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ABSTRACT

The main problem behind Automatic Transcription (Mul-
tiple Fundamental Frequency - FO - Estimation) relies on
its complexity. Harmonic collision and partial overlapping
create a frequency lattice that is almost impossible to de-
construct. Although traditional approaches to this prob-
lem of rely mainly in Digital Signal Processing (DSP) tech-
niques, evolutionary algorithms have been applied recently
to this problem and achieved competitive results. We de-
scribe all evolutionary approaches to the problem of auto-
matic music transcription and how some were improved so
they could achieve competitive results. Finally, we show how
the best evolutionary approach performs on piano transcrip-
tion, when compared with the state-of-the-art.

Categories and Subject Descriptors

H.5.5 [Sound and Music Computing]: Signal analysis,
synthesis and processing;; 1.2.m [Artificial Intelligence]:
Miscellaneous

General Terms
Algorithms

Keywords

Automatic Music Transcription, Pitch Estimation, Multiple
F0 Estimation, Genetic Algorithms

1. INTRODUCTION

Automatic Music Transcription, often called Multiple Fun-
damental Frequency (F0) Estimation or Multi- Pitch Estima-
tion, consists of having an algorithm that extracts and iden-
tifies all the musical notes from a given acoustic signal. This
is very difficult problem that only the most skilled musicians
can address. Since the first works by Moorer [13] and Pisz-
calski & Galler [I5], polyphonic music transcription systems
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almost always rely on the analysis of information present in
the frequency domain. Klapuri [7], for instance, uses iter-
ative calculation of predominant FOs in separate frequency
bands and Martin [I0] uses blackboard systems. There have
also been applied techniques that use the principles of hu-
man auditory organization for pitch analysis, as the work
of Kashino et al. [6] by means of a Bayesian probability
network, where bottom-up signal analysis can be integrated
with temporal and musical predictions, and Wamsley et al.
[22] 23], who use the Bayesian probabilistic framework to es-
timate the harmonic model parameters jointly for a certain
number of frames. The usage of a Hidden Markov Model
and spectral feature vectors was proposed by Raphael [16]
to describe chord sequences in piano music signals. Carreras
et al. [2] used Neural Networks for spectral-based harmonic
decompositions of signals. Marolt [9] used networks of adap-
tive oscillators to track partials over time. Ortiz et al. [14]
used a physical model of the piano to generate spectral pat-
terns and compare them to the incoming spectral data.

Although there have been several applications of Genetic
Algorithms [5] to Signal Processing [I], Evolutionary Al-
gorithms have almost no applications to Automatic Music
Transcription.

The rest of this document is structured as follows: Section
2 overviews the Evolutionary Approaches to the problem of
Automatic Transcription of Music and Section 3 presents
our conclusions..

2. EVOLUTIONARY APPROACH

It is important to emphasize that the main idea behind a
Genetic Algorithm [5] is to have a set of candidate solutions
(individuals) to a problem evolving towards the desired so-
lution. In each generation those individuals are evaluated
according to their quality (fitness). The worst individuals
are then discarded and the best will generate new individ-
uals resulting from the combination of their parent’s char-
acteristics (genes) and minor variations (mutation). This
way, individuals with better quality tend to live longer and
to generate better and fitter offspring, thus improving the
robustness of the algorithm. Moreover, when addressing a
genetic algorithm to a problem there are several aspects that
must be taken into account:

Genotype How to encode each individual or candidate so-
lution to the problem.

Fitness Function How to evaluate the quality of each can-
didate solution.
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Figure 1: Garcia’s approach chromosome structure

with L = 4 bits.

Selection How individuals are selected from the population
to breed.

Recombination How to employ recombination: given two
individuals, how to exchange genetic material between
them to breed two new individuals (offspring).

Mutation What kind of mutations we should take into ac-
count, according to the problem being solved.

Initialization How the first population is generated.

Survivor Selection How survivors are selected from one
generation to the next.

During the entire section of this document we will describe
how each approach found in the literature addresses these
topics.

2.1 First Genetic Algorithm approach to Poly-
phonic Pitch Detection

The first work in the literature using Genetic Algorithms
for polyphonic pitch detection appears in 2001 by Garcia
[3]. Garcia claims that polyphonic pitch detection can be
considered as a search space problem where the goal is to
find the pitches that compose a polyphonic acoustic signal.
This way, it makes sense to use genetic algorithms since they
perform very well in search problems [4].

Genotype.

Garcia’s approach encodes each chromosome as a binary
string with variable length (see Fig. [[). The chromosome’s
structure is a concatenation of IV substrings of L bits each.
Each substring encodes one FO value using binary fixed-
point representation. Although the length of the L sub-
strings is fixed since FO range and resolution is specified as
an input parameter, the length of the chromosome is variable
because no assumption is made about the number of FOs in
the signal. The length of the substrings is defined accord-
ing to the frequency range, AF0, and frequency resolution,
dF0, as the minimum integer L, where:

L>AF0

2 =220
— dF0

(1)

Fitness Function.

The fitness measure of Garcia’s approach [3], f(s), for a
given string or chromosome, s, is based upon a correlation
between the input spectrum and a comb spectrum defined
in [II]. The partial fitness value fp(s,j) is computed for
each fundamental frequency value, F0?, coded by substring
j in string s, as the correlation between the input magni-
tude spectrum |X (w)| and a reference comb spectrum with
exponentially decreasing amplitudes e~*", where h is the
harmonic index and « a specified input parameter:

FO code #3
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After the partial fitness fp(s,j) is computed for a sub-
string 7, the input DFT bins used in the correlation sum are
zeroed for the remaining partial fitness evaluations of the
string. This way, each spectral bin is constrained to belong
to only one harmonic series. This strategy penalizes strings
or chromosomes that contain correct FO values along with
spurious multiples or submultiples. For each chromosome
a raw fitness value, frqw, is then calculated as the sum of
partial fitnesses over all its j substrings:

Ng
Fraw(s) =D fols,4) (3)
j=1
The chromosome fitness, f(s), is then computed from the
raw fitness as:

f(5) = fraw(s) = Nof,, (4)

where fp is the mean partial fitness over the whole popula-
tion:

DAY o
fp B Zs N5

and where N, is the number of FOs or substrings in the chro-
mosome. The subtraction by stp in Equation [ is a way
to penalize strings with too many FO codes (it is equivalent
to subtracting the average partial fitness from each partial
fitness) since substrings with partial fitness values smaller
than average will become negative and then will penalize
the global fitness of the chromosome. Strings with any FO
value outside the allowed range are assigned null fitness.

A final fitness correction step is applied to prevent the
premature convergence of the genetic algorithm. This is
employed by imposing a fitness floor value Fi,in, such as:

lel(E
(6)
B
where Fiqz is the maximum fitness in the current genera-
tion, and f is an input positive constant. Individuals whose
f(s) < Fin have their fitness reset at f(s) = Fmin.

Fmin:

Selection.

Each individual is selected for breeding according to the
roulette wheel [4] selection operator: for each individual in
the population a roulette wheel slot is assigned, which size
is proportional to its fitness f(s). Garcia implements the
roulette wheel as an array of partial cumulative fitnesses:

S
fe=Y_ 10 (7)
j=1
where an uniformly distributed random number r between
zero and the total cumulative fitness f.(M) is drawn and
then minimum string index s that satisfies the f.(s) > r
condition is chosen.

Recombination.
As recombination operator, Garcia uses the single-point
crossover. This operator is designed as follows: two differ-



ent points of cut are selected - one per individual - since the
number of encoded FOs can differ from individuals. This
way, two individuals with different chromosome sizes can
breed and generate two offspring also, with different chro-
mosome sizes. This operator also ensures that the chromo-
somes length of the offspring are always multiples of L.

Mutation.

The mutation operator consists on flipping single bit in the
whole genome of an individual. The probability of mutation
(Pp)is given by:

(1= Pp) ™0 (®)

where Py, is the probability of mutation per bit and (N.L)
is the chromosome length.

Initialization.

The initial population is composed by randomly generated
individuals: random number of F0s, each with a random FO
value. Both maximum number of FOs and F0O frequency
range are specified inputs.

Survivor Selection.

Each new generation consists of individuals selected from
the previous generation. This selection is made using the
roulette wheel selection operator. Afterwards both recombi-
nation (one point crossover) and mutation are applied. Fi-
nally, if the current best individual is not as fit as the best
individual of the previous generation, the current worst indi-
vidual is replaced by the best from the previous generation.
This strategy is called elitism [4].

Additional Constraints.

Note that this approach does not have in consideration:
onset, offset and also dynamics. The algorithm can tell
which are the fundamental frequencies present on an au-
dio signal but is unable to detect where those pitches start,
where do they end and which are their dynamics.

2.2 Moving from Polyphonic Pitch Detection
to Automatic Music Transcription

Despite Garcia’s approach [3] being able to work with al-
most any frequency and resolution, Lu [8] considers that
a polyphonic audio signal is made of by the 128 possible
pitches (from the low C, frequency 8.18 Hz to a high G,
12543.88 Hz) defined in MIDI specification [12], therefore
an audio signal can have up to 128 specific frequencies.

Genotype.

Traditionally, solutions or chromosomes are represented
as binary strings of Os and 1s (such as in Garcia’s [3] ap-
proach), but other encodings are also possible. Lu encoded
each individual as a hierarchical structure, which is not far
from the internal representation of a MIDI file [12] (see Fig.
2)). Each individual is made of several sequences of notes, or-
ganized as tracks, according to each instrument. Each note
has frequency, a start time and length. Both start time and
length are truncated to time slices. For instance: for tran-
scribing a set of eighth notes, the eighth note should be the
time slice.
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Figure 2: Genotype of Lu’s approach: notes are sep-
arated according to each instrument/track. Each
note has frequency, start time and length. Start
and length are truncated to time slices.

Fitness Function.

To evaluate each individual or transcription each tran-
scription is rendered using additive synthesis into an audio
signal, which will be compared with the original audio. The
result of the comparison (distance) is the fitness value of
the corresponding individual. To avoid problems like phase,
Lu [8] proposes that the distance between each individual’s
transcription and the original audio should be measured in
the frequency domain. The fitness function, similar with the
euclidean distance, is defined as:

L= oymee ool (o, f) — X (4, f))°

(o2

9)

where O(t, f) is the magnitude of frequency f at time ¢ of
the original audio, X (f,t) is the same for the individual’s
transcription and o acts as a scaling factor, equivalent to the
first worst transcription, putting all fitnesses values between
[0,1].

Flitness =

Selection.

Although the author of this approach claims that he is
addressing music transcription using genetic algorithms, his
approach does not use recombination, which is the main pil-
lar of genetic algorithms [4]. The approach relies exclusively
on mutations. This way, individuals are not selected for
reproduction.

Recombination.

The author of this approach claims that “the genetic ma-
terial found inside high-fitness individuals is good enough
such that most of the material is at least partially correct”.
According to Lu , the removal of this material for addition
into another individual is detrimental for the donating in-
dividual. This way, recombination was not included in the
approach.

Mutation.

Lu applies a roulette selection to determine which mu-
tation will be applied to each individual. The main pur-
pose of this roulette wheel is having some mutations being
performed more often that others. The proportions of the



roulette wheel also change over time so that mutations that
perform small incrementational changes are more often ap-
plied during the last generations of the algorithm.

This approach uses the following mutations:

Irradiate Randomly changes one feature (pitch, start time
or end time) of a gene.

Nudge Similar to Irradiate, except that changes are on
the smallest amount possible: pitch is changed by one
semitone, and both start and end time are changed by
one time slice.

Lengthen Adds a random musical note to the chromosome.

Split Inserts silence into an encoded musical note. This
mutation is capable of deleting a note by inserting a
silence with the length of the selected note, shortening
a note by inserting the silence on its end or even split
the note into two notes by inserting the silence in the
middle.

Reclassify Moves a section of the chromosome to a differ-
ent spot in the chromosome. This mutation allows a
set of multiple notes being changed from one instru-
ment to another.

Assimilate Takes a section of the chromosome from one
individual and copies it to another individual.

Initialization.

The initial population is generated by randomly generated
individuals: random number of notes, each with a random
start and duration.

Survivor Selection.

The top third of the population are copied and then mu-
tations are applied on those copies. These new individuals
replace the bottom third (less fit) of the population.

Additional Constraints.

Note that this approach does not have into account the
dynamics of each note. For the synthesis process, instead
of using sample based techniques as Reis et al.[20], Lul8g]
uses simple and very-well known mathematical models like
the sine, square, sawtooth and triangle waves. Therefore,
this approach is only able to deal with sounds generated by
those mathematical models. Also, the input audio files are
MIDI files synthesized with the same synthesizers used inside
the genetic algorithm, which makes turns the transcriptions
much easier to find and without the problem of harmonic
overfitting [20].

2.3 Automatic Music Transcription using Syn-
thesized Instruments

In 2007 Reis and Fernandez [I7] proposed a new genetic
algorithm approach to automatic music transcription, using
synthesized instruments. Unlike Lu’s method [§] the syn-
thesized instruments were not simple mathematical models
(sine, sawtooth and triangle waves) but, instead, synthesized
instruments (piano and vibraphone). Reis and Fernandez
[17], similarly as Garcia [3], proposed a genetic algorithm
with recombination, mutation and crossover operators for
pitch detection. The latter approach only takes into account
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Figure 3: Reis and Fernandez encoding for mono-
phonic transcription. The individual is divided in
time frames, where each time frame has can be one
of 128 possible MIDI pitches plus the option of si-
lence.

the possible 128 MIDI pitches, just as it happens with Lu’s
[8] algorithm.

Genotype.

Reis and Fernandez [I7] started proposing a system for
monophonic pitch detection and later upgraded it to sup-
port polyphonic audio signals, just with minor adjustments.
The encoding for the monophonic transcription task is based
on the assumption that a signal is divided in several time
frames, where there can be one of the 128 possible pitches
plus the option of having a silence (see Fig. B]). For poly-
phonic transcription of music, the authors extended the pre-
vious encoding to support several pitches at the same time,
as shown of Fig. [l

Fitness Function.

Similarly as Lu’s proposal [§], the evaluation of each in-
dividual is done in the frequency domain, to avoid phase
problems, using the STFT. To compare each MIDI-like in-
dividual with the target acoustic signal, each individual is
rendered into an audio signal using additive sound synthesis.
Reis and Fernandez [I7] implemented a synthesizer with the
respective oscillator and envelope for the synthesis process.
The fitness evaluator renders each MIDI-like individual con-
verting it in an audio signal and then computes it’s fitness
value by summing the difference between each frequency in
each time slice of the song:

tmazx fmax

Fitness = Z Z (lo(t, £l — |X(t»f)|)2

t=0 f=0

(10)

where O(t, f) is the magnitude of frequency f at time slot ¢
in the acoustic audio signal, and X (¢, f) is the same for each
individual. Fitness is computed from time slot 0 to tmaz,
traversing all time from the beginning to the end, and from
fmin = 0 Hz to fmax = 22050 Hz, which is the nyquist
frequency of 44100 Hz sample rate.



g ) R
>
o
c
(0]
<
o

Individual

Gene Sequence
) Note: 67 Note: 69 Note: 71 Note: 72
>
8 Note: 64 Note: 65 Note: 67 Note: 69
0]
o

Note: 60 Note: 62 Note: 64 Note: 65

Figure 4: Reis and Fernandez encoding for poly-
phonic transcription. The individual is divided in
time frames, where each time frame has can be one
of 128 possible MIDI pitches plus the option of si-
lence.

Selection.
Individuals are selected for breeding with the determinis-
tic tournament [4]. The size of the tournament is 5.

Recombination.
The offspring is generated by applying the classic one-
point crossover [4] on each pair of parents.

Mutation.
The authors only implemented a simple mutation that
changes the pitch of a random note by -1,1 semitone.

Initialization.
As in all the previous works by other authors [3] [§] the
initial population consists of random generated individuals.

Survivor Selection.

The new individuals generated by recombination and mu-
tation are added to the population. Then, the N most fit
individuals (where N is the initial population size) are se-
lected for the next generation.

Additional Constraints.

Although this is able to deal with polyphony, it is not
able to deal with multiple instruments as Lu’s [§] algorithm.
This approach cannot also work with note dynamics.

2.4 First Approach on Real Audio Recordings

The first genetic algorithm approach for polyphonic mu-
sic transcription in the literature dealing with real audio
data and real instruments appeared in late 2007 by Reis et
al. [20]. Since there were, to the moment, three different
genetic algorithm approaches to automatic music transcrip-
tion [8] [I7] and polyphonic pitch estimation [3] Reis et al.
[20] decided to propose a standard and generic genetic al-
gorithm approach to the problem, which emphasized sev-
eral important considerations like: genotype, fitness eval-
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Figure 5: Encoding of the individuals proposed by
Reis et al. 2007 [20] The individual is encoded as a
set note events. Each event has a pitch, start time,
duration and velocity.

uation, recombination, mutation and how to generate the
initial population.

Genotype.

Each individual or chromosome corresponds to a candi-
date solution (transcription), therefore it is made of a se-
quence of note events. The number of genes (note events)
varies from one individual to another. Each gene has all
the information needed to represent that note event: note
onset, duration, dynamics and also an instrument/timbre
associated with that event, if necessary. Fig. [l shows the
proposed encoding by Reis et al.

Fitness Function.

For the evaluation of an individual, each note event passed
through an internal synthesizer which consisted using previ-
ously recorded piano 30 seconds samples from a Korg SP100
Piano Keyboard at the made MIDI velocity: 64. The release
of the note (decay after releasing the note key) was created
applying the following equation:

(11)

2000.0 —
20000 + ¢

R(t) = max <0,

Both original and synthesized streams are cut in time
frames with 4096 samples, with an overlap of 75%. To de-
crease the spectrum leakage, a Hanning window was applied
on each frame, before the STFT. The frequency spectrum
was limited to the range from FO of the first note to the FO
of last note of the piano’s keyboard (from MIDI-note 21 -
27,5 Hz - to MIDI-note 108 - 4186Hz). The fitness function
used by Reis et al. is defined by:

tmax NotelO8

Fitness = Z Z

t=0 f=Note2l

o NI=1XENHI (12

Selection.
As in Reis and Fernandéz 07 [I7], the selection for breed-



Parents

Offspring

Figure 6: One point crossover performed on tempo-
ral dimension.

ing is based on the deterministic tournament, with size of
5.

Recombination.

The recombination operator proposed by these authors is
based on the classic one point crossover [4]. Instead of choos-
ing a random point of cut in the individuals chromosome,
this recombination operator, chooses a random point of cut
on temporal dimension. This happens because despite the
individuals might differ in the number of genes, they have
the same temporal length. The randomly selected point of
cut in time will split any note events that cross the chosen
time value (see Fig. [G]).

Mutation.
Reis et al. implemented several mutation operators:

e note change (+ octave, + half tone);

e start position (up to £ 0.5 second change);

e duration (from 50% to 150%);

e velocity (up to & 16 in a scale of 128);

e event split (split in two events with a silence between);

e event remove;
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e new event (random event or duplication with different
note).

Initialization.

For the starting population, these authors created a first
individual based on the highest peaks of the STFT on the
original audio signal. The highest peaks, during each time
frame, create (or maintain) a musical note with the corre-
sponding Fundamental-frequencies (F0). Afterwards, this
individual goes through an hill-climber process that changes
all the events equally in terms of velocity, duration and start
time to adjust durations and velocity to overcome decay and
level differences between the original instrument and the in-
ternal synthesizer. Each additional individual in the initial
population is created based on the initial individual after 10
forced mutations.

Survivor Selection.

5% of each new generation are created based on muta-
tions of the best individual of the previous generation. All
remaining individuals are the most fit of the previous gen-
eration.

2.5 Reducing the Harmonic Overfitting

In the previous proposed Genetic Algorithm approaches
to Polyphonic Music Transcription, Reis et al. [20] noticed
that the genetic algorithm tends to create additional notes
(with lower amplitudes) in harmonic locations of the original
notes to overcome the timbre differences between the inter-
nal samples and original piano sounds. Despite the fitness
values continues to decrease through generations, the quality
of their results started to decrease after some point, mainly
because of a harmonic overfitting. Detected notes continued
there (shown by recall values) but many additional notes
begin to emerge, dropping the precision value.

The fact of these additional notes have low amplitude and
are in harmonic locations, many times even with similar
onsets, strongly decreases their impact from the perception
point of view. Nevertheless, for the metrics or in situations
where the dynamic information is discarded (for instance:
creating music sheets), these errors are very undesirable.

Genotype.

To avoid the problem of harmonic overfitting, Reis et
al. [21] extended their previous approach [20] by creating
harmonic gains that boost or cut the value of the 20 first
harmonic peaks of each synthesized note. Those gains act
almost like an equalizer but instead of operating in fixed
frequency bands, they operate on each note harmonic. In
practice, this is not done with real filters but instead by
applying different weights on the STFT bins belonging to
the note harmonic series. This way, each individual, besides
having a sequence of note events, as its candidate solution
to the problem, also includes additional parameters to help
the internal synthesizer to get a timbre more similar with
the original instrument (see Fig. [7). The gain of the funda-
mental frequency of each note - FO - is always set to 1 and
its deviation is always set to 0. As for inharmonicity, the
amount of shifting for each harmonic of the harmonic struc-
ture was also encoded within the Individual’s genotype. This
enables each individual to have is own synthesizer, with a
complete evolving harmonic structure. This way the har-
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Figure 7: Encoding of the Individual with the Har-
monic Structure.

monic structure of the internal synthesizer will evolve until
it matches the synthesizer played on the original audio, and
the note events will evolve towards the original song’s notes.

Fitness Function.

Due to the natural logarithmic scale of musical notes,
STFT bins are not equally distributed by all octaves (eg.:
the highest octave occupies the highest half of frequency
bins). To reduce the higher impact of higher notes and, thus,
reduce the harmonic overfitting, the authors performed a di-
vision by f for frequency normalization:

fs
tmax 2

Fitness = Z Z

t=0 f=27.5Hz

O = I1X &I
f

(13)

Recombination.

By extending the individual genotype for inclusion of the
harmonic gains and shifts, the recombination operator had
also to be extended to support these additional chromo-
somes: the note events are still recombined using the one
point crossover on the temporal dimension and both har-
monic series and harmonic shifting are recombined using the
classic one point crossover [4].

Mutation.
Two new mutations were included to support the addi-
tional chromosomes:

e harmonic change (up to &+ 0.50 gain);

e inharmonicity deviation (up to £ 3 frequency bins).

Note discard.

Another feature proposed by Reis et al. [2I] as a means to
avoid the harmonic overfitting is note discard. Note discard
is based on the assumption that most notes have similar dy-
namics. By considering that each note has dynamic scale
between 1 and 128 (MIDI velocity range), this feature dis-
cards all notes present that have a dynamic difference of 20
between the their dynamics and the dynamics of the other
notes existing during the note duration.

Dynamic Range.
Harmonic overfitting can also happen due to noise, weak
harmonics or even frequency neighborhood. Dynamic range
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Figure 8: Encoding of the Individual with the Har-
monic Structure for Multi-Timbre support.

feature uses the highest value of the STFT bins of the cur-
rent frame as a reference, and sets all bins of the same frame
with values 40bBs below this reference to 0.

2.6 Automatic Music Transcription of Multi-
Timbral Music

The approach presented by Reis et al. [21] was for tran-
scription of polyphonic piano music. In 2009, the same au-
thors extended their previous approach to deal with other
kinds of pitched instruments, such as: trumpet, saxophone,
clarinet and trombone. Basically, both approaches are ex-
actly the same, except that the individuals chromosome now
includes the spectral envelope and its inharmonicity devia-
tion for each different timbre.

Genotype.

The harmonic structure of each internal synthesizer was
encoded inside the individuals genome (see Fig. ) to avoid
the harmonic overfitting in each instrument or voice.

2.7 Genetic Algorithm Achieves State-of-the-
Art Results

In 2012, Reis et al. used all their knowledge on apply-
ing Genetic Algorithms to the Automation Transcription of
Music [17) 20} 19} 2T}, 18] to implement a new and written
from scratch Genetic Algorithm for polyphonic piano music
transcription. This approach takes advantage of spectral en-
velope modeling and dynamic noise level estimation to aid
the transcription process: while the noise is dynamically es-
timated, the spectral envelope of the internal synthesizers is
adapted to best match the piano played in the input signals.

The authors also performed a benchmark where different
state-of-the art algorithms were evaluated and their results
was compared. This comparison was made using three dif-
ferent metrics. The Genetic Algorithm proposed by Reis et
al. ranked as 2nd best algorithm on 2 metrics and as best
algorithm on the remaining metric. Results of the bench-
mark can be seen and heard on:
http://www.estg.ipleiria.pt/ “gustavo.reis/benchmark.


http://www.estg.ipleiria.pt/~gustavo.reis/benchmark

3.

CONCLUSION

Although traditional approaches to Automatic Transcrip-
tion of Music do not rely on Evolutionary Algorithms, we
have shown that Genetic Algorithms are fit to the problem
and can achieve competitive results among the state-of-the-

art.

4.

ACKNOWLEDGMENT

The authors acknowledge the support of Spanish Min-
istry of Science and Innovation under project ANYSELF
(TIN2011-28627-C04), Gobierno de Extremadura, under projects
GRU09105, GR10029 and Municipality of Almendralejo.

S.
1]

REFERENCES

J. T. Alender. An indexed bibliography of genetic
algorithms in signal and image processing. report
94-1-SIGNAL, University of Vaasa, Department of
Information Technology and Production Economincs,
1995.

C. F. Automatic harmonic description of musical
signals using schema-based chord decomposition.
Journal of New Music Research, 28:310-333(24),
December 1999.

G. Garcia. A genetic search technique for polyphonic
pitch detection. In Proceedings of the International
Computer Music Conference (ICMC), Havana, Cuba,
Sept. 2001.

D. E. Goldberg. Genetic Algorithms in Search,
Optimization, and Machine Learning. Addison-Wesley
Professional, January 1989.

J. H. Holland. Adaptation in Natural and Artificial
Systems: An Introductory Analysis with Applications
to Biology, Control, and Artificial Intelligence. The
MIT Press, April 1992.

K. Kashino, K. Nakadai, T. Kinoshita, and H. Tanaka.
Organization of hierarchical perceptual sounds: Music
scene analysis with autonomous processing modules
and a quantitative information integration mechanism.
In Proc. International Joint Conf. on Artificial
Intelligence, pages 158—-164, 1995.

A. Klapuri. Multiplitch analysis of polyphonic music
and speech signals using an auditory model. IEEE
Transactions on Audio and Language Processing,
16(2):255-264, February 2008.

D. Lu. Automatic music transcription using genetic
algorithms and electronic synthesis. Computer Science
Undergraduate Research, University of Rochester,
New York, USA.

M. Marolt. Networks of adaptive oscillators for partial
tracking and transcription of music recordings. Journal
of New Music Research, 33:49-59(11), March 01, 2004.
K. D. Martin. A blackboard system for automatic
transcription of simple polyphonic music. Technical
report, Tech. Rep. 385, MIT Media Lab, Perceptual
Computing Section, July 1996.

484

(11]

(18]

(19]

(22]

23]

P. Martin. Mesure de la frAYquence fondamentale par
intercorrélation avec une fonction peigne. Technical
report, JEP, 1981.

MIDI Manufacturers Association. The Complete MIDI
1.0 Detailed Specification, September 1995.

J. A. Moorer. On the transcription of musical sound by
computer. Computer Music Journal, 1(4):32-38, 1977.
L. Ortiz-Berenguer, F. Casajus-Quiros, and

S. Torres-Guijarro. Multiple piano note identification
using a spectral matching method with derived
patterns. Journal of the Audio Engineering Society,
53(1/2):32-43, January/Frebuary 2005.

M. Piszczalski and B. A. Galler. Automatic music
transcription. Computer Music Journal, 1(4):24-31,
1977.

C. Raphael. Automatic transcription of piano music.
In Proceedings of ISMIR 2002, 2002.

G. Reis and F. Fernandez. Electronic synthesis using
genetic algorithms for automatic music transcription.
In GECCO ’07: Proceedings of the 9th annual
conference on Genetic and evolutionary computation,
pages 1959-1966, New York, NY, USA, 2007. ACM
Press.

G. Reis, F. Fernandez, and A. Ferreira.
TranscripciAgn de musica multi-timbre mediante
algoritmos genéticos. In MAEB 2009 VI Congreso
Espariol sobre Metaheuristicas, Algoritmos Evolutivos
y Bioinspirados, February 2009.

G. Reis, N. Fonseca, F. F. de Vega, and A. Ferreira.
Hybrid genetic algorithm based on gene fragment
competition for polyphonic music transcription. In
EvoWorkshops, volume 4974 of Lecture Notes in
Computer Science, pages 305-314. Springer, 2008.

G. Reis, N. Fonseca, and F. Fernandez. Genetic
algorithm approach to polyphonic music transcription.
Proceedings of WISP 2007 IEEE International
Symposium on Intelligent Signal Processing, pages
321-326, 2007.

G. Reis, N. Fonseca, F. Fernandez, and A. Ferreira. A
genetic algorithm approach with harmonic structure
evolution for polyphonic music transcription. In The
8th IEEFE International Symposium on Signal
Processing and Information Technology, December
2008.

P. J. Walmsley, S. J. Godsill, and P. J. W. Rayner.
Bayesian graphical models for polyphonic pitch
tracking. In In Diderot Forum, pages 1-26. Morgan
Kaufmann, 1999.

P. J. Walmsley, S. J. Godsill, and P. J. W. Rayner.
Polyphonic pitch tracking using joint bayesian
estimation of multiple frame parameters. In in Proc.
IEEE Workshop on Audio and Acoustics, Mohonk,
1999.



	Introduction
	Evolutionary Approach
	First Genetic Algorithm approach to Polyphonic Pitch Detection
	Moving from Polyphonic Pitch Detection to Automatic Music Transcription
	Automatic Music Transcription using Synthesized Instruments
	First Approach on Real Audio Recordings
	Reducing the Harmonic Overfitting
	Automatic Music Transcription of Multi-Timbral Music
	Genetic Algorithm Achieves State-of-the-Art Results

	Conclusion
	Acknowledgment
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Academy
    /AgencyFB-Bold
    /AgencyFB-Reg
    /Alba
    /AlbaMatter
    /AlbaSuper
    /Algerian
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /BabyKruffy
    /BaskOldFace
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BlackadderITC-Regular
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BradleyHandITC
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Castellar
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chick
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Croobie
    /CurlzMT
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversMT
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /EstrangeloEdessa
    /Fat
    /FelixTitlingMT
    /FootlightMTLight
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Freshbot
    /Frosty
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Gigi-Regular
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GlooGun
    /GloucesterMT-ExtraCondensed
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /Jenkinsv20
    /Jenkinsv20Thik
    /Jokerman-Regular
    /Jokewood
    /JuiceITC-Regular
    /Karat
    /Kartika
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /MaturaMTScriptCapitals
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MSOutlook
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /OCRAExtended
    /OldEnglishTextMT
    /Onyx
    /PalaceScriptMT
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Papyrus-Regular
    /Parchment-Regular
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /Playbill
    /Poornut
    /PoorRichard-Regular
    /Porkys
    /PorkysHeavy
    /Pristina-Regular
    /PussycatSassy
    /PussycatSnickers
    /Raavi
    /RageItalic
    /Ravie
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /ScriptMTBold
    /ShowcardGothic-Reg
    /Shruti
    /SnapITC-Regular
    /Square721BT-Roman
    /Stencil
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Vrinda
    /Webdings
    /WeltronUrban
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice




