a low level, interpreted at a higher level, and brought back to affect low-level proc-
esses. Similarly, internal tone models should originate from low-level observations.

A hierarchy of information representations, as discussed in Chapter 3, does not need to imply
bottom-up processing: representations may be fixed, and still information flows both ways.
Data representations, processing algorithms, and an implementation architecture should be dis
cussed separately, according to the desirable properties of each.

In this chapter we first discuss the shortcomings of pure bottom-up systems and represent som
top-down phenomena in human hearing. Second, we represent top-down knowledge source
that can be used in music transcription: use of context, instrument models, and primitive ‘lin-
guistic’ dependencies of note sequences and combinations in music. Then we investigate how
that information could be practically used, and finally propose some implementation architec-
tures.
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8.1 Shortcomings of pure bottom-up systems

The critique of pure bottom-up models of the human auditory system is not only due to the fact

that they fail to model some important processes in human perception. The very basic reasor
for criticism is that often these models are not sufficient to provide a reliable enough interpreta-

tion of acoustic information that comes from an auditory scene. This applies especially to a

general purpose computational auditory scene analysis, where some top-down predictions o
an internal world model are certainly needed. For example, even a human listener will find it

difficult to analyze the number of persons and their actions in a room by acoustic information

only, without prior knowledge of the actual physical setting in that room.

Transcription of musical signals is a substantially more specialized task, and thus more tracta-
ble for bottom-up systems. Neverthelegs]exibility, when it comes to the generality of
sounds and musical styles, is a problem that is largely derived from systems’ inability to make
overall observations of the data and let that knowledge flow back top-down for the purpose of
adapting the low-level signal analysis. Another lacking facet of flexibility is the ability to work
with obscured or partly corrupted data, which would still be easily handled by the human audi-
tory system.

In the following sections, we will represent knowledge sources and mechanisms that add the
intelligence of bottom-up systems. That knowledge can be used to prevent the bottom-up anal-
ysis being misled in some situations, or to solve otherwise ambiguous mixtures of sounds.

8.2 Top-down phenomena in hearing

Psychoacoustic experiments have revealed several phenomena that suggest top-down proce:s
ing to take place in human auditory perception. Although this has been known already for

years, explicit critique of pure bottom-up perception models has emerged only very recently

[Slaney95, Ellis96, Scheirer96]. In this section we review some phenomena that motivate a
top-down viewpoint to perception.

Auditory restorationrefers to an unconscious mechanism in hearing, which compensates the

effect of masking sounds [Bregman90]. In an early experiment, listeners were played a speect
recording in which a certain syllable had been deleted and replaced by a noise burst
[Warren70]. Because of the linguistic context, the listeners also ‘heard’ the removed syllable,

and were even unable to identify exactly where the masking noise burst had occurred.

Slaney describes an experiment of Remez and Rubin which indicates that top-down processing
takes place in organizing simultaneous spectral features [Slaney95]. Sine-wave speech, ir
which the acoustic signal was modelled by a small number of sinusoid waves, was played to a
group of listeners. Most listeners first recognized that signal as a series of tones, chirps, anc
blips with no apparent linguistic meaning. But after some period of time, all listeners unmis-
takably heard the words and had difficulties in separating the tones and blipindtistic
informationchanged the perception of the signal. In music, internal models of the instrument
sounds and tonal context have an analogous effect.

Scheirer mentions Thomassen’s observation, which indicateshitatlevel melodic under-
standingin music may affect the low-level perception of the attributes of a single sound in a
stream [Scheirer96a]. Thomassen observed that certain frequency contours of melodic lines
lead to a percept of amccentedsound - as it would have been played stronger, although there
was no change in the loudness of the sounds [Thomassen82].
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Slaney illustrates theffect of contexby explaining Ladefoged’s experiment, where the same
constant sample was played after two different introductory sentences [Slaney95]. Depending
on the speaker of the introductory sentence “Please say what this word is: -”, the listeners
heard the subsequent constant sample to be either “bit” or “bet” [Ladefoged89].

Memory and hearing interactn Chapter 6.3 we stated that paying attention to time intervals

in rhythm and to frequency intervals of concurrent sounds has a certain goal among others: tc
unify the sounds to form a coherent structure that is able to express more than any of the
sounds alone. We propose that alsogtracturein music has this function: similarities in two
sound sequencies tie these bigger entities together, although they may be separated in time ar
may differ from each other in details. These redundancies and repetitions facilitate the task of a
human listener, and raise expectations in his mind. Only portions of a common theme need to
be explicitly repeated to reconstruct the whole sequence in a listener's mind, and special atten
tion can be paid to intentional variations in repeated sequencies.

8.3 Utilization of context

Certain aspects of the human auditory restoration can be quite reliably modelled, if the low-
level conditions and functions of that phenomenon can just be determined. These iligtude
sory continuityeither in time or in frequency dimension. If a stable sound becomes broken for
a short time and an explaining event (such as a noise burst) is present, that period can be inter
polated, since the human auditory system will do the same. On the other hand, if the harmonic
partials of a sound are missing or corrupted at a certain frequency band, the sound can still be
recovered by finding a harmonic series at adjacent bands.

The auditory restoration example in Section 8.2 represents a type of restoration that is based ol
linguistic knowledge and cannot be done as easily. That requires applying higher level knowl-
edge. Primitive ‘linguistic’ dependences in music will be discussed in Sections 8.5 and 8.6.

In Section 5.4 we made a point that separating harmonically related sounds is theoretically
ambiguous without internal models of the component sounds. These models do not necessaril
need to be pre-defined, but may be found in the context of an ambiguous mixture. Internal
models should be assembled and adapted at moments when that information is laid bare fron
under the interference of other sounds, and used at more complicated points. It is well known
that if two sound sequences move in parallel in music, playing the same notes or two similar
melodies with a harmonically related frequency separation, the auditory system will inevitably
consider them a single unit. Typically this is not the composer’s intention, but music must
introduce theatomic patterns sounds, by representing them as varying combinations. By
recovering these atomic sounds, melodic lines of two instruments can be perceptually sepa-
rated from each other, although they would instantaneously totally overlap each other.

Musical signals are redundant at many levels. Not only do they consist of a limited set of

instrumental sounds, but they also hatictural redundancyThe ability of a listener to fol-

low rich polyphonies can be improved by a thematic repetition, and by adding new melodic

layers or variations one by one. This strategy is often employed, for example, in classical and
in jazz music, when the richness and originality of climax points could not be directly accepted

by a listener.
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8.4 Instrument models

In our transcription system, tone models were the only top-down knowledge source. However,
careful compilation of these models, coupled with the presented number theoretical methods
could solve transcription problems that have been earlier impossible. Indeed, we want to
emphasize that the use of instrument models is a powerful top-down processing mechanism
provided that this information can be collected. Even more, we showed in Section 5.5 that

these models are indispensable because of the theoretical ambiguity that will otherwise be me
in separating harmonic mixtures of musical sounds. Separating them without instrument mod-
els is possible only if there are other distinguishing perceptual cues. However, practically in

every single piece of music there will be a multitude of note mixtures that cannot be resolved

without instrument models.

This does not mean that instrument models must be built beforehand from a training material.
They can be assembled either from separate training material, or during the transcription from
the musical signal itself, or by combining these two: starting from a set of standard instrument
models that are thesxdaptedyeconciled using the musical signal. We use the teomemodel
andtimbremodel in different meanings, the former referring to a model of a sound at a certain
pitch, and the latter to the model of instrument characteristics that apply to its whole range of
sounds. The term timbre alone means the distinctive character of the sounds of a musical
instrument, apart from their pitch and intensity, ‘sound colour’. It seems that the human audi-
tory system uses timbre models, since it tends to model the source, not single sounds.

If our transcription system were just able to extract its tone models from the musical piece
itself, it would be an efficient and general purpose transcription tool. A critical problem in
doing that is taecognizean instrument, to know what model to use when needed, or to recon-
cile by adapting when it is possible. Controlled adapting by accounting only the non-interfered
partials would then be possible, based on the analysis in Chapter 6. Another problem then is tc
find a parametrization for the models that allows using the information of just one sound in
refining the timbre model of the whole instrument.

Since we think that distinguishing different instruments from each other is of critical impor-
tance, we concentrate on studymwgat is the information that should be stored in the models
i.e., what are the types of information that give a distinctive character to the sounds of an
instrument. Parametrization and use of that information goes beyond the scope of this thesis.

We have taken a@imensional approacin organizing and distinguishing timbres of different
instruments. This means that their relations or similarities cannot be expressed using just one
attribute, but a timbre can resemble another in different ways, as well as a physical object may
resemble another in size, shape, material, or colour. A classic study on organizing timbres to a
feature space of features was published by Grey in 1977 [Grey77]. Grey found three distinctive
dimensions of timbresl) The brightness of sounds: spectral energy distribution to high and
low harmonic partials2) The amount of spectral fluctuation through time, i.e., the degree of
synchronicity in the amplitude envelopes of the partid)resence and strength of high fre-
guency energy during the attack period of the sounds.

We propose a selection of dimensions that pays attention to the fact that a human tends to hea
the sourceof a sound, and understands a sound by imagining its source. Therefore we propose
that the fundamental dimensions of a timbre space are properties of sound sources, factors the
leave an informative ‘fingerprint’ to the sound, and enable a listener to distinguish different
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sources, instruments, from each other. These dimensions bear resemblance to those of Gre
but the attention is not paid to the signal but to its source, which we consider more natural,
informative, and descriptive. The ‘fingerprints’ to a sound are set by
1. Properties of the vibrating source.
2. Resonance properties of the body of a musical instrument. That is the immediate pathway
of the produced sound, intensifying or attenuating certain frequencies.
3. Properties of the driving force that sets a sound playing. The mechanism how it interacts
with the vibrating source to give birth to a sound.

It is a well known fact that the human auditory system is able to separate the first two aspects
above [Bregman90]. Since especially the third aspect is usually ignored in the literature, we
will discuss it more than the others. It seems that these three properties of the source effectively
explain the information that is present in a resulting acoustic signal.

Vibrating source

A vibrating source is the very place where a sound is produced. It causes at least two kinds of
spectral features. First, brightness of a sound, which is determined by the energy distribution
between high and low frequency components. Brightness was found to be the most prominent
distinguishing feature in the experiments of Grey. Second, a vibrating source often produces
certain regularities in the harmonic series of a sound. In a clarinet sound, for example, odd har-
monics are stronger than the even ones.

Body of a musical instrument

The termformantrefers to any of the several characteristic bands of resonance, intensified fre-
quency bands that together determine the quality of a spoken vowel, for example. The structure
of the body of a musical instrument causes formants. Its size, shape and material altogethe
make it function as a filter, which intensifies some frequency bands and attenuates some others
Harmonic partials at formant frequencies play louder and decay slower, which causes the tim-
bre of the sound to smoothly change in the course of its playing.

One good way to model the body of an instrument is to determine its frequency response. The
pattern of intensified and attenuated frequency bands affects the perceived timbre of a sound :
lot. Bregman clarifies this by taking different spoken vowels as an example. Their distinction

depends on the locations of the lowest three formants of the vocal tract. The lowest two are the
most important and are enough to provide a clear distinction between the vowels [Bregman90].

Driving force

A musical sound typically consists of an attack transient followed by a steady sound. This
structure derives itself from the physical production of a sound: the driving phenomenon that
sets the sound playing leaves its ‘fingerprint’ to the sound before it stabilizes or starts decay-
ing. A human listener is able to recognize, for example, the way in which a guitar string is
plugged, or to hear out the noisy turbulence of air in the beginning of the sound of a transverse
flute. The transient, in spite of its very short duration, is very important for the perceived qual-
ity of the sound [Meillier91]. An analysis of musical instrument sounds shows that a large por-
tion of the spectral information of the sound comes out during the first tens of milliseconds.
This applies especially to percussive sounds [Meillier91]. The beginning information burst
might be utilized as a ‘label’ introducing the sound source.
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Measuring the attack transient

Frequency transforms that were discussed in Chapter 3, such as FFT or bounded Q transforn
are not very suitable for measuring the precise time evolution of frequency components, since
they are designed to be effective in providing frequency information in one time frame, not in
observing the time evolution of certain frequencies, when extremely short time frames and
analysis steps must be used. The usefulness of several high-resolution spectral analysis mett
ods were evaluated in order to yield precise information of the attack transient [Meillier91,
Laroche93, Kay88]. A crucial drawback of the methods in our simulations was that they are
computationally complex and also sensitive to the choice of analysis parameters and to the sig
nal to which they are applied. This prevented us from their practical utilization. In the follow-
ing, we propose a quite straightforward alternative method for extracting precise time evolving
amplitude envelopes of the frequency components of interest.

The Fourier transforiX(k) of a sampled time domain sign@hT) is calculated as

N-1 . mnT
U] -j N
X(k) =y X(nT) e O, (30)
n= 0D b
wherek is a discrete frequency bin, zero corresponding to zero frequency an N to half

the sampling rate. This transform can be effectively calculated over the whole frequency band
in certain time frame using the fast Fourier transform. We pay attention to the fact that it can
also be efficiently calculated at successive time frames for a certain frequency bin.

When a certain frequency bin is under inspection, the length of the time domain analysis frame
can be adjusted to be a multiple of the wavelength of that frequency. In this case the length of
the time frame may be very short (say, three waves), the windowing function in time domain is
not necessary, and we can extract a precise sample-by-sample amplitude envelope of that fre
guency through time. This is done by first calculating the transform for a certain frequency bin
as usual, and storing all the elements of the sum in Equation 30. Now the transform of the same
bin in a time frame one sample later can be calculated just by subtracting the first element of
the sum, and adding a new element, which is calculated by
—j Ik T’[\TT

x(nT) e : (31)

wheren now points to the sample that is right after the previous frame.

A property of the sinusoid track representation of sound (see Chapter 3) is that it is compact
and still bears high perceptual fidelity to the original sound. The peaks in the BQT spectrum of

the beginning of a sound reveal the sinusoids of interest, and therefore also the frequency bins
whose amplitude envelope should be followed to model that attack of a sound. The proposed
spectral analysis method is efficient, since the number of sinusoids is limited (typically 10-50),

and the attack transient over which their amplitude envelope is tracked is very short (about
50 ms). A more advanced variant of this method could also follow the frequency fluctuations

of a sinusoid, but representing its details is not relevant in our scope.

8.5 Sequential dependencies in music

Most speech recognition systems today use linguistic information in interpreting real signals
where single phonemes may be obscured or too short to be recognized only by the information
in a single time frame. Linguistic rules are typically very primitive, such as a table of statistical
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probabilities for the existence of certain two or three letter sequences in a given language. This
kind of data can be utilized in laidden Markov model (HMM)which basically implements a

state machine, where single letters are the states, and probabilities for transitions between th:
states have been calculated in the language. Based on both low-level observations and thes
high-level constraints, a sensing system then determines the most probable letter sequence.

In [Scheirer96a], Scheirer asks whether primitive ‘linguistic’ dependencies of this kind could
be found for note sequences in music, and under what circumstances following single notes
and polyphonic lines is possible, difficult or impossible for humans. Fortunately, Bregman has
studied these dependencies and has collected the results of both his own and other researchel
work in [Bregman90]. Since that information has been practically ignored by the music tran-
scription community, we will shortly review it in the following. Bregman’s intention is not to
enumerate the compositional rules of any certain musical style, but rather to try to understand
how the primitive principles of perception are being used in music to make complicated sound
combination suit human perception.

Sequential coherence of melodies - a review on Bregman’s results

Both time and frequency separations affect the integrity of perceived sequencies, according tc
Bregman’s experiments. These two have such a correlation that as the frequency separatio
becomes wider, a note sequence must slow down in order to maintain its coherence. The dura
tion of a note in Western music typically falls in the decade between one and one tenth of a sec-
ond, and if a note is shorter that this, it tends to stay close to its neighbors in frequency, and is
used to create what Bregman callsanamentakffect. An ornament note is perceived only in

a relation to another, and does not itself help to define a melody.

Note sequences can be effectively integrated together by letting them advance by small pitch
transitions. To illustrate that, Bregman refers to the results of Otto Ortmann, who surveyed the
sizes of the frequency intervals between successive notes in several classical music composi
tions, totalling 23000 intervals [Ortmann26]. He found that the smallest transitions were the
most frequently used, and the number of occurrences dropped roughly in inverse proportion to
the size of the interval. What is most interesting, harmonic intervals do not play a special role
in sequences, but it is only the size of the difference in log frequency that affects sequential
integration. Sequential integration by frequency proximity can be illustrated by letting an
instrument play a sequence of notes, where every second note is played at a high frequenc
range and every other at a low range. This will be inevitably perceived as two distinct melo-
dies: frequency proximity overcomes the temporal order of notes. A melody may be unbroken
over a large frequency leap only in the case it does not find a better continuation [Bregman90].

Timbre is an important perceptual cue in grouping sounds to their sources of production. This
is why timbral similarities can be effectively used for the purpose of grouping sounds in music,
and for carrying a melody through the sounds of an accompanying orchestration [Erickson75].

As mentioned earlier, Bregman does not intend to enumerate musical rules that go above thos
that can be explained by universal perceptual principles. However, he pays attention to a cer-
tain higher-level sequential principle that seems to be justified by some general rule of percep-
tion. That is the fact that a dissonant combination of notes is usually followed by a note or a

mixture of notes which is more stable in the musical system and is able to provide a cognitive

reference point, a ‘melodic anchor’. Furthermore, these inharmonious combinations of notes
typically do not set on together with other notes, but are placed in between the strongest rhyth-
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mic pulses to serve as a short moment of tension between two stabler states.

8.6 Simultaneity dependencies

In Section 6.3 we discussed how music uses harmonic frequency relations to group concurren
notes together. This takes place for two reasons. First, notes must be knitted together to be abl
to represent higher-level forms that cannot be expressed by single or unrelated atomic sounds
Second, the spectral components of harmonically related sounds match together, which effec
tively reduces the complexityf calculations that are needed in the human auditory system to
group frequency components to acoustic entities. Harmonically related sounds appear merely
as one coherent entity and are more easily followed.

Ironically, the perceptual intentions of music directly oppose those of its transcription. Disso-
nant sounds are easier to separate, and a computer would have no difficulty in paying attentior
to whatever number afnrelatedmelodies and note combinations, but has critical problems in
resolvingchimeric(fused) note combinations into their member notes. Human perception does
not want to break down chimeras, but listens to them as a single object. Therefore music may
recruit a large number of harmonically related sounds - that are hard to transcribe - without
adding much complexity to a human listener. On the other hand, music has strict rules for the
use of dissonances - that are easily detected by a transcriber - since they appear as separe
objects for a listener.

In the previous section we already stated some regularities in the use of dissonance. Since trar
scribing dissonances is not the bottleneck of transcription systems, we consider it irrelevant to
list more rules that govern it. Instead, we propose a principle that can be used in resolving rich
harmonic polyphonies.

Dependencies in production

We spent time analyzing our personal strategies in listening classical and band music, and will
here propose a top-down transcription procedure that seems to be natural, effective and musi
cally relevant - in the sense that it is being used by musicians who need to break down chimeric
sound mixtures for transcription purposes. The listening tests were mostly performed with
band music calletusion(features from jazz, blues and rock), and with classical music.

The procedure that we suggest consists of two fundamental phases.

1. Recognize the type, and count the number of the instruments that are present in a musica
performance.

2. Utilize two principles:a) Apply instrument specific rules concerning the range of notes
that can be produced, and the restrictions on simultaneously possible sounds for each sin
gle instrumentb) Make global observations on tlggouping strategy(described below)
and repetitions of each instrument.

Sound production restrictions of an instrument can often be explicitly and unfailingly listed.
For example, a saxophone can produce only one note at a time, has a certain range of pitche:
and can vary in timbre only according to a known set of playing techniques. A guitar can pro-
duce up to six-voice polyphony, but the potential note combinations are significantly limited by
the dimensions of the player’s hand and potential playing techniques.

The auditory system naturally tends to assign a coherent sequence of notes to a commot
source, and larger structures of music are understood by interpreting them as movements
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transformations, or expressions of these sources of production [Bregman90]. This seems tc
explain what we have noticed, that distinct instruments tend to choose their own strategies of
grouping notes to meaningful entities. A flute, for example, integrates notes by forming
sequencedA guitar has more possibilities: in addition to the ability of producing sequences, it
can accompany a piece of music by dropping groups of simultaneous notes, chords, that are
integrated by harmonic frequency relations. They can be further integrated on a higher level by
forming a certain rhythmic pattern over time rAythmic patternrmay provide a framework for
combining sequential and simultaneous grouping principles. For example, a piano may take a
pattern of playing four unit sequences, where the first two are single notes, the third is a simul-
taneously grouped note combination, and the fourth is a single note again. The grouping strat-
egy of an instrument may change in different parts of a piece, but typically remains consistent
over several measures (see Section 4.4) in a musical notation. This enables predictive listening
which is important for a human listener.

Counting the number of instruments is not needed for a solo (one player) performance, where
the restrictions on production can be readily used. The other extreme is classical symphony
music, where counting the instruments will surely prove impossible in some points, but, inter-
esting enough, also impossible to transcribe for even an experienced musician. Reasonabl
cases, such as telling the instruments in a classical chamber music, or standard pop music wil
not pose a problem for an experienced listener. Still resolving the instruments automatically is
anything but a trivial task. The method of utilizing context (see Section 8.3) also seems prom-
ising for this purpose: instrumental sounds may be recovered because they take varying combi
nations with each other, and may sometimes even play monophonic parts in the piece.

Usage ofsynthesizer instrumenistroduces an interesting case, since it can produce arbitrary
timbres and even arbitrary note combinations by preprogramming them to the memory of the
instrument. However, we suggest that since music must be tailored to suit perception, analo-
gous rules will apply to synthesized music as well. Usually certain entities datlekis are
established, and each track practically takes the role of a single performer.

8.7 How to use the dependencies in transcription
“That style is actually not music at all, this is why it could not be transcribed.
-Unacceptable Excuses, 1997, unpublished

We have represented psychoacoustic dependencies and restrictions that are being used

music to make it suit human perception. But so far we have given only a few cues, exactly

where and how that knowledge can be used in an automatic transcription system. Actually we
found only a very little literature on how t@pplytop-down knowledge in computational mod-

els. A single reference is the earlier mentioned work of Ellis [Ellis96].

Human perception is amazing in itsteractivity. internal models, for example instrumental
timbres, affect the interpretation of acoustic data, but at the same time the acoustic data creat
and reconcile the internal models. This is of critical importance: we must be careful not to
reduce the generality and flexibility of a transcription system by sticking to predefined internal
models, such as a detailed musical style or the peculiarities of a single instrument. Thus the
first principle in using internal models is that they should be exposed to the acoustic context:
the models should be adapted and reconciled at the points where the relevant information is
laid bare, and then utilized at the more complicated or ambiguous points.
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An important fact recovered earlier is that predictions guide the attention and affect the sensi-
tivity of the auditory system. Therefore we know that even a quiet note in a position to form a
transition between two other notes will inevitably be heard as intended, and such a weak note
candidate can be surely confirmed by the top-down rules. On the other hand, surprising events
must be indicated clearly in music to be perceived and not to frustrate inner predictions. Using
this rule, a weak note candidate that is grouped neither sequentially nor simultaneously nor
rhythmically can be canceled out, because it would most probably be interpreted as an acciden
tal and meaningless artefact or inference by a human listener. An essential operation in auto-
matic transcription is that of canceling out single erroneous interpretations, ‘false’ notes, and
therefore we think that these rules would significantly improve its performance.

Top-down processing rules should not be used too blindly or confidentially, or they will start to
produce errors. Using the rules for guiding attention and sensitivity is quite safe. On the con-
trary, assuming too much on the probabilities of different note sequences and combinations
will certainly limit the generality of a system. We think that top-down rules should be primarily
used in solving ambiguous or otherwise unsolvable situations, where a human listener also ha:
to make a guess of the most probable interpretation. The musical style dependent excuse
which is quoted below this section’s title certainly does not satisfy a revolutionary musician.

In any case, there are universal perceptual rules that are not style dependent and can be used
reject certain interpretations and to favour others in an ambiguous situation. Musical styles
vary, but all of them need to employ a strategy of some kind to integrate sounds into a coherent
piece of music, which can also be followed by other listeners than the composer himself. Breg-
man takes an example from Bach’s keyboard music: as the polyphony of a composition
increases, perceptual techniques in organizing the notes to meaningful groups increase, too.

8.8 Implementation architectures

The implementation architectures of different transcription systems are dominated by heuristic
and quite inflexible approaches. Integrating new perceptual cues and processing mechanism:
or changing the relations of the old ones is laborious and difficult. Two latest transcription sys-
tems make an exception: that of the Osaka research group and that of Keith Martin - together
with Ellis’s computational auditory scene analysis system. They are built upon a so-called
blackboardarchitecture, which will now be shortly described.

Blackboard architecture

Blackboard architecture has been developed for the purpose of solving complicated, many-fac-
eted reasoning problems that require integration of various kinds of knowledge [Carver92,

Lesser95]. Sensing systems are an important application area. Blackboard architecture i
advantageous because it allows relatively easy adding and removing of processing module:
and a flexible way of defining the co-operation and competition between different knowledge

sources.

The name blackboard comes from a physical arrangement where several experts are standin
around a blackboard, working together to solve a problem. Each expert makes additions or
changes according to his knowledge, and at the same time sees how the solution evolves as
result of the common effort.

The central component of the architecture idadiabase of hypothesabe blackboard itself.
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The hypotheses are linked together to either support or inhibit others, therefore the effect of
new evidence propagates through the databldeewledge sourceare active, independent
modules that may create and modify hypotheses. One of them may extract information from an
acoustic signal and bring it to the database, while another may manipulate the data according
to a reasoning that is based on top-down knowledge. cdmerol of the system is typically
defined in a separate scheduler, which estimates the usefulness of each knowledge source at
evokes them accordingly.

Blackboard implementation in the transcription system of the Osaka group uses quite a large
range of knowledge sources: perceptual rules (listed on page 28), instrument models, and sta
tistical data concerning note and chord transitions in music [Kashino95]. Keith Martin’s black-
board-based transcription system comprised only bottom-up processing modules at the time o
its publication [Martin96a,b]. The computational auditory scene analysis system of Ellis is the
most top-down oriented (prediction-driven) among these three [Ellis96].

An implementational architecture of course does not remove the need for the algorithm devel-
opment that must take place in defining the control modules and their interaction. However, a
flexible architecture, such as a blackboard, facilitates experimenting with different subsets of
knowledge sources and making changes to their relations and priorities.

78



9 Conclusions

We have studied recent knowledge on the automatic transcription of music and related areas o
interest. The purpose of this work has been to represent the state-of-the-art in music transcrip.
tion, and to add something to it. What we consider equally important is to have represented the
most significant viewpoints and clues that provoke further research and give directions to it.
The computational transcription of polyphonic music is still too inflexible and limited in effi-
ciency to be commercially applicable. However, the research is in a fruitful phase, with several
promising areas of pursuit that just wait for earnest tries. It is those promising potentials that
we want to highlight in this conclusion.

Sinusoid track representation was chosen at the mid-level. This is because it enables a separa
treatment of the harmonic partials in subsequent processing, which we consider necessary i
order to resolve musical polyphonies. It also allows explicit use of auditory cues in assigning
the frequency components to their due sources of production.

None of the recent transcription systems utilizes the whole range of auditory cues that were
listed in Section 5.5. Our system used only the two first cues. Using synchronous amplitude or
frequency changes in organizing the harmonic partials would still add much, since a point of
change in a frequency partial can be hidden by an overlapping partial only if it poses a tempo-
rally concurrent change. Also paying attention to spatial proximity seems to be a fertile area of
pursuit. Psychoacoustic knowledge is very limited, when it comes to the integration of the dif-
ferent psychoacoustic evidence to yield an interpretation. Blackboard architecture seems to be
useful in the experiments that are therefore needed.

Top-down processing is an abundant source of knowledge that can be used, not only in proba:
bilistic reasoning, but also in the form of deterministic rules that exclude otherwise potential
interpretations. Inspecting the simulation results of our system indicated that a significant por-
tion of the errors could have been removed by applying even quite primitive top-down rules.

Presented number theoretical methods constitute the most important part of this thesis, since
they provide the desperately needed reliability in observing sounds in polyphonic musical sig-
nals. All additional levels of logic, such as reasoning by auditory cues or matching internal
models to the acoustic information rely on robust low-level observations. Hence we believe
that the new methods play an important role for the whole chain of processing towards inter-
pretations. A particular efficiency was shown in resolving rich polyphocies, which has been a
fundamental point of weakness in previous transcription systems.

The most acute challenge for the design of transcription systems is automatic instrument mod-
eling, i.e., finding the atomic sound sources, instruments, and extracting their attributes using
only the polyphonic musical signal itself. This problem has been addressed at several instance:
of this thesis (see Sections 8.3 and 8.4), and solving it would remove the other fundamental
weakness of transcriptions systems: inflexibility in regard to the used instrument sounds.

Ironically, this work does not end up only in a computer program, but in a research program.
The time needed to release a substantially better and practically applicable transcriber depend
on the amount of the commercial interest that this topic is able to attract.
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