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ABSTRACT
This study explores the integration of music and technology, illustrating their potential

to collaboratively push the boundaries of musical exploration. Despite traditionally being
viewed as unrelated, the combination of these two fields can significantly contribute to the
progress of musical development. This study uses advanced computational methods to build a
dataset filled with symbolic musical sequences that belong to a specific genre. This dataset is
shown to be highly accurate and provides a detailed analysis of frequencies when examined
closely, highlighting its quality and depth. We subject our dataset to comparative analysis with
the renowned MAESTRO dataset, employing chromagrams to examine audio signals, rhythms,

chords, solos, and note patterns in MIDI format through a variety of methods. This comparison
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underscores the superior quality of our sequences relative to those in the MAESTRO dataset,
emphasizing the meticulousness of our sequence creation process. Moreover, we conduct
internal evaluations of our dataset using both three-dimensional and two-dimensional
approaches to melody representation, confirming its viability for future scholarly work. This
effort seeks to enhance the music field by integrating computer science insights and
methodologies, expanding the scope for future music technology research. It highlights the
collaborative potential between musical creativity and technological advances in ongoing
studies.
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INTRODUCTION
Computer science, as one of the most important fields today, has many other connecting

and cooperating parts with which you can help create products that are very important for
humanity. A very important connection is also with the field of music, which plays a very big
role in our lives. Considering many points where music is expressed through sounds at different
frequencies and combinations, can give a very important signal to the human ear (Martineau
2008; Silla et al. 2017).

Musicians and composers who deal with these frequencies or their combination to
create melodic lines that are expressed through notes, create a unique combination referring to

a certain genre (Oore et al., 2018).

Considering that music is a field that is generally called art, it is also a very dimensional
field, taking into account many points without which it is not able to function and be called
music (Peterson et al., 2017). The dimensions without which a certain melodic line cannot be
expressed and cannot have a basic meaning are sound, timbre, and rhythm (Anand et al., 2020).
To give a basic meaning to a line you must have a solo, chords, and beat. These three sub-
dimensions are essential, they give the basic meaning, which can then be expressed through
other dimensions; the more dimensions are included in that combination of frequencies, the
more accurate and understandable it becomes by calling it complete (Hawthorne et al. 2021,
Chen et al. 2020).

Various techniques are used to achieve the accuracy of these dimensions, especially
these basic ones, without which it is impossible to properly express the meaning of that melody.

The accuracy of the note and the timbre of the frequency is the basic part, without which one
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cannot continue further by weaving it with precision into a unit of time, which is called rhythm
(Gatti et al. 2017; Briot 2021; Silla et al. 2017).

The creation of accurate melodic lines is the basis for continuing with experiments and
the use of different algorithms for the purpose of generation or composition or other analyses

that are intertwined in these two fields.

In this paper, we present an analysis aimed at understanding the importance of creating
accurate notes within a unit of time and comparing them with other melodic creations by
different composers, well executed by different instrumentalists. The topic is introduced with
the construction of an initial corpus with melodic lines that correspond to a unique genre. The
analysis is based on MIDI, which according to different authors is described as the most
efficient format for algorithms to work with, producing accurate and faster results. It is essential
to note that when working with MIDI, we are dealing with vector or symbolic data that consists
of only numbers with a specific frequency, which are readily inserted into computer programs.

Therefore, we are no longer working with “music” but with data.

RELATED WORK
Creating sequential symbolic notes is essential for accurate analysis and testing of audio

data. The authors (Gomez et al., 2015) extended their work on constructing guitar sequences
in the Flamenco genre. Their tests focused on modeling the frequencies of vocal contour and
pitch, yielding results of average accuracy. However, they encountered noticeable challenges
due to noise in the sequences. Another analysis based on musical dimensions was presented by
Kentaro Shibataa et al. (2021). In their work, the system focused primarily on two dimensions:
multi-pitch detection and rhythm quantization. The error rate in the processing and results is
estimated to be 7.1%. The system effectively maintains the regular order of note frequencies
and accurately places them within the rhythm. The dataset created in MIDI is highly important
for various analysis purposes, with symbolic sequences being the most utilized and combined.
This facilitates easier analysis, testing, and deriving results from different computer and
mathematical models (Qiugiang Kong et al., 2022; Kong et al., 2021; Nakamura et al., 2017).
Considering various analyses from numerous works and authors, the use of different datasets
is consistently based on the analysis of sequences constructed with MIDI. MIDI is one of the
primary tools that generates the most accurate frequencies compared to other instruments
(DuBreuil, 2020; Sarmento et al., 2023; Qiu et al., 2023; Colton, 2021). Other analyses with

piano datasets have been done, which, taking into account the chromagrams and constructions
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of pitch and note detection, have obtained good results considering that the sequential
construction of notes from other datasets is correct (Shih-Lun Wu et al. 2022; Xianchao Wu et
al. 2020; Sreetama Mukherjee et al. 2022). The analysis results with other sequential
construction instruments were not achieved in other works (Sarmento et al., 2023; 1. Barbancho
et al., 2012; Yu-Hua Chen et al., 2020), highlighting the difficulty in detecting sequential
grades without errors. Instruments like the guitar are used much less frequently because their
analysis results are not as desirable as those generated with piano-roll (Chris Donahue et al.,
2019).

DATA COLLECTION
The data we work with are MIDI files that make up our dataset and were created with

the help of music professionals. Analyses and comparisons are conducted using one of the
largest datasets of piano-roll MIDI sequences in mixed classical music, known as MAESTRO.
This dataset comprises approximately 200 hours of melodic lines (Curtis Hawthorne et al.,
2019). The sequences in our dataset were manually created using programs such as FL and
Logic, where the main goal was the accuracy of the frequency construction with this method.
We present all the results of the comparisons between our dataset and MAESTRO in the

"experimental results" section.

In this study, we will delve deeper into the symbolic or MIDI form of corpus
construction, focusing on data built for a specific genre with a unique combination of
frequencies. This symbolic structure was chosen for the melodic line building because it is the
best, most accurate, and most understandable format for construction. The symbolic sequences
can demonstrate the actual precision of the note in that each "staccato" - a division of the
frequency that expresses tonality and has a distinct meaning. It has been decided to construct
the first corpus in this genre that contains melodic lines as a feature lacking in other weaved
genres in MIDI format. Three fundamental dimensions are used in our corpus: solo, chords,
and rhythm. These dimensions are sufficient for both music professionals and listeners to
understand the meaning of a melodic line. We have performed one thousand melodic lines in
our genre under the guidance of expert musicians, all of which have been expressed with
remarkable accuracy. Every note in the melody has been the subject of additional observations
to produce the melody with the highest accuracy possible in terms of identifying the notes in
time and rhythm, without any noise expressed as frequency, because everything was done

directly and symbolically from the start.
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EXPERIMENTAL RESULTS
During the experiments, we see the results obtained through different analyses,

determining the importance of sequences, their placement, and timing in the most accurate
way, and then comparing the results with the large dataset of MAESTRO. The experiment
starts with the chromagram, where both our dataset in the form of an audio melodic line, and
another one from MAESTRO's were used as inputs. The other part includes the analysis of
chords and beats for our genre in two melodic lines and one of MAESTRO's. The analysis was
carried out between two lines in our dataset and then also with that of MAESTRO. The rest of
the analysis is done with a note-histogram for all the lines in our and MAESTRO's dataset.
Finally, the study’s findings were presented which show the clear difference in accuracy from

our dataset.

Chromagram Audio Analysis

The use of audio as input for analysis is done using the chromagram, which gives
signals as output of the use of frequencies per unit of time and showing the maintenance of a
frequency during a unit of time (N. Rosmawarni T. T et al. 2023; N. Rosmawarni T. T et al.
2023). In this chapter, we will present the experiments done and expressed graphically.
Chromagram is the main part of testing and comparing the main dimensions for audio where

the main purpose is the comparison between our dataset and Maestro expressed in frequencies.
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Figure 1. Chromagram analysis-audio signal in ethno-fusion genre.
When we use a technique called the Gaussian method for our first analysis, we focus

on something known as a chromagram. This is shown in the first figure. In this chromagram,

69



SEEU Review Volume 19 Issue 1, 2024

we can see the musical notes and how they change over time for a piece of music, which in this

case is a melody named 'Hymn', which is typical for our music genre.

In Figure 1, the left side represents the main notes that are used for this melodic line.
Below it, we notice the time and the beat, which are divided into equal parts to express the
speed of the beat of this line, which is a minute in length. On the right is the length of holding
a note, noting the point 0.0 which in this case the color “black’ shows that that note in that time
relation has not been played, and then going up to the point 1.0, to show the length of that note

in that time dependence that is kept the most.

When analyzing audio signals, it is important to know that no graph can perfectly
represent every sound from the music of any genre. This is because background noise, which
we capture alongside the music, might show up in our charts as if it was actual musical notes.
In the upper part, even though with an audio signal, we can see a pretty accurate sequence of
notes and their length concerning the beat, which is a comparative value in the case when we
analyze a melodic line from the MAESTRO dataset.
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Figure 2. Chromagram analysis-audio signal from MAESTRO dataset.

In our analysis, we use a chromagram to study how loud each note is during a specific
time or beat. This helps us understand which notes are played together and how they relate to
each other in terms of frequency—whether they are close to or far from one another. We are
looking at the music 'Canon in D' by Pachelbel, from the MAESTRO dataset, which is played
in the D key .

Based on the frequencies of the analysis shown in Figure 2, we can see a sequence of

main notes within those frequencies. Given that our genre includes more oriental elements and
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employs connecting additions that sometimes differ from other music genres, we will account
for these variations in our analysis. Due to this, the “legato” and “Arabic scale” parts are
missing, with which the use and extension of the notes become inseparable, they are presented
as the length of a note which changes gradually to connect two different frequencies. The figure
illustrating this scale shows that the note D# is rarely used. However, if a melodic line in the
note D existed within our genre, D# would be significantly more prominent, with its intensity

values on the right side being at least half or higher.

The division of notes made in the classical genre or MAESTRO's melodic lines is
mostly done with 'staccato’ and therefore from the figure we see more separated sequences of
frequencies represented in units of time, leading to the design and expression of these notes
close to the MIDI format. In contrast, it is much more difficult to resemble the separate notes

of our genre using the MIDI format.

On the other hand, we have observed that many notes have been recorded as noise in
the audio signal, which has resulted in great inaccuracies in the beat. We have also noticed that
notes which require intensity have been expressed as black color, this is something that is not

observed in our genre even though it is in an audio signal.

Solo, Chords, and Beats Analysis

The figures below illustrate the solo, chords, and rhythm as the three fundamental
dimensions in each melodic line. By examining the sequence and timing of the soloist
sequences, we can accurately divide the measure into correct parts based on the symbolic
frequencies provided by the two datasets. The primary reason for analyzing these dimensions
is their representation in the most accurate note frequency, MIDI, which is the core format of
our work. From dataset creation to analysis and comparison with other datasets in the same

format, MIDI serves as the foundational element.
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Figure 3. Solo, chords and beats analysis-symbolic sequence in ethno-fusion genre.

In the next analysis, we used the symbolic part, referring to the creation of melodic lines
in the most possible accurate way. Creating sounds with musical frequencies to generate a
melody by adding it to our dataset is done using the right equipment to generate the three main

dimensions that are the basis for giving meaning to that line.

We observe that the sounds are from "albulenaukaj," an artist in our genre. Our team
generated melodic lines for this artist, and then recreated them from scratch in symbolic form
or MIDI. According to the literature review, using piano sounds yields the most accurate
generation and results. In the figure above, we see the three main dimensions which are separate
or solo frequencies, the part of the chords that are formed at least by combining three notes,
and the tact or the part of the tempo to see the great accuracy of the placement of the notes.
Our analysis using MIDI signals reveals the specific positions and notes touched in this unique
genre. Each sequence is precisely placed within the given tempo. The chord sections (long
sequences) are maintained with high accuracy, matching the tempo exactly. The divisions are

clearly expressed below with numbers: 1, 2, 3, etc.

The melodic line played in A minor, which is also the main tone in our genre with a
tempo speed of 130 beats per minute and in the "Arabic" rhythm, has used the note B the most,
which can be expressed as A#, and that in the analysis of the chromagram we pointed out the

importance of the rotation of frequency cases within the genre.
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Figure 4. Solo and beats analysis-symbolic (without chords) sequence in the ethno-fusion genre.

From the results of Figure 2, we have an analysis made for some symbolic sequences

that we have realized for testing purposes. From the upper part, we notice that initially, the
results do not look like the example from our dataset, which was created in a very precise way.
The next part of the analysis involves the creation of the melodic line without using the chord
part. It is seen how the frequency content is presented only with the solo part (a separate part
of the sequences), which is played at the correct time. Still, since the part of the chords is
missing, we can say that we have a half-hearted music. It cannot even make sense, resulting in
this way that neither for the listener's ear nor for those who analyze the results, this combination
of frequencies makes no sense, it is very difficult to see what composers wanted to create.
Therefore, this part of the symbolic creation is prohibited in our work. To achieve accurate

results, all melodic lines must adhere to the three main dimensions.
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Figure 5. Solo, chords, and beats analysis-symbolic sequence from MAESTRO dataset.

In the analysis of one of MAESTRO's music that we have presented in this paper (we
are based on many melodic lines of this dataset), we see a big difference between the
frequencies of this genre and our genre. In essence, if the obtained result is analyzed, we will
notice an incorrect sequence of notes within the melodic line. This is due to several reasons.
Although the three main dimensions—solo, chord, and rhythm—have been considered, it is
observed that the rhythm, particularly in the section called "beat position,” is disordered. The
high notes do not maintain a consistent tempo, resulting in values that change chaotically over

different time intervals.

The other part of the analysis reveals that the chords and the solo are not properly
synchronized with each other, nor with the beat. According to our analysis, this happened for
several reasons. The first is that the transformation in the MIDI sequence is done by taking the
external noises in certain places, resulting in an expression in a certain note, for example, if the
combination of symbolic frequencies was supposed to be A-C-D, half of them resulted in small
sequence such as F# (F with a sharp), which is numbered as a note, confusing the sounds and
gradually losing control of the range of frequencies until the end. The second is that the playing
of these notes was done by different professionals who have been performing on the piano for

a long time, and then the possibility has been very high that in certain places we have small
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mistakes which, however, are not investigated by the public, it is observed in the community

part when we analyze the sequences.

Note Histogram Analysis
In the histogram score analysis part of our genre, we have dealt with all the created

melodic lines. The note histogram represents the notes that have been tapped or played on the
piano keys, showing how many times note has been played within all those melodic lines (Ali
C. Gedik, 2010). The main purpose of this analysis is the correct collection of the used notes
expressed in MIDI, which indicate the accuracy of the same notes from which the melodic lines

are mostly created in A minor.

Note Histogram with Piano Note Labels
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Figure 6. Note histogram in ethno-fusion genre and dataset.
The figure indicates that the most frequently used notes are those leading to A minor,
with the note B being particularly prominent. This note is consistently accurate across different

octaves.

Another great importance is the collection of submitted grades. In our dataset, 90% of
the melodic voices are played in the key of A minor and some even in A major. The tempo
used to create the sequences is 120-130 beats per minute. This note histogram shows precisely
that the collection of notes from all MIDI files are very close to each other, with this we
conclude the great and close accuracy of both the tempo and the melodic lines. This is of great
importance because any kind of analysis, generation, or work with this dataset results with
greater accuracy and much better results compared to the MAESTRO dataset where we are

making the comparisons.
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Note Histogram with Piano Note Labels
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Figure 7. Note the histogram in the MAESTRO dataset.

In the part of the note histogram from MAESTRO's dataset, we have notes that are used
in different octaves and tonalities, with which the range of notes is much expanded, compared
to our dataset.

This has to do with those frequencies that are classified as noise and it can be seen in
the analysis that they are presented in the form of some half notes, but some also in the form
of complete sequences. Another reason is that many artists have played numerous octaves and
tonalities on the piano, performing works by various composers. Most importantly, the beat
structure has continuously changed over time, which is a key factor considered in the analysis
above. Well, this part of the beat also comes in here because if a note was supposed to be played
2/4 within a time of 1 second, then if that tempo was not kept and the note exceeded the limit
of holding the pressed piano cork, it was read as another note within the next 1 second. The
difference is very big in terms of accuracy with our dataset, resulting in future analyses being

more accurate in terms of our genre and MAESTRO.

Minor and Major Scale
The other analysis includes an additional dimension: verifying whether the created

dataset was built correctly. This analysis supports our claim that a distinguishing feature of our
corpus is that while most melodic lines are in the minor scale, the major scale is also
prominently represented. This is proven in the sequential accuracy of the notes B and B
(minor), which are not combined with D# (sharp), to give the note of the major scale. This is
another reason for the accuracy of the dataset creation. Given that many of the world's hit songs
are composed in the minor scale, we utilized Key Analysis to verify the accuracy and

consistency of this scale in our dataset.
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Key Analysis Results for MIDI Dataset_Our Genre
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Figure 8. Minor and Major scale.

CONCLUSION
The intersection of computer science and music provides us with numerous

opportunities to develop and implement new ideas for enhancing the latter. In this study, we
recognize that the workspaces are vast, and making swift improvements or introducing new
innovations is challenging due to the complexity and multifaceted nature of noise. Addressing
this requires comprehensive efforts and continuous development in the future. Regarding this
work, we have brought a group of data in the form of symbolic or MIDI files of a specific genre
that is unique, with the aim of sequential analysis and frequencies expressed in MIDI. During

the analysis, we noticed different but correct results regarding our melodic lines.

The initial comparative analysis was conducted using a chromagram, comparing an
audio signal from our dataset with one from the MAESTRO dataset. From the analysis, we
noticed many differences in sequences, noise, and tact expressed in waveforms. Another
analysis was conducted on several melodic lines from our dataset and the MAESTRO dataset.
Only a few examples are presented in this paper for comparison. These examples showcase the
accuracy of note placement, chords, and tempo, with the three main dimensions of a melodic
line being considered. This precise representation is a crucial step for future works and
analyses. From the MAESTRO dataset, we have noticed many deficiencies and ambiguities in
the sequential presentation where we have given the description and the reasons in that part,

thus resulting in a very big difference in the beat as well.

The rest of the analysis was done with note-histogram, where we observed the
collection of notes in both datasets for all melodic lines. In the beginning, the notes prove that
our genre is unique, and the tonality and tempo are approximately the same in all the lines,
resulting in that close and accurate collection, giving us an advantage in continuing to create

other melodic sequences in this form. As for MAESTRO, we notice that the grades are very
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scattered and there is no determining grade such as in our dataset where B or A# has been
decisive regarding the tonality in A minor of our sequences. That distribution clearly shows
the lack of accuracy and the use of different tonalities, octaves, and beats, which not only
change from one to another but also change within a melodic line, which is strictly prohibited
according to music professionals, because when there is no foundation such as rhythm uniform,
then the change in time of the sequences creates turbulence and disrupts the balance of a group

of frequencies for which they give the meaning of musical continuity.
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